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Study on monthly precipitation prediction model
in Guangxi based on EOF and LSTM
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Abstract: In view of the characteristics of time dependence and nonlinear changes of precipitation weather
process in summer, and the essential characteristics of monthly precipitation that are failed to fully obtain from
the existing forecasting methods, it is difficult to deal with modeling factors and forecast modeling. To solve this
problem, a monthly precipitation prediction model based on the Empirical Orthogonal Function (EOF) and short—
term memory neural network (LSTM) of deep learning has been proposed in this paper. Taking the July
precipitation of 81 stations in Guangxi as the forecast object, EOF is calculated for the July precipitation of 81
stations, and the first seven principal components with cumulative variance contribution of more than 76% are
selected as the forecast components. Then a deep learning prediction model has been established using LSTM
model for monthly precipitation, with the July precipitation at 81 stations from 1960 to 2016 as the modeling
samples and 2017—2022 as independent samples. Results show that under the same modeling samples and
factors, the newly established forecast model has a higher forecast ability than the linear stepwise regression
forecast method, demonstrating its applicability to the nonlinear monthly precipitation forecast problem. Further
analysis shows that the LSTM model introduces the storage cell state and gate structure in the hidden layer,
which allows the network to retain long—term states, making it more suitable for processing and predicting the
important problems with relatively long interval and delay in the time series.
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