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Combination Forecasting Model of Photovoltaic Power Based on Empirical
Wavelet Transform

Abstract

Abstract: In order to improve the prediction accuracy of short-term photovoltaic power, a variable weight
combined prediction model based on Empirical Wavelet Transform (EWT) and PSO-optimized random
forest(RF) is proposed. Gray correlation analysis is used to select similar days, EWT is used to
decompose the power time series into sub-modes of different frequencies, and three modes of high,
medium, and low frequency are reconstructed according to the frequency, PSO-RF and PSO-BP and PSO-
LSSVM prediction models are established to dynamically calculate their respective weights for
reconstruction, and error correction is performed to output the prediction results. By predicting the output
power of Australian photovoltaic power stations, the results verify the effectiveness of the EWT-PSO-RF
combined model, which effectively improves the accuracy of ultra-short-term photovoltaic power
prediction.
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Abstract: In order to improve the prediction accuracy of short-term photovoltaic power, a variable weight
combined prediction model based on Empirical Wavelet Transform (EWT) and PSO-optimized random
forest(RF) is proposed. Gray correlation analysis is used to select similar days, EWT is used to
decompose the power time series into sub-modes of different frequencies, and three modes of high,
medium, and low frequency are reconstructed according to the frequency, PSO-RF and PSO-BP and
PSO-LSSVM prediction models are established to dynamically calculate their respective weights for
reconstruction, and error correction is performed to output the prediction results. By predicting the
output power of Australian photovoltaic power stations, the results verify the effectiveness of the
EWT-PSO-RF combined model, which effectively improves the accuracy of ultra-short-term photovoltaic
power prediction.
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