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Abstract: The development of deep learning technology invites most research to consider short-term precipitation
nowcasting as a prediction task })f radar echo sequences. Due to the nonlinear spatiotemporal transformations involved in
the complexity of precipitation, existing short-term nowcasting methods have problems such as low accuracy, short
extrapolation time, and difficulty in dealing with complex nonlinear spatiotemporal transformations. To address these
issues, this study proposes an S-UNet short-term precipitation forecasting network based on U-Net and LSTM. Firstly, the
study introduces the S-UNet layer (SL) module to help the network better extract radar sequence features and construct
the overall trend of spatiotemporal changes, thereby improving the network efficiency and increasing the extrapolation
duration. Secondly, to better address the complexity of radar echo deformation, accumulation, and dissipation, and to

enhance the network’s ability to capture complex spatial relationships and simulate movement trajectories, this study

@ YRR E): 2024-05-07; &I H]: 2024-05-29; SR E]: 2024-06-04; csa 72k HifR I [8]: 2024-09-27
CNKI %% & K I ] 2024-10-08

48 %it+ZfiA Special Issue

© EREERREST  hup/iwww.c-s-a.org.en


mailto:jldu@nuist.edu.cn
http://www.c-s-a.org.cn/1003-3254/9683.html
http://www.c-s-a.org.cn/1003-3254/9683.html
http://www.c-s-a.org.cn/1003-3254/9683.html
http://www.c-s-a.org.cn/1003-3254/9683.html
http://www.c-s-a.org.cn/1003-3254/9683.html
http://www.c-s-a.org.cn/1003-3254/9683.html
http://www.c-s-a.org.cn/1003-3254/9683.html
http://www.c-s-a.org.cn/1003-3254/9683.html
mailto:cas@iscas.ac.cn
http://doi.org/10.15888/j.cnki.csa.009683
https://cstr.cn/32024.14.csa.009683
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F 5334 111 FEN R SN H

http://www.c-s-a.org.cn

constructs the radar feature (RF) module based on LSTM. Finally, by combining the SL module and the RF module with
the U-Net framework, the S-UNet short-term precipitation nowcasting network is proposed, achieving remarkable
performance on the KNMI dataset. Experimental results show that, compared with the mainstream methods, on the
KNMI’s NL-50 and NL-20 datasets, the proposed method improves the Heidke skill score (HSS) and critical success
index (CSI) by 5.25% (6.57%) and 2.17% (4.75%) respectively, reaching 0.30(0.29) and 0.72(0.58); the accuracy
increases by 2.10% (1.35%), reaching 0.80 (0.80); and the false acceptance rate decreases by 4.27% (1.80%), dropping to
0.24 (0.38). Additionally, the effectiveness of the proposed modules and their combination methods are verified through

ablation experiments.

Key words: short-term precipitation forecasting; U-Net; LSTM; deep learning; radar echo
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FHL A R B A A S 36 R . T 2 T LU Y, 2T
RNN 47 : ConvLSTM. PredRNN FIi it 25 5 /i 22,
B H A I A B (Recall) 7 & 7 78 5 51 0 o 72
SRR O R E B AT CNN RIBE R CNN 704 531 2 T U-Neet 9B 70 75 35 32k [0 98 T 0
SimVP [JFRIUAN 8 2, (HAHE T2+ RNN IR, S I

F 2 BAETIERIESE NL-50 EAx) bhgs R

H MSE. RMSE. Precision 2487 B4 W B 1127,
5 SimVP AR 45 B4 EL 4%, Swin-UNet. U-Net.
S-UNet 76 Z TR 1 fg E#E# T SimVP, B8 T

FETY MSE| RMSE| Precision? Recallf Accuracy? F11 csn FAR)| HSSY
ConvLSTM 0.6730 1539.7199 0.5521 0.9991 0.5527 0.7112 0.5518 0.4478 0.0019
PredRNN 0.5516 1262.0969 0.6546 0.9442 0.6947 0.7732 0.6303 0.3453 0.1751
SimVP 0.4871 11143856 0.7075 0.8719 0.7306 0.7811 0.6409 1§ 02924 0.2204
Swin-UNet 0.4376 1000.706 1 0.7405 0.9425 0.7863 0.8294 0.7085 % 0.2594 0.2770
U-Net 0.4466 1021.8882 0.7493 0.9161 0.7848 0.8244 0.7012 0.2506 0.2769
S-UNet 0.4371 1000.1035 0.7600 0.9385 0.8028 | 0.8399 0.7239 0.2399 0.2952

