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nary artery stenosis is considered a major risk factor for CVD. Computed tomography angiography (CTA) has become one
of the widely used noninvasive imaging methods for coronary diagnosis due to its excellent image resolution. Clinically,
coronary artery segmentation is crucial for the diagnosis and quantification of coronary artery diseases. Coronary arteries are
characterized by their multibranching and tubular structures, with severe imbalance between foreground and background
classes. Traditional coronary artery segmentation networks based on convolutional neural networks experience difficulty in
modeling long-range dependencies between vessels, while Vision Transformer models are difficult to deploy in resource-
constrained real-world environments due to their high complexity. Recent studies have shown that state space models, such
as Mamba, can effectively model long-range dependencies while maintaining linear complexity. Method Given these rea-
sons, this study applies visual Mamba to coronary artery segmentation for the first time and proposes a two-stage coronary
artery segmentation method, called MDSVM-UNet++, based on multidirectional snake convolution (MDSConv) and visual
residual Mamba. MDSVM-UNet++ adopts a traditional encoder—decoder architecture. During the encoding stage, dynamic
snake convolution is used to replace traditional convolution to accurately capture the elongated and tortuous tubular struc-
ture features of the vessels, introducing deformable offsets into the convolution kernel and employing an iterative strategy to
prevent the model from deviating from the target while learning the deformable offsets, ensuring the continuity of attention.
In addition, an MDSConv layer is proposed to extract features from the three dimensions («x, y, z) of a 3D image, retaining
attention from multiple directions and further improving segmentation accuracy, allowing the model to focus more on slen-
der and complex tubular structures. During the decoding stage, an up-sampling decoder block based on residual visual
Mamba is designed to model long-range dependencies between vascular slices while maintaining linear complexity. This
block employs dense spatial pooling techniques to generate fine multi-scale contexts, first performing feature fusion by
using addition and then inputting the results into the residual visual Mamba layer for long-range dependency modeling, fol-
lowed by trilinear interpolation for up-sampling the feature maps. To achieve more accurate segmentation of small branch
vessels, a two-stage segmentation model is further proposed. During the first stage, the original CTA images are scaled
down to a size of 128 X 128 x 64, and then MDSVM-UNet++ is directly applied to segment the entire CTA image. The
results are used to guide the partitioning of the original image into a set of 64 X 64 X 64 voxel blocks, allowing the data to
contain more coronary artery information. Subsequently, the segmented data are re-inputted into the MDSVM-UNet++ net-
work for the second stage of segmentation, with all the segmented results merged at the end. This approach reduces false
positive points in the segmentation results while ensuring continuity and improving the smoothness of coronary arteries.
Result In the experimental section, we implemented the model by using the PyTorch framework and trained it on NVIDIA
GTX 3090. We selected 750 CTA images from the ImageCAS dataset as the training set, with the remaining 250 CTA
images used as validation and test sets. The first-stage segmentation network was trained for 25 epochs by using the Adam
optimizer with a learning rate of 0. 001. The second-stage segmentation network underwent 50 iterations, with the learning
rate decayed by a factor of 0. 1 at the 30th and 40th iterations. The Dice similarity coefficient (DSC) was used as the evalu-
ation metric, while the Hausdorff distance (HD) and average HD (AHD) served as auxiliary metrics. The experimental
results indicated that the proposed MDSVM-UNet++ method outperformed the latest baseline network, ImageCas, on the
ImageCAS dataset, achieving 5. 41% improvement in DSC, an increase of 8. 545 6 in HD, and an increase of 0. 809 3 in
AHD. Conclusion Given the tubular structural characteristics of coronary arteries, this study applies visual Mamba to coro-
nary artery segmentation for the first time, proposing a two-stage coronary artery segmentation method based on dynamic
snake convolution and visual residual Mamba. On the one hand, dynamic snake convolution is utilized to more accurately
capture vascular structural features. On the other hand, a decoding module based on visual residual Mamba is designed to
model long-range dependencies between vascular slices while maintaining linear complexity, ultimately achieving more
accurate coronary artery segmentation in resource-limited environments.

