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Research on Monthly Precipitation Prediction in
Lanzhou City Based on Machine Learning Model
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Abstract: Accurate forecasting of monthly precipitation is of great significance for national production as well as disaster
prevention and mitigation. However, it is difficult for a single model to complete the task of accurate precipitation prediction.
We combine CEEMDAN with the error reverse communication model (BP) and with the long short-term memory neural
network (LSTM), respectively. And we compare Lanzhou’s precipitation data with the precipitation predictions with a single
LSTM model, ARIMA model and BP model. The research results show that the two composite models effectively improve the
fitting of observation values and prediction values. Thus, the problem of low accuracy in peak prediction is overcomed, showing
significantly higher performance than the comparative models.
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Table 1 Comparison of prediction errors from different models

A LSTM ARIMA BP CEEMDAN-BP CEEMDAN-LSTM

RMSE/mm 21.50 21.69 22.14 17.15 18.09

MSE/mm 462.25 470.46 490.18 294.13 327.25
R 0.60 0.59 0.57 0.71 0.71

MAE/mm 14.13 1429 1431 12.92 12.43
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