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Abstract: [Purposes] The proportion of photovoltaic(PV) power generation has been increasing
in China. PV power generation is greatly affected by meteorological factors and its output power
shows strong intermittency and volatility because of the complexity and variability of meteorological
characteristics. Thus, the accuracy of future PV power prediction will directly affect the stable and
safe operation of the power grid. [Methods] For improving the prediction accuracy of PV power, in
this paper, a prediction model that integrates the local outlier algorithm, genetic algorithm and Gauss-
ian process regression (GA-LOF-GPR) was proposed. First, the relationships between power genera-
tion and meteorological features were explored, and feature weight K-means clustering was used to

classify meteorological types. Second, the local outlier factor algorithm was combined with the Gauss-
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ian process regression model to construct the prediction model of local outlier factor-weighted Gauss-

ian process regression (LOF-GPR). Finally, the hyper—parameters of the weighted Gaussian process

regression model were optimized by applying the genetic algorithm. [Results] The effectiveness and

accuracy of the prediction model are verified by simulation prediction of the PV power generation data

in Australia in 2018.

Keywords: power prediction; feature weight K—mean clustering; local outliers factor; Gaussian

process regression; genetic algorithm
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Table 2 Prediction errors

KGR i 0 A5 A5 RMSE MAE
GPR 0.085 0 0.053 8
LOF-GPR 0.084 0 0.053 0
it K
PSO-LOF-GPR 0.083 2 0.052 1
GA-LOF-GPR 0.077 9 0.046 0
GPR 0.1252 0.078 9
B LOF-GPR 0.1229 0.078 4
EAN
PSO-LOF-GPR 0.1225 0.078 1
GA-LOF-GPR 0.1223 0.077 9
GPR 0.072 3 0.042 3
o LOF-GPR 0.066 1 0.042 0
F R
PSO-LOF-GPR 0.066 6 0.042 1
GA-LOF-GPR 0.065 3 0.0417
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