TEMRZE FH, A SCHT I S-UNet BLAYTE P GE
T T LY. o, /E MSE A RMSE i fn
5 Swin-UNet 341, I H €4, BoA &k ELRI G &=
81, R AL Swin-UNet # 5 SBT3, LK,
S-UNet 7£ Precision. “Accu‘rac-y P20 W =0 77N WS T e =8
fi A7), 445 Swin-UNet I U-Net. iX % B S-UNet 7E
P8 3 AT 55 BB % B viEAA HL U ) H b, R AR RE
(73 8] . B2 48, S-UNet [ FAR f845 A%, Mk &
BB AR5 A TR ) LG e A%, X 156 S-UNet
TE A 43 2 5 T B A 5y i e A P A AT S B,
S-UNet 7£ CSI F1 HSS fabr EHIRIAIR R H, X &k
# S-UNet fg i Ay st N 4 % 28, I BARX T REAL
TN, PR AR 1 1 R A

LA KA, S-UNet fEEME E . BUE»IE. 1k
TR S E AN A T B 7 56 7 AR I =, 72—

AMVERE AT AR 1 1. DRI RAE S 375 7, S-UNeet f&. |

—NEAR I R

1E NL-50 HiE 4 |, S-UNet BUE & HA00 LRI
(2 SR AN P 3 B, A BE A A M R, AR SO X
T H1PE 3 Ground truth FTI [ ST 1 B0 7R 3 [
BIE T H b, 28 BUST[A] 5 254 30 min. 60 min.
120 min #1 180 min () &4 500 45 5L AT /T R4k, AN
AL S5 AT W, 5 PredRNN. S-UNet. U-Net i E,
ConvLSTM. SimVP I Swin-UNet f il il 45 5 # 4k
BN RER . T B T B 0 B 0 R R 2k [ i 1
PredRNN. S-UNet. U-Net 3 HE/R & 3th 700 H 3% i
I8 I 7R Ok BT L, OF B F U-Net S H sy,
PredRNN 45 S-UNet /)70l KL A R UF 8 e, H
2 TR B 1] () 48 I, S-UNet %4 R B PredRNN Jif
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BB T A5 2% 5 00 £ DX 3SR 900 45 SRR r
B, X — fUAT DU 6 LG B 3 AR AN G T Ground
truth 1947 2350 43 (T PT LA . G855 H R AR T
D25 SRR A 56 Bl T DA SR 21, FRATT BT B8 HE A A
S-UNet AT DL#ER H TR0 H B R Y L, (HAE bE T s
5, LT BT TN () BN B AR XTI A 1), T S
BEARIAEVF 209 TAE CUS T AN R e, H 2 A5
I R AR SR B 15 B A e, LUk, AR SCHT A FH 0451 2% bR
H MSE 52 1m) T A SRARZS I P 3 Rk, e 173
— [ R

bz A, FATTEAE NL-20 HI%#E 4 X% S-UNet
M REHEAT T K. Wk 3 B, @%‘.NL-ZO B M 15
R ILAL T NL-50, S-UNet JURERL M RETS R T e
fi 5L 7Y, i‘zﬁzﬁ?ﬁ@ﬂﬁﬁﬁﬁﬁ%%lﬁﬁﬂﬁ%ﬁﬁ‘&%
AL B 9 A 7 AR 8 B8 Ly s 7 T S s 7
3.5 SHEASEIS

Btz Ak, T SRR IR SL £ X 2 Hh i AL
PERNFITHE H 1Y) RE BEEXS T 9045 1) S B TH AR, AL
BEAT TR RSEES. 5, AU 3 x3BFE SL
B, IR R Rk BRE B b RF BB, K SE B R
Baseline. H.I%, NIGIE RF B DL K ST AL T 5 ik
[ 35 TR (4 B 34, TNk 4 TR, ASCHE Baseline 154
45NN RF #53 (B-RF: Baseline with RF) }2 SL ##
Bt (B-SL: Baseline with SL). X} T Fr#2 Hi ) 3 M
Baseline. B-RF. B-SL, Wi 4 13 5 fioR, AR SCAEHL
PE4E NL-50 Al NL-20 23 047 T S2586.

