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Abstract: The frequent occurrence of extreme rainfall events poses a serious threat to regional water resource
management and urban disaster prevention and reduction. Accurate extreme weather prediction has become a core
demand in the field of atmospheric science. Traditional numerical weather forecasting ( NWP ) systems are limited

by the bottleneck of sub grid scale parameterization, making it difficult to accurately capture the suddenness of
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local extreme precipitation; However, shallow machine learning models represented by gradient boosting decision
trees ( GBDT ) have inherent feature representation bottlenecks when processing high—dimensional heterogeneous
meteorological table data. To this end, this study proposes a neural forgetting decision ensemble network ( NODE-
PLE ) incorporating piecewise linear coding ( PLE ) numerical feature embedding. This architecture maps one—
dimensional continuous meteorological physical quantities to a high—dimensional dense feature space, and utilizes a
differentiable forgetting decision tree based on the o — entmax activation function to achieve end—to—end nonlinear
feature interaction. The empirical study is based on a dataset of 142193 samples covering 49 weather stations in
Australia and spanning 10 years. A deep denoising autoencoder is used to process high missing rate variables, and
high—order derived features driven by physics are constructed. The Focal Loss function is used to address the class
imbalance problem of extreme events ( rainfall>13.00 mm, accounting for 4.97% ) . Independent test set validation
shows that NODE—-PLE outperforms traditional GBDT baseline models in overall performance, with RMSE reduced
to 8.58 mm, a 6.8% decrease compared to XGBoost, demonstrating the potential and competitiveness of deep learning

architecture combined with numerical feature embedding in extreme event prediction of meteorological table data.

Keywords: Extreme rainfall prediction; Neural forgetting decision ensemble; Numerical feature embedding;

Segmented linear coding; Focus loss function; Table Data Deep Learning
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