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Abstract In order to alleviate the common "fuzzy" problem in deep learning radar echo extrapolation prediction, a radar echo
extrapolation prediction method (PhyDNetSGAN) with organic fusion of PhyDNet and frequency-domain matching generative
adversarial network was developed, which can predict the combined radar reflectance factor in Jiangsu and its upstream region in
the future 3h. By comparing PhyDNetSGAN, PhyDNet (without generative adversarial network), PhyDNetGAN and Sprog
(improved optical flow method), the applicability of the new method in severe convection weather prediction was verified. The
results show that: (1) Compared with Sprog, the deep learning method can better reflect the nonlinear evolution of strong echoes.
(2) PhyDNetGAN and PhyDNetSGAN with the addition of generative adversarial network can obtain more refined radar echo
extrapolation results in line with the subjective cognition of forecasters than the other two groups of experiments and alleviate the
"fuzzy" problem. (3) The newly proposed PhyDNetSGAN can not only improve the forecast precision, but also better capture the
form, position and central intensity of strong echoes, so as to obtain better prediction skills and extend the effective forecast time.
(4) Compared with TS, the newly proposed comprehensive score index of TS, Bias and FID can better reflect the test effect of
approaching forecast which is consistent with the subjective experience of forecasters.

Keywords Generative adversarial network, Radar echo extrapolation, The "fuzzy" problem, Comprehensive scoring index
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Fig. 2 DCT frequency domain decomposition diagram, figure (a) shows the original radar echo field, figure (b)

shows its corresponding quantization map of spatial distribution in frequency domain, and figure (c) shows the

echo field after filtering wavelengths =200km.
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Table 1 Design of weighted loss function for radar reflectivity and precipitation rate
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Fig. 7 Strong convective weather process on July 20, 2022, row 1 is the model input, row 2 is the o

bserved reality, and rows 3-6 are the results of four sets of experimental forecasts reported from 12:00 on that

day.
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Fig. 8 Time series of TS, BIAS, FID and Score for each group of trials Forecasted from 12:00 on July 20, 2022
(a-c. TS, d-f. Bias, g-i. Score, j. FID)
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Fig. 9 (a) Maximum wind speed at 14:06 (31°N -33°N, 118°E -120°E) of the radar puzzle superimposed on the
scattered points 126 min after the start, (b-¢) predicted maps of the four tests in the corresponding area and

time, (f) maximum wind speed at 14:48 (32°N -34°N, 119°E -121°E) of the radar puzzle superimposed on the
scattered points around 168 min after the start (the border of Taizhou and Yancheng should have more than

25m/s wind speed), (g-j) prediction maps of four sets of tests in the corresponding areas and times
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