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Short-term power load forecasting based on VMD-TCN-Attention mechanism
GENG Guanchen, HE Yu

(School of Electrical Engineering, Guiyang University, Guiyang 550025, China)

Abstract: To improve the accuracy of short—term power load forecasting, a prediction framework is proposed based on Variational
Mode Decomposition ( VMD) combined with Time Convolutional Network ( TCN) embedded with Attention mechanism. Firstly,
the VMD decomposition method is applied to decompose the original power load sequence and combine the decomposed
subsequences with related features such as meteorological data as the input sequence of the prediction model. Secondly, TCN is
chosen as the prediction model and embedded with Attention mechanism to improve the accuracy. The aforementioned input sequence
is input into the model to obtain the VMD-TCN - Attention prediction framework. Finally, the effectiveness of the VMD-TCN-
Attention prediction model is verified through examples and various comparative prediction models. The simulation results show that
the use of VMD decomposition method can improve the prediction accuracy of the model, and compared with other prediction
models, the TCN embedded with Attention mechanism prediction model has higher prediction accuracy.
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