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Abstract Nowecasting and early warnings of severe convective weather play an extremely important role in the prevention of
meteorological disasters. In meteorological services, it becomes one of the most difficult and hot research topics because of its
requirement for high accuracy and fine temporal-spatial resolution. Deep learning method is trying to solve the problem of
strong convective nowcasting with high spatial and temporal resolution. First, the strong convective nowcasting is abstracted
into a sequence of prediction problems containing both time and space. Then, the long sequence and high temporal resolution
weather radar network mosaic data are fed to train the model using the encoder-decoder based on the improved recurrent neural
network algorithm. The end-to-end neural network trained by radar echo data is then used to predict evolution characteristics of
the radar echoes at 6 min intervals in the next one hour. By comparing the traditional extrapolation method with the deep learn-
ing algorithm, it is found that the deep learning method can effectively learn the intrinsic correlation of the data features in the
high temporal-spatial resolution sequence, construct the abstract deep features through the multi-layer neural network and ef-
fectively capture the motion state of radar echoes. The calculation of prediction hit rate, false alarm rate, critical success index
shows that compared with the traditional extrapolation forecast method, deep learning method can improve the nowcasting ac-
curacy of strong convections, and demonstrates a wide application prospect.

Key words Deep learning, Nowcasting, Sequence prediction, Radar echo
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Table 2 The obfuscation matrix under the binary

classification problem
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Table 3 Half-hour prediction scores

51 0 1 (B RS i Ik 5 1 ) 45 H
|2 /72 ettt
£ GRU CTREC H#R GRU CTREC H#R GRU CTREC
10 0.70 0.52 0.19 0.31 0. 60 0. 38
20 0.76 0.55 0.28 0.32 0.59 0.35
30 0. 64 0.39 0.44 0. 47 0.43 0.32
40 0. 40 0.35 0. 49 0. 54 0.29 0.22
# 4 1 h B
Table 4 1 h prediction scores
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L /720 ettt
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30 0.52 0. 36 0.55 0.61 0.31 0.23
40 0. 22 0.18 0. 64 0.79 0.16 0.11
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Fig. 5 Comparison between radar observations (a) and nowcasts by ConvGRU model (b)
and CTREC algorithm (¢) at 09:41 BT 23 August 2017
(a;——c;. 0.5 h, a3—c,. 1 h)
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