Key words: computed tomography angiography (CTA) ; coronary artery segmentation; two-stage split method; dynamic

snake convolution; state space model (SSM)
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1145 1& 5 (computed tomography angiography, CTA )
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1 MEXIE

1.1 BR3NAk5E

A543 # U HE TR B0 fok 73 FIAE B8 27 RIR 73 1
Wl E B CH AN . BB TR e R R
Sy RN Tz N B TR 2 2T Y IR B ko3
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work,, FCN) (Shelhamer %5 ,2017) i J7 12:3€ H 36 4-#|
TR Bk, K0 T HL AR A3 FON ALY v LA
H CT 5tk 8l ik 514 (computed tomography coronary
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Yu il Koltun (2016 ) £ 4 25 Tl & AR U7 ¥, BB AE &R
GG Z RJE BT U B TR 2sz B i [ g
PRFFRAE RS AN 4 i U3 B R G e v,
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S5 N (2017) 46 Hi , CNN 9 AR Bk [ 7 1 T L] 45
F X TR AL B AL JU AR AR 4 I AE AR [ A Sy BRPE . Oy
I, AT S AT AR HE 5 B (deformable convolution) £
AL AR R X 5t AL ( deformable ROT pooling ) , i
A EBS P G AR A BwRS i, JF N H FRAE 55 b
] 3ok 6 fi B e, J0 i A0S W B R AT SR 24 7 ' FA
VLA SRR . AR L B RE A A5 N AN [A] B A
LRSI (B AN A2 2% (0 AR 45 R4 PR 0 4 H
AR . Qi &N (2023) 7 B BB AR A5 M 1Y
FRORVE 42— Fh 3 & i & 7 % (dynamic
snake convolution, DSConv) , BE W% 4l $2 45 1K 45 4 45
fiE, 3 0 b T A A A 0 R A A . %07
BAEGERR P S| NE T WAL i, [R] I Ry By 1k AR 2 7
FI 27 > B I R A A A%, 5t — Rk AR, 4
A3 AL B B AR UCIE BT — WSS H bR, B PR
IR T THAE R G5 F 73 A HER %
L3 RKE=EER

DA Mamba A 48 58 B9 R 25 25 [A] 152 Y (state space
model, SSM) T by 4 G226 BUR 22 I 4 (CNN) A1 R
Y. Transformer (vision Transformer, ViT) [%) 5k K o= 4
XFo 3D R RIRI R BER & FEOE T VIT Jr ik
(TS S N DR R BV RE . S TR
KPR PR AL, Gu Al Dao(2023 ) #2 i1 Mamba, i
o B L o) AR A R B 12 R K e B AR G
F N m AR RCR . PR CIRER
T Mamba fEFHHLILGE IR . Liu 55 A (2024a)
e —FP L F Mamba [T UL R Swin-UMamba , H:
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Fhali Mamba B9 757 , F) FH 5% 22 9058 Mamba J2 75 2k P
T 8 B T RO 218 CRFAE , I X I 2 25 ()
M TR AR, DA IT L /U 8 2 0 S B 4
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FE LR A0 B T8 B0 A 1 TR s 6 R 0 R 44>
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Fig. 1  The architecture of the proposed two-stage coronary artery segmentation method
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Fig.2 Network framework ((a) MDSVM-UNet++; (b) RVM layer; (c¢) VSSM)
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R BRI LR AORER £ F) AT M
i B BRSO 1155 LRRORHERL(F, )./ (F)
FUP(F) 8 4 RS I R TR — U
BURME BT, )

X = fual S [ ). 7R (). (8] ) €5)

Ao, [ ] 3R R P #: /E ; GN (group normaliza-
tion ) A 21 IH — 4k ( Wu #1 He , 2018 ) , ReLU ( recti-
fied linear unit) & JF Z& M 05 oA B . = 4E WL £A
FEAE fl A A R YR JZE Y 3 A AR AL A S
& o5 HJR 2, AT 52 O I 4 By R AR

(EPSYS

i Conv3d }—{GroupNormJﬁ[ RelEl ]—

(DSCOI]V_X '—)[GroupNornﬁ—{ ReLU ]— =g

—@—)[ Conv3d '—)[GroupNorm’—)

