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Abstract This paper proposes two deep learning-based short-term heavy precipitation nowcasting
methods for the Jianghuai region by optimizing Generative Adversarial Networks (GAN), namely
PhySGAN (combining PhyDNet and SGAN) and PhyMGAN (combining PhyDNet and MGAN),
S0 as to provide precipitation forecasts in the next 3 hours for the Jianghuai region. Based on the
forecast skill score, the performance 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 severe precipitation (=20 mm ™) forecasts in Jiangsu during the flood season of 2024.
The results show that the TS 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 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 the
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 precipitation
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 Networks, Jianghuai region, heavy precipitation nowcasting,
evaluation, representative cases
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182024 47 H 8 H&R Gtk smpE/Kid 2 (al~d1) 8 H 20:00—21:30 1 (a2~g2) 8 H 22:00 % 9 H 01:00 i&
30 min [a] FEFFIILIN /N 47K &2, 8 H (a3~e3, ad~e4) 21:00 Fil (a5~e5, a6~e6) 22:00 (a3~e3, a5~e5) PhySGAN,
(ad~e4, a6~e6) PhyMGAN 2k [¥1K kK 3 h /NFIZ K &

Fig.8 The hourly precipitation observed every 30 min from (al-d1) 20:00 to 21:30 BT 8 and (a2-g2) 22:00 BT 8 to
01:00 BT 9, and the hourly precipitation forecasts with 3 h lead time initiated at (a3-e3, a4-e4) 21:00 BT8 and
(ab-e5, a6-e6) 22:00 BT 8 by (a3-€3, a5-e5) PhySGAN and (a4-e4, a6-e6) PhyMGAN during the systematic heavy

precipitation process on 8 July 2024
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REERHE, 454 F KRB ARFAE AT W (& 10), 16:30
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S R 1 XIS 18] P9 L AR S 5 B 7K, 17:00—20:00 Fe K [ 1T 150 mm. X 5T %41
L, ARV R KL AR 5% TR A FE A e, AN

BrEUE R R 48 (B 9c, 9d), X
BRAEAAFAE 6 h A fa, VLRI
TR 55 K B o

%

.

s DIATR SR A SR B IR T iR RE TS
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35°N|-,

34N

aNf

31°N;

115°E ,,5:5 N7E - 18E "',.: 120°E 121°E b ;%-z 15°E ns’"s ‘111-: 18'E 119°E 120'E
' x)
B 92024 429 A 11 H (a) 17:00—20:00 i) it BFK 2520, (b) ECMWF 7%08:00 Al (¢, d) YLIAHEL
{H iR 5 7E (¢) 11:00 Al : R 17:00—20:00 [ Bl Bk &

Fig.9 (a) The accumulated precipitation observed from 17:00 to 20:00 BT and (b-d) the 17:00-20:00 accumulated
A A L.
precipitation forecasts by (b) ECMWF model initiated at 08:00 BT, and (c, d) Jiangsu local numerical forecasting
T\ .

system initiated .at @11:00 BT and (&) 14:00 BT 11 September 2024
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2024-09-11 16:30:00 + 3h accu (PhySGAN)  2024-09-11 17:00:00 + 3h accu (PhySGAN)  2024-09-11 17:30:00 + 3h accu (PhySGAN)  2024-09-11 17:42:00 + 3h accu (PhySGAN)

1 ” A e “ S ﬁ‘%
K 112024 4£ 9 [ 11 H (al~d1) PhySGAN 1 (a2-d2) PhyMGAN EI@H#ZIJ&?E %7@
Fig.11 Forecasts of the future 3 h accumulated precipitation by (al-d1) PhySGAN ang (a2-d2) PhyMGéN initiated
at different moments on 11 September 2024
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