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Fig.1 Curves of power generation and
impact factor normalization
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Table 1 Correlation coefficient between photovoltaic
power generation and impact factor
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Fig.3 Power diagram of Photovoltaic after denoising
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based on wavelet denoising/ KPCA/PSOBP
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Abstract : In order to improve the forecasting accuracy of photovoltaic (PV) output power, a forecasting method is proposed

based on k-means, KPCA and PSO-BP. Firstly, wavelet threshold de-noising algorithm is used to pretreat PV output data.

Then, the k-means clustering algorithm is applied to divide the forecasting model into four sub models under different modes.

The kernel principal component analysis ( KPCA) method is used to reduce the dimensionality of the input space. Neural

network algorithm is optimized based on particle swarm optimization ( PSO). Finally, the PV output power forecasting model

based on k-means /KPCA/PSO-BP is established. The example data is used to verify the forecasting model, the results show

that it can forecast the PV output power accurately in different modes and have good forecasting performance.

Keywords : wavelet denoising; kernel principal component analysis ; particle swarm optimization ; neural network ; photovoltaic

forecast
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