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Short-term Photovoltaic Power Generation Prediction Method
based on Stepwise Clustering Analysis
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2. State Grid Smart Grid Research Institute Co. , Lid. , Beijing, China, Post Code: 102206 )

Abstract; Photovoltaic power is closely related to meteorological factors, and reliable power prediction is
of great significance for photovoltaic grid connection and safe operation of power grid. In order to improve
the accuracy of short-term photovoltaic power forecast, based on the historical power and meteorological
data of a 40 MW PV power station, under different seasons and the weather types using the method of
stepwise clustering analysis ( SCA ), short-term photovoltaic forecasting model was built to implement
photovoltaic power prediction classified by season and weather types. The results show that the stepwise
clustering analysis method has high prediction accuracy, and the prediction accuracies of four seasons,
single weather type and composite weather type are improved by 11.13% , 9.51% and 8.26% , respec-
tively.
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Tab. 1 Correlation analysis results between meteorological parameters and PV power output
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Fig. 1 Flowchart of stepwise clustering analysis
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Tab. 2 Stepwise clustering results in four seasons
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Tab. 3 Forecast analysis results in four seasons
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Tab. 5 Clustering results of different weather types
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Tab. 6 Analysis results of different weather types
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Tab. 8 Comparison of results of different models in

different weather types
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Tab.7 Comparison of results of different

models in four seasons
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