52 % 455 M A % Vol.52 No. 5
20264 5 H METEOROLOGICAL MONTHLY May 2026

FE VAR S 1T 4 B % 22026, T A R 1 I 46 52 7 T I 3 W /K 1 JE HORAE R[], 5% 52(5) + 552-565. Zhuang X R,
Dai K.Zeng K, et al,2026. Using generative adversarial networks to improve heavy precipitation nowcasting in the Jianghuai

Areal J]. Meteor Mon,52(5) ;552-565(in Chinese).

) P A R X 0 ) 28 52 TG o 3l X5 B UK
e 3T o 2 1% B

EHAT R ORT ¥ OB % B OEoa a4
I I HRBEARREMN L E L LI E, 5L 210041
2ILHRBEALRE . H K 210041
3ERAL TN, 100081
L HPEARRBEARFDEALTREN. 5E KT 830002

R E: i AR X T R 44 (generative adversarial network, GAN) $ H 9 Fft I B 2% J 4 I 35 19 7K I 3 3147 77 B PhySGAN
(PhyDNet 54 SGAN) fll PhyMGAN(PhyDNet 254 MGAN) , $2 71 il i X R ok 3 h B9 RE K & BiaR . 8 3 PR35 5 3 4
“43 e s MR RE VT AL AN SR R R SE A A3 BT T P RO IR AE 2024 AR VL9 WUN SR B K (BEK SR EE =20 mm - h D) Py iR R
R E LT 4518 . PhySGAN Fl PhyMGAN 78 AN [l §5 35 B BE i 3 b 9 8 B s B3 /K TS 5 ZE Al 3% PhyDNet F15E F A= BOxHBe X 2%
X5 PhyGAN #5545 W] 5 32 71 . 0 08 18 WU A5 2% (i 45 TS 189 355 s J32 Bt 990 41 B 26 08 o o o i 48 1 0K b 200 A0 2 T R 6 K TS5
AT IEAE S A 507 T R s (W TR M BE B TR BE 2% B0 4% St AN U7 1k e 44 B 5 B UK A 1 1 7% . PhySGAN #il PhyMGAN
8 PhyDNet Al PhyGAN 2 3 58 47 (4 T 4R M 58, 50 & 0 95 (K B 25 L 38 52 55 J% 35 40797 20 1) RE 7 56 47, J 38 %ot o o6 K R 7 114 2%
PR K0 B AN T FRAE S 4 25 VD) R SR R /K S92 461 B2 A & B, PhySGAN 1 PhyMGAN 7 5 5t 4 3 [ 7K A1 ) 3t 38 [ 7K 22 3] v
) B I T A A iR A o A R TS A B A AR T . b4, PhyMGAN XF50 mm « h ' DL b W 3 B K 88 B A — 8 45 R 1E
F . PhySGAN N GE % 5 4y A U TR 1 T 28 AL B e 4%

SRHRRR] A O IO % L YTV X 3 AR K N BT TR L LD 2 4

hESES: P35 MERFRER: A DOI: 10.7519/j. issn. 1000-0526. 2025. 080801

Using Generative Adversarial Network to Improve Heavy

Precipitation Nowcasting in the Jianghuai Area

ZHUANG Xiaoran'? DAI Kan® ZENG Kang' XU Jun® WANG Xiaohua'? LIU Mei'*?

1 Jiangsu Key Laboratory of Severe Storm Disaster Risk, Nanjing 210041
2 Jiangsu Meteorological Observatory, Nanjing 210041

3 National Meteorological Centre, Beijing 100081

4 Institute of Desert Meteorology, CMA, Urumgqi 830002

Abstract: This paper proposes two deep learning-based short-term heavy precipitation nowcasting methods
for the Jianghuai Area by optimizing generative adversarial network (GAN), namely PhySGAN (combi-
ning PhyDNet and SGAN) and PhyMGAN (combining PhyDNet and MGAN), so as to provide precipitation

forecasts in the next 3 hours for the Jianghuai Area. Based on the forecast skill score, the performance
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assessment in “complex scenarios” and the analysis of typical application examples, this paper analyzes the
forecast performance of the two methods in the short-time heavy precipitation (=20 mm * h™ ') forecasts in
Jiangsu Province during the flood season of 2024. The results show that the TS scores of short-term heavy
precipitation within 3 hours in different verification periods of PhySGAN and PhyMGAN are significantly
improved compared with those of the basic experiment PhyDNet and the general GAN experiment PhyGAN.
The two new methods can correct the low frequency problem of short-term heavy precipitation forecasts by
PhyDNet and PhyGAN. so that the TS score increases with the increase of the forecast lead time, thereby
effectively extending the nowcasting lead time of short-term heavy precipitation. Judged from the forecast
performance shown by each method in “complex scenarios”, deep learning can reflect the evolution of the
generation and dissipation of heavy precipitation relative to traditional extrapolation methods. PhySGAN
and PhyMGAN show better forecast performance than PhyDNet and PhyGAN. The former has a better
ability to depict local details such as the shape and intensity of heavy precipitation, while the latter has a
better representation of the overall contour and position of the heavy precipitation rain band. Combined
with the application of typical heavy precipitation cases during the flood season, both PhySGAN and
PhyMGAN can forecast the precipitation enhancement process in advance in both systematic heavy precipi-
tation and local heavy precipitation cases, effectively guiding the early warning of disasters. In addition,
PhyMGAN has a certain indicative effect on extreme rainfall intensities above 50 mm + h™', while
PhySGAN can better reflect the changes in the shape and position of the rain band.

Key words: generative adversarial network (GAN), Jianghuai Area, heavy precipitation nowcasting, rep-

resentative cases
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Table 1 Design of weighted loss function for precipitation

intensity (y*) and radar reflectivity factor (y**")
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verification periods in Jiangsu Province during the flood season of 2024
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forecast methods initiated at 17:00 BT 1 July 2024
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Fig. 8 The hourly precipitation observation every 30 min from (a, —d,) 20.00 BT
to 21:30 BT 8 and (a, —g,) 22:00 BT 8 to 01:00 BT 9, and the hourly

precipitation forecasts every 30 min within 3 h lead time initiated
at (a;—e;, a;,—ey) 21:00 BT 8 and (as —e;, ag—e;) 22:00 BT 8
by (a; —e;, a; —e;) PhySGAN and (a, —e;» a; —e;) PhyMGAN

during the systematic heavy precipitation process in July 2024
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local numerical forecasting system initiated at
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