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Radar echo extrapolation method based on enhanced PredRNN
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(Suzhow) Co. , Ltd. , Suzhou 215000, China)

Gu Mingjian'*

Abstract: In response to the problems of imbalanced samples and low prediction accuracy, an enhanced predictive
recurrent neural network EN_PredRNN is proposed. Firstly, the radar data is preprocessed and samples are selected to
construct a high-quality radar echo dataset; then, deep fusion of spatiotemporal long short-term memory units and
dynamic convolution is used to design a dynamic convolution combined with spatio temporal long short term memory
module DC _ STLSTM, which adjusts convolution parameters in real-time to accurately capture the instantaneous
changes in radar echoes. Then, stack 5 layers of DC_STLSTM to extract deeper features of radar echoes, and use
gradient highways to alleviate gradient vanishing, improving the model’s generalization ability and prediction accuracy.
The experimental results showed that EN_PredRNN performed the best, significantly improving the critical success
index and reducing false alarm rates. Compared with PredRNN, it increased the critical success index by 19.3%,
17.3%, 16.5% and 14.0% at 25, 35, 45 and 65 dBZ, respectively, while reducing false alarm rates by 28.3%,
27.5%, 26.7% and 24. 9%, effectively. This model effectively learned the spatiotemporal variation characteristics of
radar data and accurately predicted the radar echo intensity and location.
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Fig. 1 EN-PredRNN model structure
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Table 1 Evaluation results of various models at different basic reflectance thresholds
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Fig. 6 Changes in critical success index of various models under different basic reflectance thresholds
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Table 2 Ablation experiment

WA R /ABZ Sl 3! CSIA POD 4 FAR ¥ RMSE ¥
G1 PredRNN 0.482 0. 892 0.488 0. 489

25 G2 +DC-STLSTM 0.622 0. 854 0. 306 0. 354

G3 +GHU 0. 675 0. 815 0.205 0. 306

Gl PredRNN 0. 447 0. 857 0.517 0.502

35 G2 +DC-STLSTM 0. 566 0. 803 0. 343 0.378

G3 +GHU 0. 620 0.770 0.242 0. 331

Gl PredRNN 0.408 0.812 0. 547 0.518

45 G2 +DC-STLSTM 0.527 0.775 0.378 0.394

G3 +GHU 0.573 0. 737 0. 280 0. 350

Gl PredRNN 0.343 0.733 0. 606 0.536

65 G2 +DC-STLSTM 0.443 0. 696 0. 449 0.419

G3 +GHU 0. 483 0. 662 0. 357 0.377
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