‘ ’ Conv3d HBatchNormHDSCOnV _y]—{GroupNorm]—’[ ReLU ]—

[DSConv_z]—{GroupNorm]—’L ReLU ]—

K3 ZIrmigiEiz

Fig. 3 Multi-direction snake convolution layer
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H,L=HxWx D, W5, HRVMJZRH k25
5 B, 2 J5 ¥ R AE w55 35 37 8 I B R (C x
2,H,W,D) . BAKIME , RVM F FH 5% 22 % 42 F i 4%
K+ FE AT SRR R SIS LT,
UE— 51858 T SSM Y A4 2 (R AR RE o &l 2(b)
IR, 46 8 AR BEARAE &, e R RVM 2 Je 4T
JZ H—1k (layernorm , LN) , & Ji > FH A0 5 R 25 25 [1]
R (vision state-space module, VSSM) ffi 3K 75 [H] 4
FRAR S M Bl ), 7E 5% 25 0 1 b R o 3 I
s € R LAFRAS B 45 B 1k BE 5 5 X s 4 AE T 4
(C, H, W, D)JEIRAEE] Y, Lkt B Bk
V' = fral finlal)) + 5 x (6)
AP, LN £ RJZ T —1k, VSSM /R VSSHiHe . 7E it
Z )5 JRVM JZ 3R 5 — LayerNorm 369 —1k Y7, 3 H.
i P % 2 R0 Y Rl VR IR RE Y. b
R EAR
Vi = Fonpuinl fix (V) (7)

1, LN FERJZIH—1k, Projection FE R MM 54 .
VSSM 4 2 0 — 1k J5 I FRIE Wi e R 1E J ki
AL IER B R 2 A IR 4032 WnE 2(e) s o

TESS 153 3, VSSM i FH A 2 FRIE T 1E 3 3
A X C,H A A FORTIUE LHYEIEY R . B,
25 1 TR B 1] 43 25 46 R (depthwise separable convolu-
tion, DWConv) 1 SiLU (sigmoid linear unit) 3 7% bR
B, IR 2 SSMA LN JZ , e A1 BIRFIE W, 125 2
33 e A EE R R IR A SRR A % C,
PRI A SILU B RS BRFIE W, ), (]
Hadamard 3R 508 A BN 3 S RRAE , -3 18
S I C LA URAT S A W, R TRDE AR A S
W, Bl EAS

W, :fLN(fSSM(fSiLU(fDWCom(ij ;;;;;; (W ))))) (8)
W, :fSiLL(fLineur(Win)) (9)
V.. =fLineur(W1©W2) (10)

FCHT, Linear #/n 2142 , DWConv /R R & 1] 70 &
B R, SILU 2878 P R AL, SSM 7R 25 44 fh iR A =3
], LN /R 2 H—1k, © /R Hadamard Fe
2.3 fR#D2S

MDSVM-UNet++fi F I iR RVM 7E Jy g i isi e
g 3N RVMZ AT 143 x 3 x 3 EFUZE M
B, B, 2558 FL e RO V0 Sk [ Bk IR 3% % 1) B
H, P e RO R SR T A B0 0 H L R B
B IR E WP TRERL A SR E A RVM
JZ TP OR RS REAE ] B S 38 2 — 2 A R R X R
TEE AT FoRFE . G —A> RVM 2 fi th 20 B
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SR RAE P, . LRTEEEAN
P =fi( fon(F' + P)) (11)
P, = fo.(P) (12)
X, Up J ERAEIRAE , PRI S5 5 — 2 B H
Conv JEAFRAE
2.4 BRERERE
A SCAd FH Zhou 55 N (2020) 2 H 1) Bk K 3% 322 5
W B RAS B EAR 5 22 G  AS b T E
XL HLA R R AR B, DA T E 85 4l B2 AN [m] J2 1k
M5 UGS o FE B BRE 2 v (i %5 S B R RRAE
W 2 2 SRV E FE L A A i AR i . 2 BRBRE HE AL
TGN T W2 805 2k, RIINHE 7 T 4832 1L AE
W U RS o
2.5 ImKEE
% JE B EEAR BN K 7 B4 5577 A6 H 126 R
TF )R, H FH B4 38 U bR BOEASTE T 3 19
Bl BRI AR SCOR T 35 B fif P i 508 50O AT
17 1) B Y Dice loss (Li %5 ,2020) , LA 3B G A5 28U A 4y
Ao R Qi ) T S 2R 0 DA T £ 4 R (1
FUERPE . IS B B 43 %1 1 26 35 5% FH Dice loss 1
AR R, R B

