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Abstract
Severe convective weather, characterized by its abrupt onset and high localization often leads to
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significant losses. Accurate and real-time forecasting of such events is therefore great importance
for storm warnings, aviation operations, and the planning of large-scale gatherings. As a key tool for
predicting severe convective events, nowcasting of precipitation has attracted increasing attention
from meteorologists and researchers. Over the past several decades, most studies have relied on solv-
ing atmospheric dynamic equations through numerical weather prediction (NWP) methods. Although
this approach has achieved notable progress, its application in short-term forecasting remains chal-
lenging due to the intensive computational demands and the complexity of solving these equations. In
recent years, deep learning techniques, such as self-attention mechanisms and diffusion models, have
been introduced to enhance forecasting performance. However, these models often suffer from exces-
sive parameter sizes and insufficient lightweight design, making it difficult to balance predictive ac-
curacy with computational efficiency. To address this issue, this study proposes an encoder-trans-
former-decoder architecture based on depthwise separable group convolution. The model focuses
on timely forecasting of convective precipitation associated with severe convective weather. Within
the architecture, multi-scale precipitation features are extracted through multiple layers of depth-
wise separable group convolutions, while a spatiotemporal fusion module integrates multi-level
features. Experiments conducted on the SEVIR dataset demonstrate that the proposed model out-
performs other baseline methods. Both quantitative and visualization results further confirm the
model’s effectiveness and practical value.
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1. 518

SEXF PR T IRAE A BACK TR SN L EAEST 2 —[1], FrfRxS Rl XA R 0~2 /N AR
RBUTIT R e 7 He 0 i 2 B [2] . Herb, s A P B SRR E S8 . R R IR AE, L 51 A (R R B
s B3 7K 22 Xk NSRAE A WA 77 22 A M) Jl ™ BB o eI AR A N BRI AR SR (B ZE A, wl it
AR 2 /NI P BNy ELRS A BB K TR, e ARl AR 7= o 254 A A5 40U ) 77 9 ik ok T A By S R 3 3
ZIHRBOR TS RGN TN IR BN T KERE 8] IEER, A A XTIRE kK
PEARRHARSR Y, RIS TR K

2. EXTIE
2.1 WEETHRA %

(RS T4k (Numerical Weather Prediction, NWP) 13 35 i [1] # 4} 4 (Radar Echo Extrapolation,
REE)M5i%, RITRIGIETHR PR EZ 7. NWP @ R KS0E 3 5 FE AR R IR R RS
B AT SEI IR AU Tid . 2RTT, BT U AR A SR SR i A i R OB g AR N 2R e 548, Mt
o S R4 NWP R AT T I Pk Ak [4]

REE AMKATE A IV EL R, 1o 2 5 10 D HScHfs ) I e e St R, I a8 i I s ER ks [l &l
Bigahasy, MEHIEE)REIEHATAME, MR AT I 18] 4 PR B 7K A0 A ISR EE . REE 1Y) 32 2241
BIETYHEEM. FEBER, HiesuEmmh it OfF MoK KRB s S, HIER R
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SRS IR S A I TR R R I [5] o HHA R BN MK R G0 A A B R, B 2SSk
PEB BRI, AR LA 58 i X SR Z AR 4K [6] - REE A5 3 AL 45 75 JA 1] 9 AF G PR 8775 (Tracking Ra-
dar Echoes by Correlation, TREC). J&ifitik, LAKLEREEEAT bk e b R FIR B 2 21 T i

XML G IR IE AL Gt REE (P AR IR PERIAR o B8 @i v S0AH SR K 5 1 [31 38 3% Hh AN R] [X 35k
BB 2 AAH G RECKR I € Bl R s R 2, EH T ZIREFEN RGN Pk HERRME R KIS
FEH, B TR 2L 0, RS B vl R, R R RBRPE[7]. Jeimtid M iE i v 5 5 ik (Rl 3
IR RBUE 2 R &, BEIE T PR R IR K S o SR, AP BRRZE, JFHAERL
F03 R S 1) 1 51 6 [ 345 A2 8]

