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[ Abstract] Price forecasting is helpful to optimize the power market. Long short—term memory (LSTM) network, as a special
recurrent neural network (RNN) , has a good performance in solving electricity price forcasting problems. In order to improve the
accuracy of electricity price prediction, a VMD~-Adam—-LSTM hybrid model is constructed by combining VMD, LSTM and Adam
optimization algorithm. The intrinsic mode function (IMF) is used to decompose the original complex electricity price sequence into
the simple and limited intrinsic mode function (IMF) after VMD decomposition. VMD decomposition could effectively overcome
the modal aliasing problem in empirical mode decomposition (EMD). Firstly, the efficient stochastic gradient optimizer Adam is
combined with LSTM, and then the decomposed IMF is predicted, which can accurately capture the fluctuation behavior of
electricity price. In this paper, the VMD-Adam—-LSTM hybrid model is applied to the actual electricity price data. Compared with
other models, it is verified that this model has good performance in electricity price prediction.
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Tab. 1 Center frequency of VMD decomposition under different
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Fig. 3 'VMD decomposition results of electricity price data
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Fig. 4 Electricity price prediction results of different models
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Tab. 2 Error results of the three prediction models
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