2x|ANB
Dicezﬂ (13)
|A]+]|B]
Ly. = 1 = Dice (14)

o, A B 73531 37 BLSERR ZAH AR 5 A prediction
RIFT{E A5

3 LI AR TE(h

3.1 #HiE&E

XoF 3 TR B 2 > (1 e ok o O ok U, B
o JOT SR R T 114 R TR AR R R ) ) AR PE IR L
WA Y B4R 4 (Kinisli %5, 2013; Schaap %5,
2009) I EHRAEE >, o BIAA 8 WA 18 i EHGH T
Yk o WA, R EHOT P N FREE 4 2E1 7T
i ENTIEECRESH BB ARRR D k27
RAK o B, A 5256 i IMAGECAS £ 45 4£ (Zeng
25,2023 ) RAIPAG R A PERE . XA AR S T T A9
SER N ko F ) R R 42 thoR H 1000 44 B3
FEVE ] 128 2 XGRS 3K 19 3D CTA BSR4
o PRI CTA S, Rt 30%~40% B Bt ok,

60%~70% i Bt LA AR B AR 5 R 3l ik S, R
JSE R 512 x 512 x(206~275) K & SE W RN
0.29~0. 43 mm?, [i]#EH#7 0. 25~0. 45 mm, %5 i €114
Hh g A2 SR S kRN A TR S0 bk e R 42 T R B 2 gy
BRI bR g SR AT 28 IR UE o FEARTE AR — B
UL, 5 3 24 B AR AT AR T, O H e &S5 5 h 3
2 SR
3.2 LBNESEE

A S 6 R S8 F T Python3. 10 A1 PyTorch2. 1. 1-
cudall. 8 LI . Fr A SL4e &R FH T —~> NVIDIA
3090 GPU, N7} 24 GB. 325G, %% IMAGECAS
AR LE b 750 7 CTA BURAE Il 2R, H4 250 iR
CTA UG N IR ESE A AE . 58 1 B BeAY 43 #1 )
KNG T 255 , R Adam fEALER , %21 %4 0. 001,
552 B BEAY A E M5 25 T 50 %, IR FH Adam fI
A% TES 30 F1 40 YA LU IR 0. 1A L3R 5
R
3.3 iEfEIEER

X 24 SCHER I P i VP A 3 2R HH Dice 4101
H (Dice similarity coefficient, DSC) /E N 3FHr $5 #5 o
Dice FHALL R 50 32 B2 FH i £ 45 22 18] 9 AH (LR
B VS FEAE 0 f L 22 ), IR S i 2 R
(Hausdorff distance, HD) (Huttenlocher % , 1993) Fl
- #4 W £ K I B (average Hausdorff distance,
AHD)VE R4 B 4845 . Dice A 1Bl 22 B R 25 108 1A 43
) 25k SR AU, HD AT AHD AR 356 BH 23 50 50 B
HD FE T3,

H(A,B) = max(h(A,B),h(B,A))  (15)

h(A,B)=max{min||a—b||} (16)
acA beB

Ao, A SRR BR LSRR AR, B R R HU K15
AR RE A (A, B)FR AT BINEII Z REEES a b
I FEREIGIR RS A BT IBRMER,
3.4 MR

TEATY ol P 07 125 5 21 i e e ot BT AR 3l ik
o3 175 75 IMAGECAS Kl 48 1 A7 U4, f 4%
FCN (Lei %, 2020) . 3D U-Net (Cigek % ,2016) . TS
ConvGRU (tree-structured ConvGRU) (Kong 45 2020) .
GCN (Wolterink 4% , 2019) , 3D U-Net++ (Zhou %% ,
2018) .DSU-Net(synamic anake convolution UNet) (Qi
4 ,2023) | LightM-UNet (Liao 55 , 2024) | UltraLight
(Wu %5,2024) . SwinUnet ( Cao 55, 2022) 1 ImageCAS
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(a large-scale dataset and benchmark for coronary
artery segmentation ) ( Zeng %5 ,2023) .
3.4.1 —BrBen Uk