22. BT REFINIEERIRS E

WAk, BB N LR ReBAR R K &, B BE I TVELE I B /K P s e I BRI 7. 5%
SRt A Bl A E REE J7VEAN[R], IR FE 2 =) 38 5 vy 380 o SR AR B2 2 ) B 7KV AR 1) 2 % 8 2R ALE, E 21 1)
KRR e AR L A J 05 T B A S 3510 3. Shi 25(2015) 14 YR HY B AR K46 1 12 M 4% (Convolutional Long
Short-Term Memory, ConvLSTM) [9], iZA ALK K5 #1242 M 4 (Long Short-Term Memory, LSTM) [10]5
GARBREAAS &, BRNS It $2 5 1K B3k (%) 725 B) 45 440 5 I TR AL SRR AE , A B /K I 3 Tl R e 1 i 1%
W5 KRBT FAE LR EEAT 19 St . AR SOR BB 1 B EE MR AE 70 A T8 TRIRA P& N 4%
(Recurrent Neural Network, RNN). #5:FH 412 i 2% (Convolutional Neural Network, CNN). &3 & J7 L (1)
WR28 | BT A 53 BT 10 I 285 L R A BB

TrajGRU [11]id3d 7 % 21 3 &R A5 M SRR ok B 2 B AP Reig s, HEs ek T
TR “HE” (Trajectory), MIMHL ConvLSTM RE SRS A HUASILL /K RGE IS Z) T 1A . PredRNN [12]38
I P RS R — I 2025800, EREMZS sy T BRI “mdEiE ", fetg E
BB RN AN A, RESETE T BRKTGREE ) XL T RNN BB R IR P OG22, BE
8 70 3 B Ak (R0 (0 g s e HME S, FRAE [ S P A — S5O Tty T A b AR . 2T, Pl T A
RAGEMI . TFEIFAEIR, RNN 28BN 7E I 2Rl 2 25 5y H IIRH P ¥ R JE R e 558 1) [ 1.3]

SimVP [14]R H AR G5 M0 ) b 3 - AR 428 - MRID AR HESE , 7 ORKE— & TIUNDKS FE i [E] I
BEW TR SRR IFIRTT TSR . STConvS2S [15]5E Rt S B 5 B 551 4%, il 5
FEAZ A R 25 () 2 AR [ AR PR 43, 49 ol A 3 2 () S5 ) TR AR O 22, AT B i 17 Il Tk 045
SR, BT B M R LA HES T LB MERR, B0 T AFEERIZES WA E FER,
FEIRIERESZIR . AHELZ R, R ANUHEI RS A AR UC R, LR EHE RIERHE, JEE
KERIBEEREE, NS ZERT T ks TE[16].

Rainformer [17]R H4mid s ——Midas 4504, W3EET % N1 £ Sk BER J1(Window-based Multi-head
Self-Attention, W-MSA). F#07 & 1% 3k [ 93 & 77 (Shifted Window-based Multi-head Self-Attention, SW-
MSA) LA Jz 25 F ey 2 /4 (Convolutional Block Attention Module, CBAM) [18]/H45 4, <23 1 44 A4
MER B A 5= J1BL. LPT-QPN [19]#8H T —F R A\ £ /2 Transformer [14mtd 45— A HELE,
I AE R BB SIS ——3 U, TN S SR B AR . (AR, Transformer i) H
RN T ZE P H A A B 2 R A O, At E R RN o(NZ), Hor N AP HIKEE . R,
TEARFR 5 o Fe L KB 7 (00 T 0K 013 BT, 25 i3S AT TS EK, ARl 45 i St B A [20]

AFNORet [21]5] A b {8 HLiH-35 ¥ (Fast Fourier Transform, FFT)Z3 4t F /K FEAE Stk o (K45 4E . FIT
[22][FIFEFI A FRT H BG4 il ST Re s TN AH S R 4, JFiE i e S R . A
PRAA IR TSGR A BT 14 50k JE S 45 ) 00038l e ) R e P e, ELI b 7 v R IR 2 1 95 B [ 5
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AL RE SIS AR . 2R TT N 2 R AR A AR SR AL ORI UL A, (BRI S S AR etk
R TT T AFAE — € SR PR

Prediff [23]K5 4 B AL 5 RIS A LIRSS £, S 1 Il Bk Ik (K HE i vk 5 9 B — E ik - DiffCast
[2417E 5 HIHESL sp S NBRZENLA],  DAZRARAL SEd U R A A B A 2% I 25 a0l RE BE AL S5 40719 25 2k
e RV BB RE A S I RE e e R AL S, (HILUN SRR R HEBR P e, KRR 1 3L
FESERRAL S5 R -

