e Intelligent Algorithm

LSTM-ARIMA

1 1 2
’ ’

(1. , 510006 ;2. , 528200)

(Long Short—Term Memory Neural Network , LSTM)
, (Autoregressive Inte-

grated Moving Average Model , ARIMA) , LSTM ARIMA

o ’

. TP183 ¢ A DOI: 10.19358/j.issn.2096—5133.2021.10.008
: , , . LSTM - ARIMA [J].
,2021,40(10) : 48 -52.

Combined forecasting model of regional electricity consumption

based on LSTM-ARIMA
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Abstract : Power consumption data has the characteristics of non-stationary and non-linear. In order to improve the fit-
ting accuracy of power consumption data, based on the idea of sequence prediction and residual correction, this paper
proposes using long short—term memory neural network (LSTM) to predict the power consumption sequence. The difference
formed by the real value and the predicted value is corrected by the autoregressive integrated moving average model (ARIMA).
The predicted value of LSTM and the residual correction value of ARIMA are reconstructed to obtain the final predicted
value. Finally, the combined model is verified by the power consumption data of an industrial park in Foshan City,
Guangdong Province. The experimental results show that the prediction accuracy and stability of this model are better
than other models, and good prediction results are achieved.
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