AL H ImageCAS FLRIAE R FEHERI Y, Image-
CAS A5 2 — > [ B e AR sl ok o AL, 26 1 B
Beffi I 3D U-Net 110 B 73 HIBE L 5 55 2 B B fdi
3D U-Net++AE B p BIRERL . (5% 1P, nl & A
55 1B B AR 303 ) 26 MDSVM-UNet++[1 Dice AH{L
F B TR ER 1 B Be A6 45 0. 026 1, 58 £
IR I RN V- 1 5 B 22 SR B O3 DA T R A AR A
55 LB BEAR bR 2. 003 2F10. 203 8, 5 HAb 7 ik 7
*F ., MDSVM-UNet++7E Dice bl 52 $OR1 -2 52
ZRIEE WG T R TERE . BSOS ERE T,
T fif 1% & v fil Ak 22 I 58 Mamba J2 , A% T Trans-
former, 4 KIEI/D , BRI SHR AR T DSUNet
T 2.3 M, SR 45 R R, Dice loss 41X F Focal
loss(Lin 45, 2017) AR IR Sl bk 73 IR BOR B4

&1 —HMBREMIBITGTEN
Table 1 Comparison of various segmentation

methods in one stage

Ty Loss  Dice HD AHD Param/M

L. 05755 42.8031 1.6885
FCN 20.0
L., 05573 37.0958 1.7619

L. 0.6599 31.1518 1.1167
3D U-Net 25.0
L., 06521 309527 1.1966

L. 0.6712 295178 1.0197
3D U-Net++ 275
0.6710 28.8714 0.9840

L. 0.6756 28.3684 0.943 4
DSU-Net 290
L., 0.6643 354624 09711

L. 0.6530 34.8181 1.0017

LightM-UNet 20.2
L., 06446 46.4927 1.2864

ocal

Ly. 05745 509597 14438
UltraLight 0.238
0.5672 67.1512 1.3475

L. 0.6723 31.8069 0.9270
SwinUnet 256.3
L. 0.6643 419588 1.2368

MDSVM-UNet++ La. 0-6860 29.1486 0.9129

(A30) I,

focal

26.7
0.6814 28.2412 0.9260

3.4.2  PIBTBLOr BT LR

PR BEAS R X 45 3 B 25 a3 2 s o AT
S — B Be o3 &1 07 ik i T P I B o3 31 07 1k 1Y
Dice ML R B FH 3K, 5 B MERL AL ImageCAS 4
Lt , Dice tHN R4k Sl 2 R IE 2 P-4 5 i 2 R BE
B3 TE 0. 054 1.8. 545 6 F10. 809 3. 645 R
SR PR B A3 E0 05 1k b — B B L o B i g
B X BT B B AR R R ER
A/ NRN BN R T A BRI 25 h 25 5y Bk
SCHEAE R, I ELXE T e IR 2l kX i SR T e ™
AP 225732 A5 ST ZUR U, BRL R B 2%
v AN BE I8 BAR 4 19 7 FIROCR o 78 B 4% 23 1 B9 LAl
= fHH MDSVM-UNet++HEA T R B 203, 32 5 50 1
SELRREEN R . NSCIREE R LA AR U A E 1Y

®2 FMBREFOEIT A
Table 2 Comparison of various segmentation methods in

two stages

Fik Loss Dice HD AHD Param/M

L. 07201 40.9693 3.068 6

3D U-Net 233
0.7183 32.7724 4.4687

L. 0.6878 30.3350 1.4336
TS ConvGRU 352
L. 06766 324501 1.5864

ocal

L. 07061 27.8718 1.2433
GCN 415
L., 0.6988 27.9970 14352

L. 07790 30.1524 0.909 2

DSU-Net 29
0.7720 36.4390 1.7171

L,. 0.8079 28.1864 0.948 8
LightM-UNet 5.5
L. 07848 285155 1.0054

L. 0.8082 29.6208 1.097 4
SwinUNet 256.3
L. 08012 282760 0.9625

Ly, 07950 - -
Wi B FCN -
focal - B -
ImageCAS Ly, 0.7824 363886 1.7116
27.6
(2024) Ly, 07748 36.1740 1.7261
MDSVM-UNet++ Lu.. 0.8365 27.8430 0.9023
26.7

(A30) L., 0.8210 27.5249 0.9199

E I P SRR 5 8 R AL 2

T L PR TR BR AR E R = R AR S
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T By R 2% e — B B Dice MR B ST E R
G RT-34 25 B 22 F R B 43 i $EFH 0. 150 5.1. 305 6
F0.010 6. 5B BL 44 BUR 28 W 28 48 SCR A Fi
oM, B 5256 B0 45 AN ) A0 8 S8 ik 17
PONEAS
3.5 HRRRIR

