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Abstract: Short-term electricity price forecasting is an important research domain in electricity
market. In this paper, a hybrid model for short-term electricity price forecasting based on empiri-
cal mode decomposition (EMD) and long short-term memory neural network (LSTM) is pro-
posed. First, EMD is used to extract the periodic component and trend component in the series,
and then LSTM is used to predict the periodic component and trend component respectively; fi-
nally, the forecast price sequence is generated by the support vector machine regression (SVR)
superposing forecast series of each component. Taking the data of US PJM power market as a
case study, the EMD-LSTM-SVR model is confirmed to improve the prediction accuracy of short-
term electricity price comparing with the results of ARIMA model and single LSTM model.
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