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Abstract

A method for predicting thunderstorm and gale weather in Liaoning area using automatic ma-
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chine learning to address uncertainties and spatial-temporal differences is proposed in this paper.
To begin with, we construct the necessary dataset for thunderstorms and gales using both the his-
torical reanalysis data set and the ground live data set. Then we perform feature engineering on
the preprocessed data. After that, we establish the thunderstorm gale prediction model using the
AutoGluon automatic machine learning method, which is based on multi-layer stack integration
and a repeated k-fold cross-bagging strategy. Finally, the experimental results show that the best
model constructed by the AutoGluon method has a hit rate of 96.72%, a false negative rate of
0.46%, and a false positive rate of 1.62% in several evaluation indicators.
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Figure 1. Construction of two types of datasets
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Figure 2. New network architecture of AutoGluon
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Figure 3. AutoGluon’s multi-layer stack strategy
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Figure 4. Judging whether there is a thunderstorm or strong wind phenomenon
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Table 1. Comparison of statistical error indicators between autogluon and other machine learning models
= 1. AutoGluon 5 E b #l 38 5 SRR K ITRERARATLE

. MaxWindV (K X) Precipitation ([%7K)
RMSE MAE R2 PCCs RMSE MAE R2 PCCs
DecisionTree 5.18 1.43 0.98 0.95 9.21 2.05 0.90 0.93
Linear 90.29 55.01 0.18 0.42 29.72 42.61 0.41 0.65
KNN 57.88 28.67 0.66 0.76 13.75 29.38 0.72 0.72
RandomForest 17.12 7.69 0.97 0.88 12.70 17.26 0.85 0.89
LGBM 18.29 6.79 0.96 0.96 11.68 14.59 0.89 0.85
XGBoost 4.18 1.45 0.94 0.95 10.22 12.05 0.89 0.90
SVM 107.42 48.90 0.15 0.42 21.46 59.55 0.14 0.34
AutoGluon 4.19 0.93 0.99 0.99 6.32 1.30 0.98 0.99
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Table 2. Analysis results of part of the experimental samples
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Table 3. Comparison of accuracy metrics between AutoGluon and other machine learning models
= 3. AutoGluon 5 Efib#] 35 5 SR BUE R ZRIBFRXTEE

TS POD ACC FNR FAR
XGBoost 80.44% 83.45% 89.12% 2.01% 8.87%
Decision Tree 84.98% 91.46% 91.82% 3.85% 2.52%
AutoGluon 95.97% 96.72% 97.99% 0.46% 1.62%
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