N HE— SR T PN FE T PR Y S FE , AR 1 — i TR T 7 B G AR IR L 2 ST R
ZMAAE SEVIR Bl BRI SCIR 25 RAR W], ARBCT AR, prif ikt — B3R Tt 1 I Pk T i i
Wk, JFESEE BT ORIRHIR . AHTFE R B 5 S A I K Bl P I S SR 63t 17 opr it R, A7
B FHEZ U R SR e 5 583

3. ARFAZ*
3.1 EEENX

I 320 AR R A0 A — Ff i 784 ) 7 %1 ) 7 1) (Sequience-to-Sequence, Seq2Seq) Tl 1] f[22] » £ 3T 5 ik [f]
W AMHERIGAT TR A, R OPRERAE T Qo ar AR 7 5t [0 30k >R S0 A5 mT 68 P A R (B8 7 471 o 12 I A 5
T BRI AL R BRI 2 R ANE SRR o R WTBUE NI SE S H M, 5 BARR AR il i) Rk B
FRmie 255 X, e REMY FoRMATH %) t REFN W ILR, HA Co He W A RIRERIEEL. mEM5
B, X ={Xg, -, Xy} e RECPVET FIRERITESHITFH, Y ={X,, -+ Xpuna} € RV T 45
KFRAK BT Ho B FoRALRKN, m 5 n S RRRBNTI S TSI A, fEAR S
m=5, n=20, RIAEE 5 MWi(25 k) i ik BB Ak A K 20 Mi(100 380 ) 1 F A B P41 . BRI, 10
L FRARAT 55 BRI A 2R

Vzamnmx¢KY|X) (1)
Y

v, ¥ RORTHRH AT AT, P R AR I B
3.2. ML

ASCimid ¢ DSGC-PN (Depthwise Separable Group Convolution Network for Precipitation Nowcasting)
PR AT /KR o 1258 R S A B T 0 (B AR AT 70 R Gt 40 55 RS AR AN TTT S EAT I T o
H et s 1R,

HAE, AE TS X BEAT n AL 1 x 1 B BERAE, YIRS O BN SRR SR L. B
Ja BEHER IR 2 18] AR SR BEAT 78 70 1) 2 SR R AEAR . fiJim, A P A 208 i L il RARF A3 iR [
EpN N2
3.3. YmhBss

G as 1 N, DMELHES A, FMREIEE T 3x3EM. RH—M(LN). n MK 1x 15
N GELU Bl BB A SR 22 4%, i a0t SR 06 75 K RN BEAT T SURFIE SR I, ) S i dnitt — Dy
AEFRHLSAR R . ghdas B8 TARRAE AT U A )M A K EB)KRER .

X=Egp = . conv(LN(Convad(X ))) 0
X; = GELU(GN (GELU(LN(x))+ Ey, )) 3)
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ASCAER 3 x 3 BAUS N FH1 X BEAT 38 B K A ER B O8R4 2, BEAS A n MIRSZA 1 x 1
GABEATANFETT [ R AR 3R, BE 51N LN SRR 22 AT B e A I B SAFAE X,

X N, ’ X 2 X Ng
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X e REXTXCXHXW 7e RBxT’xCxHxW

Figure 1. Diagram of the DSGC-PN
[&] 1. DSGC-PN Z5# &

3.4, ¥R

Rt as R IRNZH0 X 5 PR R AR SC o B = MO AL R 22 20 SR W] 70 B2
BHWE(M-DSGC) M If1 2 ZURFHEAS TS HL(BMFC) LA S IR AIE Rl A BEH (WFF) o B AEAE X, RV
T X S AT AL AR, AT S BTk = v R A AE R L
341 ZBRTEREASTEEER

295 SV FE A] 73 B 41 3545 (Multi-Branch Depthwise Separable Group Convolution, M-DSGC){ & DSGC-
PN IR DA, &R R SR PR KB (1) 45 5 R R IE o IR bR 22 26 AT 20 SCH AR, 9% 0 32
LS WA BE 1] 43 25 245 FR (Depthwise Separable Convolution, DSC). 2 J3—4k(Group Normalization))Z LA
S GELU i ek . RLEE R an 5] 2 Fros .
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Figure 2. Architecture of the DSGC
2. DSGC &4

7E DSGC R N &, FRATRE S DSC H (1935 15,6 #H (Pointwise Convolution) 17 T 7 4 ckidk: 7EiliE
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U R _EASRFAER > 9 T T (IR A =AM E), IR A T ST RATIE G RIS R, T sE s 4
BRI 12T RENS FE DRI AL FIK B8 0 (1 [R) I 2 35 /Dt S . i O TE IR A A AL B, AR
BAERLOIFATHAT, AT BERTH AR R T SRR S Il gk L [25] . IZACBERAE AN 3 For .

