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Multivariate load prediction and wind-solar resource characteristic quantity
prediction of integrated energy system based on ARIMA-LSTM model
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Abstract; Under the background of the rapid development of energy Internet, this paper studies and analyzes the
multivariate load prediction and theoretical method of integrated energy system. Aiming at the problem that the
traditional ARIMA model can only deal with the linear relationship, the ARIMA-LSTM model is proposed and
established by combining ARIMA model with LSTM ( Long-Short Term Memory, LSTM ) network model. The
model is not only compatible with the prediction of multiple loads such as cold, heat, gas and electricity, but also
can be used for the prediction of wind speed, radiation illumination and other data, and has good adaptability and
prediction accuracy.
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