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Fig.1 Elman neural network structure
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Research on power quality early warning based on
improved combined forecasting

LU Jue', SUN Yun-lian', XIE Xin-lin>, ZHENG Long-wu’, XU Bing-han', WU Ying'
(1. School of Electrical Engineering and Automation, Wuhan University, Wuhan 430072, China;
2. Yingde Power Supply Bureau, Guangdong Power Grid Co. Ltd., Qingyuan 513000, China)

Abstract; With the construction of energy Internet and the increasing of distributed generation, as well as the grad-
ual diversification of current power consumption forms, much attention has also been paid to the power quality prob-
lems. In order to ensure the power quality and the stable operation of the power grid, it is of great significance to
have reasonable early warning for the power quality indicators. Therefore, an early warning model of power quality
based on improved combined forecasting is proposed. In order to reduce the input dimension, the factors that may
affect the power quality index are integrated and the ReliefF algorithm is used to eliminate the factors of low impor-
tance. Then, the random forest, Elman neural network and RBF-SVM intelligent algorithm are selected to predict
the corresponding index, and the grey correlation analysis is used to calculate the correlation degree between the
three methods and the real value to determine its weight. The three methods are combined to modify the prediction
value at the peak and valley mutation to get the final prediction value. Finally, the simulation calculation is carried
out with the data of a 10 kV line monitoring point in Guangdong Province, and the comparison proves the applica-
bility of the method proposed in this paper.

Key words: power quality index; ReleifF algorithm; Elman neural network ; random forest; RBF-SVM algorithm



