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Power load forecasting based on Attention mechanism and EMD-GRU model
HUANG Yuanxing, LIU Xiaobo, FAN Jinwei, XIONG Yan, YE Qi
( The Electrical Engineering College, Guizhou University, Guiyang 550025, China)

[ Abstract] In order to improve the prediction accuracy of non — stationary electric load and fully exploit the time — series
characteristics of historical load data, this paper proposes a method of load prediction based on a combination of Attention
mechanism and empirical modal decomposition (EMD) and gated recurrent unit ( GRU). Firstly, EMD is used to decompose the
original load data, and then some components with intrinsic modal functions (IMFs) are obtained; subsequently, considering the
correlation among these components, a multi—-layer GRU network is used to predict the IMF components with multiple inputs and
multiple outputs, and the Attention mechanism is also introduced to deeply explore the time—series correlation characteristics of the
historical load data; finally, the results of load prediction are obtained by reconstructing the finite components from the multilayer
neural network. The actual load data of a place in Guizhou power grid are used to the simulative analysis, and the prediction errors
of different models are compared, which shows the proposed method could effectively improve the prediction accuracy.
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Fig. 1 GRU network structure
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Fig. 3 Multi-layer GRU network structure with Attention mechanism
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Fig. 6 EMD decomposition result diagram of load data
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Tab. 1 Forecast errors of different models
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