Pointwise Convolution Grouped Pointwise Convolution
~
\
~o
- SN
S~ M
N \\ \
v
(7 ﬁ%
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Figure 3. Graphical processes for pointwise convolution in DSC (left) and grouped pointwise convolution in DSGC (right)
[&] 3. DSC HMZE M EFRITFE (L) S DSGC R EER R EF(R)

TEJ54h DSC HIE s B RS SIEFE T, BTG S N R AR 380 75 20 3o 6ok 7 368 128 K0 8 10 1 I8 S b B A T DA
BT ARRAE X — IR AR PR E ) IR RE ) . CEAAR BT, BATR N RRIE R 5 2 N REIE AL (B
SHALE 3 AVRRME), JEIE X IX 2 fS KT AR AE S A T e 2 (1 3R 5 A BB AR (40 (i 2 ) SR A 4t
fiE. AR@)NFASFEFTF ST L

1x1xM x N pointwise convolution
pointuise = {1x1><3>< N  grouped pointwise convolution

(4)

XA HRRA BB TR B RERS LR BE A HH L S BRI ) R IR A28 1) SR D A 3IM

34.2. WEAZSRIHEX EIRR

N AR AN [ J2 R AL 18] 845 S AN T8 ), AR SC¥eih 1 an i 4 B X 1) 25 9004 A A8 B AR B
(Bidirectional Multi-Level Feature Communication module, BMFC). KT & , fERI A, FA PR ARIE X,
FESBIEYESE E UL C g 11N RNBEAT FHIARFE T #], #5817 N ASTH, o Cy FOREEGEUZ 4R . LA
H—EN0, FEAEA TP, 520 B TRAMAER L, 4 M-DSGC 2124, .
B JE BT R E RS B R, 0@ M-DSGC 1331, . WUGEAEHItH r, HAREEAIEHR AR .

M R P 5 SR 22 57 s0F RsAt 1 2 RRFE RO, fEE TR AT SRS DL N 78 7 3
TR /K 42 JR) G5 R RFAE

3.4.3. IMBFHERM G R T

N TX BMFC 2 Bt ATl G, A SCHEH T IMBURHIE fl& 5.t (Weighted Feature Fusion Unit,
WFFU). 1% el i — 2 REEE A I — M W1 EBCE I SO ZZ AR A Y, w2, W7
IBUE FIRHEFEAT RIS B e 28 i o 2 R ] LA AR (B) R R .

N¢

Xyveru = z Ci X Xu _psac; 5)

i=1

Hob, %y osae, % BMEC g i 2. ¢ BIAIZEM R BLE
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Figure 4. Schematic diagram of BMFC feature interaction
4. BMFC $HEX EREE

3.5. fRELES

AT L G AL AR R R, BR TR E B 26] S, HAREREY 5D a Rl sAh, A
G as A% Y By, AR AR X, o, ZIAMEFT TR RO AR E I SRt R .

4. SKWERG R

NEEAE DSGC-PN HIH &M, A CHE SEVIR Fi#E4E L 5 H AR AT T X bhses. 45L& 8, DSGC-
PN 7£ SEVIR FHUS T a4 1 vERE, TR 7S it — 5 E e 7 AR B H 1 A BV

4.1, BHRENAB

SEVIR (REF M EIR) [271 54 wHE 10,000 2N KA F M, FAFEER 4 /N A 384 km x 384
km 2 B X IR AR EIGEH RS KER(VIL) T4, ZT5%EH 20,393 NMEKFEMHMR, 2S5
HE2 N 384 km x 384 km, B [H] 0 #EZ 5 438l Bz T 2110 ISR L (3L 35,718 TR K EE), KiFdE
(3% 9060 Mg 2K FE ) Pl £ (3L 12,159 ME A B2 1)

