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Abstract Weather radar data is the main reference for nowcasting of severe convective weather. To address the problems of
insufficient data utilization and limited extrapolation time in the radar echo extrapolation method widely used in China, the neural
network is applied to radar echo extrapolation. The predictive neural network model gives 2 h prediction results of radar echo
variation. The essence of radar echo extrapolation problem is the spatiotemporal sequence prediction problem. The network has long
and short time memory unit (Long Short-Term Memory, LSTM) to solve the time memory problem and convolutional layers to
extract spatial features. The training and testing datasets are constructed using radar data from Fujian, Jiangsu and Henan for several
years. Considering the fact that the frequencies of different rainfall levels are highly imbalanced, the network is trained by weighted
loss function to improve the prediction accuracy of strong echoes. The test set and individual case evaluation show that CSI (Critical
Succes Index) and POD (Probability Of Detection) of predictive neural network are higher than that of optical flow method and FAR
(False Alarm Ratio) is lower than that of optical flow method under the same extrapolation aging and reflectivity threshold. Among
different precipitation types, the SSIM (structural similarity) value of the predictive neural network is higher than that of the optical
flow method, and the SSIM value of the stratiform-cloud precipitation is larger than that of the convective-cloud precipitation.
Therefore, the predictive neural network has a better ability to predict strong echoes than optical flow. In terms of the timeliness of
forecasting, the predictive neural network model has certain advantages, and it is more accurate in forecasting stratiform-cloud
precipitation than forecasting convective-cloud precipitation.
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Fig. 1 Recurrent neural network
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=Rk AR, 32 AT 2 h AT I8 EUR B 2 h oK
o B4 R IARE A 6. 30, 60, 90, 120 min [#)
b TETSE 50 L U T TOUIN 245 SR R0 00 4 25 I 245 1) S
SEIR ML SE I (K] da—e) T LAFE H, Bl 25 A 8] 1)
Wt , MoK It R 1Y 30 dBz [l ik i AR A 0/, 6 i
2 (E 4f—j) 76 T 2 B opr, [l 8 28 3 A B AR
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A R 2018 4F 6 H 18 H B A1 —IRJZ 4R
KRR, 12 T 2 h 9 18 KR TR 2 h K
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Table 1 Quantitative result of testing set
PAlTE bR Il ST AR HEEAR
R P IRTRFS T A 22 P 24 P RITRES T s 22 P 6% URITRES TR 22 X 2%
20 dBz 0.524 0.678 0.665 0.791 0.307 0.174
30 dBz 0.369 0.534 0.519 0.678 0.451 0.285
30 min
40 dBz 0.172 0.255 0.277 0.322 0.693 0.449
50 dBz 0.022 0.156 0.038 0.255 0.936 0.713
20 dBz 0.404 0.588 0.551 0.713 0.423 0.229
30 dBz 0.246 0.394 0.379 0.572 0.604 0.441
60 min
40 dBz 0.075 0.134 0.136 0.262 0.855 0.785
50 dBz 0.005 0.052 0.011 0.161 0.983 0.828
20 dBz 0.329 0.513 0.472 0.667 0.504 0.310
30 dBz 0.181 0.301 0.296 0.548 0.691 0.599
90 min
40 dBz 0.042 0.056 0.082 0.093 0.915 0.876
50 dBz 0.002 0.018 0.005 0.026 0.992 0.944
20 dBz 0.272 0.475 0.311 0.582 0.569 0.346
30 dBz 0.140 0.231 0.244 0.393 0.749 0.641
120 min
40 dBz 0.027 0.042 0.058 0.072 0.943 0.908
50 dBz 0.001 0.006 0.003 0.011 0.996 0.986
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