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Abstract: With the large-scale integration of intermittent distributed power generation, the fluctuation and nonlinear
characteristics of power load are becoming obvious, and it is difficult for the existing single prediction model to
achieve accurate prediction. This paper proposed a short-term power load forecasting model based on the
combination of empirical wavelet transform (EWT), gated recurrent unit (GRU) and ridge regression (RR).
Firstly, the meteorological coupling factors highly correlated with load were selected by using grey correlation
degree and were used as the classification index of similar days. To reduce the calculation scale, the best similar
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days for the loads within the category were selected by using the Pearson correlation coefficient method. Then,
similar daily load data were decomposed by using EWT to obtain the load modal sequences of different frequencies.
Finally, the multi-step predictions on modal sequences of different frequencies were performed respectively by using
GRU and RR and the final load prediction result was obtained by superimposing the prediction components. The
experimental results show that the forecasting error of the proposed model is reduced by more than 77% compared
with single forecasting model GRU, more than 75% compared with support vector regression (SVR), more than
75% compared with the combined prediction model EMD-RBF-RR, in which the empirical mode decomposition
(EMD) was first used to decompose and then the radial basis function (RBF) and RR were used to predict
respectively, and more than 76% compared with the combined forecasting model EMD-GRU-RR, in which EMD
was used to decompose and then GRU and RR were used to predict respectively. The proposed model improves the
accuracy of load forecasting effectively.

Key words: power distribution network; empirical wavelet transform; gated recurrent unit; ridge regression; short-

term power load; forecasting model
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Table 1 SVR parameters settings of each component EWT
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Fig. 6 Zero-crossing rate of each component
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Fig. 7 Prediction results of the multi-models
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Fig. 8 Comparison of absolute error of the multi-models
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Table 6 Forecasting error run time of multi-models

R TR MAPE/ % RMSE/kW BATHEE] /s
EMD-GRU 4. 839 51.746 328.272
EWT-GRU 1.321 13.594 209. 855

EGR 1.124 11. 355 136.102

EMD-GRU-RR 1. 816 51.061 246.702
EMD-RBF-RR 4.821 52. 340 306. 000
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