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Abstract: To improve the accuracy of precipitation nowcasting, this paper proposes an adversarial neural
network model named CastNet that combines deep neural networks. This model utilizes the recurrent neur-
al network to capture the spatio-temporal features of radar echo data, employs the adversarial neural net-
work to simulate the generation and dissipation changes of cloud clusters, and then integrates the optical
flow constraint into the neural network to guide the model training. This accelerates the learning process

of the neural network and enhances the spatio-temporal consistency of the model, effectively solving the
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problem of forecast ambiguity and significantly improving the accuracy of precipitation intensity and loca-
tion. Tests are conducted on 9 major precipitation processes in Guangxi and its surrounding areas from
May to October 2023. The results show that under various precipita-tion intensities (=0.1, =2, =7, >
15, =25, =40 mm + h™'), the average TS scores of SWAN 2, 0 are 0. 458, 0.270, 0.085, 0.034, 0.014
and 0. 003, respectively; the average TS scores of SWAN 3. 0 are 0. 452, 0.402, 0.225, 0.129, 0. 085 and
0. 048, respectively; and the average TS scores of the CastNet model are 0. 439, 0. 397, 0. 225, 0. 139,
0.104 and 0. 073, respectively. It can be seen clearly that the TS scores by the CastNet are higher than
those of SWAN 2. 0 and SWAN 3. 0 under high-intensity precipita-tion of =7 mm « h™ ' and above, except
for few data points that are flat. In addition, as the forecast lead time extends, the relative advantage of
CastNet becomes more obvious.

Key words: short-time heavy precipitation, quantitative precipitation forecast, deep learning model, recur-

rent neural network, adversarial neural network
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Fig. 1 Schematic diagram of the CastNet architecture;: RNN network

E W) T 20 R R AR R i A T8 0 o P TR AR
W B AR e 4 B 28 ) 4% G i T H 00, 58 (0 1 4R
BB R R 258842 .

f& % He et al(2016) ResNet Ay 5% 22 A
FELCKEHR 43 2 G DI 2R H AR DR R Bk el i (Bl
KO B 1 Ak A i 22 TN o 3 el ok 2 2T A R i
25 100 AR LA RS A 10 5 78 A B T i 4 T 4% T
PEIBCRFAE . [7] B 68 92 A A b Ui 20 A 32 30 2 s 4 9o
YEWIVEAE 5%, 2% Wang et al (2017;2023) Pred-
RNNJy i, % 5% 22 07 208 B —Bh ik i 5 8 — i)
UHi AR e o i 7 B B BE AR . X — SR MR 3
SRR I 2 0 U 2R EE L B T T IR0 A o R
FRBEEATIA BEI I & M 4 S5 4 LU A
Rt A 3 VO AT 55 e R AR 1 IR

22 Ravuri et al(2021) DGMR J5 ¥ Bt 25 — 3
PEBE L AEVN ZRad 72 b A GAN i 38 A5 7L 2 54 [m]
IFETE A BAIRA . 57 19 RNN AR 75 B %5 7
T e g 0 T 85 SR ABAT L S O T i N ) 5
IR . N T P ix — ) 8, A SO RNN R
GAN A= BP0 45 o 38 o 15 0 68 Bt 40 591 1) 2% o DT 3
55 B2 TR K (0] 95 B R4 /K I A AR B N — B0 TR
45

T2 4% JE G i B A R TR R (S2D) Bk (Li
et al,2023) K iy A B 04 755 E 5 T B2 4 08 2 )5 R 1Y

1/2, AR 28T B IR TH AE s 38 R 5 26
Ak 2 0 A 1 1 . 1E— 5 B B A B 0 1 A
TR R 45 R LA B I 1/64 5 58 B F R ERAE S L X
s I AT R A I 32 F 4 3% 2 W 4% 1T 03 4% Tl TE 1 15
g3 B ZOR T A A AR I R Bt 4 (E 2),
VNG B b B A R AR i Z a] DL v 7 4 ) Bl
BLRAFETT R A B 42 TH 58 7Y (19 22 B D3 A8 56 J00 4 g
1.

P25 BRE(Loss) i1 RNN A4 5 M £ G, f1 GAN
) PR 245 14 VO 30 8 O L B . A R O 4% SR T A 45 2R
PRI Lo Bk — 25 41 23 o WA 40« 30000 A A ) 51
#r (D) F RNN 5326 bR 8% (L) BB i 25 5% . AR
KT

Ls(0) = E;[Ex(logD(G,(Z; X)) — yL ()]

2)
Le () = Ex[(E,(Gy,(Z;X)) — XD Ow(X)]
(3
(y—20)"8 = 20
w={" Y 4)
1 vy <20

A X O AREA X 5 TR A 22— S S
BEA . Z At ARG AR5 .0 ) RNN BT S 40w N 5l
SEEA N T RCE R y N EEGR v -
WEEx 3 T AR X W28 E, 2%
T AR Z R,



404 A % 951 %
(a)
PONBOXL 128512854 46432
) 32x32x12 6% 16X256  gxgxs512  4x4x1024 1024
. 2 w4 RS

L L e ENDS R IR SRR

G RERR] o~

(S2D)

S

2 CastNet Z2# 78 & & . GAN F) 51 [’ 45 38 43
Ca) 3 3 R 2% L (b) 5% 22 45

Fig. 2 Schematic diagram of the CastNet architecture;: GAN discriminator network

(a) discriminator network, (b) residual block
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Fig. 4 Diagram of quantitative precipitation extrapolation forecast process
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Fig. 5 Forecast results of CastNet, SWAN 3.0 and SWAN 2. 0 with different lead times and the observation for precipitation
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by the passing Typhoon Talim in Guangxi on 18 July 2023
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