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Fig. 1 Decomposition of PV power data
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Fig. 2 Changes in wind speed and statistical indicators
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Fig. 3 Diagrams of clustering results
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PV POWER FORECASTING APPROACH BASED ON DENSITY PEAKS
CLUSTERING AND GENERAL REGRESSION NEURAL NETWORK

Yao Hongmin, Du Xinhui, Qin Wenping

(College of Electrical and Power Engineering , Taiyuan University of Technology , Taiyuan 030024, China)

Abstract: A short-term forecasting method for PV power based on density peaks clustering and General Regression Neural

Network is proposed. Firstly, analyzing the characteristics of weather factors, extracting statistical indicators to form the

weather feature vector; then, using the density peaks algorithm to cluster the historical meteorological data to overcome the

K-means algorithm, which is easy to fall into the local optimum and artificially specify the cluster center, etc. Simulation

results show that the proposed method improves the accuracy of prediction and still has good applicability in small sample

environments.

Keywords: cluster analysis; neural networks; prediction; big data; photovoltaic