AT HTAR ST, L ImageCAS Ay kAR Y
TE IMAGECAS £l 4 b F ATl mhsc ger , 25 R n e 3
fiin o T LLE H, 51 A MDSConv i Dice AH Bl 2 %k .
S IR B P ZE i 2 9 B o 4 T 0. 041 7
8.837 1 /110. 807 0. 51 A RVM I} Dice ML %1 . 5%
iy 22 9 s M- 2 2 0 2 R B B 43 I T 0. 041 2.
8.780 4 F10.792 4, TEff FHEAABLHL Y JL Atk I, [H]
fif R DSC Fil RVM AR R 4% iF — 20 42 -1 g , Dice
FRABL 2R B8ORS 34 52 307 22 I BE 25 43 4 FF 0. 054 1 F
0. 809 3, F W] MDSConv I RVM #5% He ELA7 A1 B4 3t
YEM .

3 HEEXEER
Table 3 Ablation test results

Tk Dice HD AHD
Baseline 0.7824 363886 1.7116
Baseline + MDSConv 0.8241 275515 0.9046
Baseline + RVM 0.8236 27.6082 09192
Baseline + MDSConv + RVM  0.8365 27.8430  0.902 3

TE R IR R 4 91 e A2

3.6 MKREHX L

Dice loss I Focal loss J& # FHi& & ff DL 1y 55
S NS A ) R 1 A 5 O R RS, R TR B R A
Pt % o BRCE X6 S bR Bl ko R B, AR SR  Dice
loss Fll Focal loss F1 X X 1 5876 FUAS SCARL % 43 ) it A 7
TR, NF IME 2R, ATLLE W X AR SO
5, Dice loss IR 4,
3.7 HEILERARML

W A FoA AR BNk 53 %0 )5 12 R £ MDSVM-
UNet++ /7550 B ZS SR TRl B4k, 45 A an &l 4(b)—
(DR o %t He o #4500 i Se g i, vl LG
L BT MDSVM-UNet++ 5 B8 B0/ 1 25 5 45
B SH I A5, A3 BRI 5 i AT, oy i
PR B AR B — 2P

el A 01 B

ESNe

Z0 D

(a) JFAREIRS K CTA El%
C 3\ A2 £

(b) 3D U-Net

gg a2 15

(c) TS Conv-GRU

Y 43 o

(d) GCN

N
£)
)

3

e LA
Y s O &)
p 2 10 &)
Y 75 £o )
Y (212 )
Cy 2 10 &)

K4 ANlEJr i py Al AL o 45
Fig. 4 Visualization of segmentation results from
different methods( (a)original coronary artery CTA
images; (b)3D U-Net; (¢)TS Conv-GRU; (d)GCN;
(e)DSU-Net; (f)LightM-UNet; (g)SwinUnet ; (h)ImageCAS;
(i)MDSVM-UNet++; (j)ground truth)

4 & it

IR Bk ML T 2 43 4 1l 4 1 5 (CCTA)
rhER PR IUGEAR B0 BRI S B2 W e R 3 ke
Jpi (CAD) [y S 4514 . AT JE T CNN 19 5 4R 31 Jik
G380 7 R I B AORS OG 2R ) AR e A B AR A
g5 A H UG 1 SUE L 1T Transformer 119
D R R o T LA b TR, AR SO Y — bR
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2277 1) W T 26 BRI 5% 22 P58 Mamba (1) 7 B B2 6
Wk #rik . B, it T —F 205 sh e
T A BB 19 38 7 1 5 3 40 17 fA 477 14 1003 454
T PRERS A P A IR A5 A8 ORI s L, 3 1 R T3
5% 7% Mamba [ B8 FELRME R 2R T S0 T
LA ETD 7 TR AR R M O 2R A s B, 38—
B Bz AL AL 8 73 RIREZE gl 03 235 2R v i) B FH
PERL AR T T 0 B DK 83 L2 RIS W o A B
A TR AR AT T X0 LU SE B . SEBR s SRR,
ARICTTHEAE Dice A ZR K S8 20 I I 3 AP 2 5¢
Wi 22 R B S5 2 4aA5 LR T BLRAR T T
DSRERNGOUE AR T SRR EOR . SR, A
ORI TAEGERE T CNN (7125, S80I A ]
WARTE . RAHORFFA S PR RE T 2 — 2P AR
ZACiE [R] IPRE A AR 285 B PG b G 36 P 2 1 7
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