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Figure 1 Structure diagram of SRU-Former network model



%5 W

Iy 85 Rl I 25 R BA T M Transformer 1185 ik [B] % A1 4k 5 1k 139

PWC J& T BE 2% 3 oh 0 A A ] i3 4 A1 7 50, 4 L T
e BT 55, AT LA AT M A A A B 1Y A
CWC Bt iy ASHE IR F 4B 4yl s A4, 434
ZH N4 S AT 0 ST i BB PWC B 1x1 %
T, 32 R ool 0 A R 4

Y, =MX, +M'X,; (1)

Yl =M"X, UX,. . (2)
A MO g PWC B BURAE , A8 SO 40 450 R 2,
MM A X1 RS BRI AE L2 4
X, FUF RS X, 1 A F 4 BEROZ 5 B 15
PP LU B o 520 T o RE R 0.5, MR
M SEAHE S VORI YD AR 1R 4

Conv2D

1—-aF

Split Transform

fiEs+H1 U 405 AR SR LS F 4 S A

R T ik 25 YD i S R AR SO, AR SO A R
FHIEMS BBEE M Y, FRIEE BB M Yy HEEM
T T 2 SR BUAE UG A B 75 40 Ml 3 7 S 43
FRAE, X (3) ~ (5) FiR

Y, @Y, =1 (3)
Y;Vl@Y?z:Y‘”z; (4)
YUY =Y, (5)

BARTIE, YY) 78 F 488 FSF 245 %) 53 5
EEVRRAE Yo, A0 Yy, Y ALY, S UM Y, 5 Y, A
AR vy 5 vy, AmAaaE v R EE v
Y TE FYERE L UEAT PR AR B S S AR AE Y

YWl

Y

@
[

Spatiotemporal-Refined
Feature YW

ey |,

5

Reconstruct

@ Element-wise summation © Concatenation
2 SRU #EREH

Figure 2 SRU module structure

1.3 Poolformer &1k

ik RO 3 25 H &2 2%, RNN O RE A 31 P 51
Kt 18 5 B BE I 2% | M Transformer 4244 R 3% | T 1&
E BT P AL B, [, AR SCHE SRU-Former R 4% 1%
T () 4 i 2% F iR A % 2 18] @il & Transformer F 25 4
HE# Poolformer-2 LB BN R A K
B ¢ &, Poolformer 42 HIEH] T Transformer
A ) 32 BT PR e AR T AR R E T H TR
FIHLH B Token Mixer BLHt . 7E Token Mixer BBt [
PEHC b, B AL A 22 2 R PR AR i IS AR

Kl 3 N Poolformer # B &5 ¥y, W& 3 Frw,
Poolformer B 4 /¥ WAL /E 5 Token Mixer
B Mmoo % & Rk F N = E 8, T
SRE=WILIN VNIV 2 C xR pRE - WAL ¢
b2 T A ) A B S R s T
FERUA B2 TE BB Y i R RS M, B
=X (6) M (7) P .

Y = TokenMixer( Norm (X)) + X; (6)

Avg-Pool

—®
o

Tnput
B 3 Poolformer # &I 451
Figure 3 Poolformer model structure

Z =MLP(Norm(Y)) +Y, (7)
A : TokenMixer Jhy X4y AFFAE 42 Jay 3F 19 itb £k #2 4
FI0 235 SR PR 25 g A RS IR, XA B T A R A A
EAFE AR B2 H. 5 Norm S 20 0 — L #:4E ; MLP
ZJZIERAL, th P 2R A GELU 30 pR AU
B+ 7 R SR FERAE s X i ARRAE, Y A& 5
— IR EBHE i BRI Z O 2238 Poolformer
REAMLLE i A R AL 5 F AR B SR AR fR 1



140 PSP PN i 3 - S QRIS )

2025 4F

N BXFXHXW A28 - R HHES 4 4> Poolformer 12
Yo, A R TRCRNAE FOAERE (RS YRR ) B RE
TERRBE T .

# Poolformer Y% 5k & §iy A 2 f# 1% 28 0, 9F
H5 A5 2 A0 ) ok B R B3 OB AR BXTXCxHXW
FR T2 g | DR ASE D ) 0 i A R i 2 i 45 SR R

RS
2 LRERSHF

2.1 ZWEIEE

(CE i U E I W N =l NI 1 7 2 1 S
Kl d(a, ~a,)) RIETILHEILLE, T 31 892
AREAR 265 AR K i 8 B AEAS & DL PNG 4% 5K
FERE R IR 1], 2 S50 R 2019—2021 4F 4—9 A
Py B 23 M Y0 Fl A 116°18'E—121°57'E, 30°45'
N—35°20'N, #4 #f A 5 i ] (6] B 4 6 min, F{R
PR 480%560, KR 3 BREA KN
30 AW S AR AL 10 000 S AN T B 1Yk
G, R RS FRARAE A 8 42 % U 36 B 9 000 4 )7 7
TE RN ZREE AT 1 000 A7 51 7E AR 4, 10 i
R T4 A, 20 WK B w0

e IR I A A (WLIE 4 (b, ~ b)) B
WAL e HE, ORI E 40 000 MHEA TS,
243 PREIK AR B FEA R L PNG A% 2 AE6iff 1 K
JEP, FEREIE D 2017—2020 4E 6—9 H {7y, B 2
] 95 FEl R 120°51'E—122°12'E,30°40'N—31°53'N,, [&]
185 BEE N 460x460, T HEH 32 000 )7 FI1EH
YIZRLE T 4% 8 000 A JFFIE R I AE 10 Wik 22
T A B AR 9 6 min, J5 10 W7 F 35000, B i)
[ B 4 12 min,

3 /dBZ
0 10 15 20 25 30 35 40 45 50 55 60 65 70

B4 TIHREMEETESEHTERMEHETE

Figure 4 Example of the reflectivity mosaic of

doppler radar in Jiangsu Province and Shanghai City
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Abstract. Addressing the limitations of existing deep learning-based radar echo extrapolation algorithms in spatial-
temporal feature extraction and long-term dependency modeling, a novel SRU-Former model that integrated spatial-
temporal reconstruction unit (SRU) and Transformer was proposed for radar echo extrapolation. Firstly, a newly
designed SRU was introduced into the model’s encoder and decoder to extract fine-grained spatiotemporal features
from radar images via separation, transformation, and reconstruction. Secondly, a variant architecture model of
Transformer, Poolformer, was introduced between the encoder and decoder, using global average pooling to replace
the self-attention mechanism, thereby assisting the model in modeling highly dynamic radar sequences. Finally,
SRU-Former was trained and tested on two meteorological radar datasets from Jiangsu Province and Shanghai City,
respectively, and compared with current mainstream deep learning models. In the 2-hour extrapolation task, SRU-
Former achieved optimal values in four metrics; CSI, FAR, MSE, and SSIM. Specifically, CSI was improved by
0. 020 on the Jiangsu Province dataset and by 0. 048 on the Shanghai City dataset. Experimental results showed that
SRU-Former effectively improved model prediction accuracy, with more precise capture of strong echo regions and
clearer detail textures in later extrapolation stages.

Keywords: deep learning; radar echo extrapolation; Transformer; spatiotemporal reconstruction unit; global aver-

age pooling





