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Fig.1  Flowchart of AP algorithm
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Voltage deviation forecasting based on improved ensemble clustering and
BP neural network

WANG Zhi-fang', YANG Xiu', PAN Ai-qiang®, CHEN Tian-tian>, XIE Zhen-zhen'
1. College of Electric Engineering, Shanghai University of Electric Power, Shanghai 200090, China;
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Abstract; This paper proposes a voltage deviation forecasting method based on improved ensemble clustering and
BP neural network. The ensemble algorithm was a combination of principal component analysis (PCA), affinity
propagation clustering and K-means clustering. Firstly the PCA algorithm was used for lowering the dimensions of
the meteorological data, and then the improved ensemble cluster analysis is performed on the principal components,
and finally the BP neural network for voltage deviation forecasting is adopted. The practical application results prove
that the ey, of the proposed method is 2. 987% , which is obviously better than that of the traditional BP model
and BP model with PCA.
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