4.2. KERE

A SCAE NGB BOks [ 9% R4 i A K /N A 128 x 128, #i N\ 5 il A<k 20 wi, LA PyTorch 1.13.1 A1l
PyTorch-Lightning 2.2.0 /E BRI SEIAESE . ARSI R batch size B M 16, % %48 100 %, F4% 20
e, AR AdamW (F)465 21 2 0.001) [28], FF KR IZIR K HHE . AR A T7 12 22(MSE) AT K iR
e, INgRid B ORAF IR SR b CSI AL AR RSAC F T4 . % EEAR AL 045 ConvLSTM. SmaAt-UNet.
LPT-QPN. Rainformer 1 SimVP.

4.3. T EHR

AR AGAR 5 RGP fa R AT R R BE AL, IFS 5 [29] 5 BAK T HIE 16, 74, 133, 160,
181, 219. S IFALFEFR K H I S5 Th ¥ % (Critical Success Index, CSI). 4 i #E % (Probability of Detection,
POD) LA Jz {2 743 (BIAS) K f 2 T M R e R P . CSI 55 POD 7E 0~1 2 ], B 26 /n R SRk fEAff
BIAS &5°T 1 F/nofmZE T, RBOR .

T EFRRR RIS SR, FRATR A TI0 [E1 Bk m B KT K BEAE, WA BARERE K (brid N 1), Rz
N 0o 3TN UG S E AL EHE PR IR R A TP = (SE =1, T =1), FP=(E5 =0, Tl =1), TN
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= (HSE =0, H =0), FN=(HE =1, Bl =0). PR SRIEbRRmR A 02 5(6)~@) .

P
- (6)
TP+FN+FP
POD=_'" @)
TP+FN
Biag. TP+FP @
TP+FN

eAh, K H¥ 757 1% 2 (Mean Squared Error, MSE). P35 4%} 1% 2% (Mean Absolute Error, MAE) K /iy & 1%
RYR TN A A A ot 57 ThT R I ﬂﬁ%ﬁ‘]%)‘(ﬁﬂ/\ﬁ(gﬁﬂ(m)ﬁﬁ%

MSE_ ( hw w) (9)

h=1 w=1

H W

MAE =

- ‘ (10)
h =1 w=1

ot HOFI W 5 B ik BRI 2 I 4, Y fnY ﬁ\%ﬂﬁ?iﬂﬁi%ﬂﬁ@ﬁ?ﬂ” MAE i & 400 0} i i 72 5%,

MSE 58 i ~F 75 17 22 DL SRR W 22 o BB /N VERE R AT . IX S4B bR I 45 648 F Be 0 4 T VP AL A R AE

I3 35 B 7K T R A PR e R I

4.4, LIHERENTTEE

TEXTLE i, S AUTE SEVIR HE4E ERIRIL W 1 s (545 R LR AR bRiE) . DSGC-PN 1Efir
AV TERR B3I RALYERE . CSI ER TR B HAE PR /K 2 18] 70 A Tl _E SRS, POD 42 iy 7= Tt
R X 5 S5 —3, 1 MSE 5 MAE 1R B U Tt 5 B SAE AR 3R 22 7 W3 4 o

HAKIMF, DSGC-PN 7EHI{E 16 N[ CSIIA 0.76, HIRARAA SmaAt-UNet #27F 11.76%. RE i
PR CSI B B A48 K5 LR & R %, {2 DSGC-PN FIFER RS R B A 0.50, LT SmaAt-UNet [
0.61. fEMZIHEIME 219 ~, DSGC-PN J CSI 24 Rainformer [#) 3.05 ff. POD iEbr[FIFELILIE L, 7E B
16 IiA% 0.92, #: LPT-QPN #27+ 1.09%, 7 I{H 219 i 54 Rainformer [f] 2.67 fi%. PiIiaHs1-TIMH
(CSI_mean 5 POD_mean)3Jit—5GE T DSGC-PN (14 et S50k

I, 2 18R 7 A A S H00 /N . DSGC-PN DL 1.5M AR S50 N T A R AL vh 24
RIS, ORI T AR R R .