AR R 4 FER 5 L0455, Baseline B4 U i
7, B-RF 1 B-SL 55645 B 8 7 B th ik Je 45
IR . B2k, SL B b iR TF 7 R A
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MSE. RMSE. Precision. Accuracy AKX HSS 5%, il P A AL B RE 7). BAEXS T3 4 F 9 4E NL-50 Ff7ll
W] 7 SL RBithAE A 2L ER ik B ERIIL . Rl iE MSE R, % 5 P RITE NL-20 30 S8 &, 1
A RMSE F52TF, M 36 B 1 B4 H s B S 78 T SL BEERAE SR i SRS A P77 T 1 g

Ground truth  ConvLSTM PredRNN SimVP S-UNet Swin-UNet U-Net
t_30min.......
hGOmin.......

2.5
1.5 g
£
v
0.5
=150 min
t_lsomin.......
K3 BTN A R Tk
K3 R BAERE SR NL-20 bIXT Hugh R > A
it MSE], RMSE| Precision} Recallt Accuracy? F11 csn ‘; FAR| HSSt
ConvLSTM 0.5621 1286.1499 0.5521 0.9991 0.5527 119 0. 5518 0.4478 0.0019
PredRNN 0.4859 1111.6235 0.4777 0.9043 0.6662 25 %' 0 4547 0.5222 0.1862
SimVP 0.4452 1018.6393 0.5053 0.8423 s .6976 0331 6+ 04616 0.4946 0.2006
Swin-UNet 0.4042 924.8497 0.5720 0.924 5’ . ‘76% 0.7067 0.5464 0.4279 0.2633
U-Net 0.4091 935.9190 0.6121 0.8618 707894 0.7158 0.5574 0.3878 0.2780
S-UNet 0.3939 901.2682 0.619 1 09113 0.8001 0.7373 0.5839 0.3808 0.2926
LW - N
. # 4 SUNet {EHHEH NL-50 | (93 S50 45
A MSE| N 'RMSE| Precisionf Recallf Accuracy? F17 csn FAR| HSS?
Baseline A 0.‘11‘70 1114.2388 0.6710 0.8944 0.7997 0.7667 0.6217 0.3289 0.2987
B-RF 10.4348 994.6234 0.7560 0.8401 0.8414 0.7959 0.6609 0.2440 0.3334
B-SL 0.4442 1016.2918 0.7314 0.8519 0.8304 0.7870 0.6489 0.2685 0.3237
B-RF&SL (ours) 0.4371 1000.1035 0.7600 0.9385 0.8028 0.8399 0.7239 0.2399 0.2952
# 5 S-UNet fEXdE 4 NL-20 1 VK Bl SLae 45 2R
A MSE| RMSE| Precisionf Recallt Accuracy? Fl11 csn FAR| HSST
Baseline 0.4531 1036.5614 0.5288 09511 0.7241 0.6797 0.5148 04711 0.2350
B-RF 0.3957 905.3676 0.706 6 0.8610 0.8472 0.7762 0.6343 0.2933 0.3309
B-SL 0.404 4 925.1483 0.5989 09161 0.7853 0.7243 0.5678 0.4010 0.2804
B-RF&SL (ours) 0.3939 901.2682 0.6191 09113 0.8001 0.7373 0.5839 0.3808 0.2926

LWk, MIXHF SL #R, Baseline with RF 1R % T AE BRI B B RNN B 5 vE I AT 471 R,
MR T RE AR5 B E] 5 20 Tl §e 77, I HLAE 8 AR A (B-RF&SL: Baseline with RF&SL) A
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PR W] TR CNN 5 RNN HI 456 7T LA Rt
Xt T [P 1 P K SRS R AR L A
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AR SCER OB A0 e AR AE R PEAR . SRR 2850
DA B e DL X A2 4% (1 I 20 A8 46 (16 i, A U-Net AE
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RNN HABY AR 28 A2 — DR 5 VERE HEAZ 177 hAh,
ARSI I H SR E B T CNN (F#Jill 2 U-Net) 5
RN #5784 A 5 4 5 A ) T A 2 75 08 [ 98% 1 F0AT: 45,
HAA R IFAET CNN 5 Transformer H& ) /7%, N
TR L TARESREE 7 0719, {H T RE @ &
) LSTM A B () Jr Bk, 8 0 7 AR g3 47 Al LA
B £ 77 i O ROHL R, BRI B A 1 i KL
JE UG B RS BB PRI TAE & &t NS A 7
%, P ALK T B A RE 70 1 R OR B DR 46 R
58, JRE T AR 1K RNN A5 DL KB s R 45
D513 ULk — 0 B AR AR R e A, A T LT AR K B
HUALE MSE, B35 H At 2k s B 13 8 T 25 5 15
S A 1 A 2 — AN E B B 72 7 .
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