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Table 2 Evaluation indicators for predictive models
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Short-term Power Load Forecasting Based on Optimized VMD Secondary Decomposition

JIANG Jiandong', HAN Wenxuan', ZHAO Yunfei', YAN Yuehao’, BAO Wei’, LIU Xiaohui’

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Zhengzhou Power Supply
Company of State Grid Henan Electric Power Company, Zhengzhou 450006, China)

Abstract; A short-term power load forecasting model based on secondary decomposition and temporal convolutional
networks was proposed in response to the high complexity and strong fluctuation of transformer load data in the sta-
tion area. Firstly, the maximum information coefficient method was used to extract features from the high-dimen-
sional load dataset. Secondly, complete ensemble empirical mode decomposition with adaptive noise and optimized
variational mode decomposition were employed to perform secondary decomposition on the transformer load data.
Then, the sub-sequences obtained from the two decompositions were input into the temporal convolutional network
model for prediction. Finally, the prediction results of each sub-sequence were superimposed to obtain the final
load forecasting result. Simulation analysis was conducted on the load data of a distribution transformer in a certain
district of Zhengzhou City. Compared with the traditional time convolutional network model, the proposed model re-
duced MAE , MAPE , and RMSE by 64.29% , 9. 66 percentage points, and 59. 00% respectively. The experimental
results showed that the proposed combined forecasting model had better forecasting effects and higher prediction ac-
curacy.

Keywords: secondary decomposition; load forecasting; complete ensemble empirical mode decomposition with

adaptive noise; variational mode decomposition; temporal convolutional network