Table 1. Quantitative evaluation results of different models at various thresholds

=1 TPRIERAETERETHEN SR

ConvLSTM LPT-QPN Rainformer SimVP SmaAt-UNet DSGC-PN
CSI_mean? 0.3173 0.3214 0.3398 0.3371 0.3314 0.4867
CSI_161 0.6671 0.6557 0.6815 0.6831 0.6834 0.7649
CSI_741 0.5970 0.6025 0.6033 0.5932 0.5954 0.7048
CSI_1331 0.3003 0.3003 0.3136 0.3136 0.3051 0.4609
CSI_16071 0.1668 0.1749 0.1965 0.1999 0.1884 0.3778
CSI_1811 0.1212 0.1285 0.1580 0.1535 0.1424 0.3789
CSI_21971 0.0502 0.0667 0.0862 0.0790 0.0736 0.2629

DOI: 10.12677/csa.2025.1511296 192 TFEARY 5N H


https://doi.org/10.12677/csa.2025.1511296

POD_mean?t 0.4019 0.4062 0.4193 0.4178 0.4087 0.5923
POD_1671 0.9029 0.9138 0.8899 0.8785 0.8758 0.9251
POD_741 0.7474 0.7374 0.7373 0.7192 0.7334 0.8293
POD_1331 0.3946 0.3822 0.4019 0.4167 0.3935 0.5900
POD_1601 0.1828 0.1947 0.2223 0.2359 0.2165 0.4595
POD_1811 0.1303 0.1379 0.1742 0.1711 0.1552 0.4152
POD_2191 0.0521 0.0709 0.0942 0.0855 0.0783 0.3349
MSE (1073) 5.8404 5.6200 5.4985 5.7266 5.7701 3.3839
MAE (107%) 36.1031 36.8421 34.665 34.4505 34.2323 25.7876

Parameters (M) 15.3669 4.6367 179.8109 13.5951 4.0337 1.5756

4.5. ATHRILIIEL

NS B 7R A AR R AR R L, B TAE T B ALk B — AR AR (10 3 A [ R AT AT AL JE s
JEZREERANE 5 Fron . SB—AT 9N 5 Wipi AR I, R AT NIRK 20 (100 73 B I SE A R,
FAT LRI BRI TS5 R . A LE AR, DSGC-PN £E BN TN i B Py R HERf il 3 F K
R SEAT S, WK, Ty weroim e R K R TR A5 R B e e e o B I () A2, DSGC-
PN 5B OR TR I AR [l 2 4, i LA A Rt t B 1 PR AR B LR

-20 min -15min  -10 min -5 min 0 min

Input

+40 min

CSTN-PN SmaAt-UNet SimVP Rainformer LPT-QPN ConvLSTM GroundTruth

Figure 5. Visual comparison of all models
E 5. FrARERMEXTEE

DOI: 10.12677/csa.2025.1511296 193 TFEARY 5N H


https://doi.org/10.12677/csa.2025.1511296

KR 55
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Table 2. Ablation study results
2 2. JHRL LGNS EE LA R

Ablation Baseline NO_Encoder NO_M-DEGC NO_BMFU NO_WFFU NO_Decoder
Csl 0.4867 0.4535 0.4552 0.4654 0.4734 0.3442
POD? 0.5923 0.5499 0.5598 0.5901 0.5803 0.7383
MSE (1073) 3.3839 3.6132 3.9360 4.0862 3.6021 5.1166
MAE (107%) 25.7876 26.7030 28.0716 28.8306 25.8752 35.7023

FEJH RS, “NO_Encoder” FonBirgmidai bl 1 x 1 BRE RIS R, HAA B ER
Ble 2 2 A REIR, KERE— R FIT o SRR T I, A SRS a8 AT DL B W] .
REEGZAY DSGC-PN KA AR AL BLTE, S S 32 I 2 245 B /i i ad i R AT I8 5

5. ZRSRE

ASCHEH ) DSGC-PN RS F ghith - B4 - R4 by, 303 IR 5 ] 0 B8 46 R S I 22 R A 42
B, FE5INZ R AL A MU DR T FRAS B . 7€ SEVIR $dE4E |, MK S, DSGC-PN [f) CSI {Hik
$0.4867, HLHAMBBIAYF-I5ETE 14 47.66% (HTHUE FEI1E 43%%) 53%2 [[]). XK W] DSGC-PN 7E iRk 2
R ARG AT, AT RSB IG RN, SECH 0 TN S5 T se R s A . Rk
WK S5 S PRI SRS, DAE— D3R TR BTN () & B S5 FE — B .
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