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Abstract

Electricity price is one of the most important indexes in electricity market transactions. Electricity
market participants adjust their investment strategies to participate in power transactions based
on forecast prices. To improve the accuracy of short-term price forecasting in electricity market, a
short-term electricity price forecasting method based on VMD and BP neural network is proposed
in the paper. The proposed method has the following three steps: 1) VMD is used to decompose
historical electricity price data into different modal functions. 2) BP neural network is applied to
forecast the results of decomposition. 3) The forecasting results are reconstructed to get the
short-term electricity price prediction results. Finally, this method is applied to the PJM electricity
market in the United States, and the superiority of using VMD as a preconditioning algorithm for
historical electricity price signals is verified. Simulation results shows that the forecasting result
can fit the actual data well and have a higher prediction accuracy comparing with the forecasting
results based on BP neural network only.
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Figure 1. VMD flowchart
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Figure 3. The flowchart of the short-term electricity price forecasting
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Figure 4. Historical electricity price data
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Figure 7. Modal functions of VMD
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Figure 10. Modal functions forecasting of VMD
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