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Table 1 The Pearson correlation coefficient of
meteorological factors and photovoltaic power
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Fig.1 Three-dimensional curves of photovoltaic
power and time
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Fig.2 Frequency distribution of relative change rate of
photovoltaic power under different seasons
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Fig.3 Prediction error analysis of single model
photovoltaic power under different seasons
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Fig.4 The Pearson correlation coefficient of single
models under different seasons
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Table 4 The Pearson correlation coefficient between
the moment to be predicted and the
neighboring data windows
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Table 5 Prediction errors of each model under different seasons
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IRMSE/kW IMAE/kW [,V[,\PE/% [RMSE/kW [,\IAE/kW IMAPE/% IRMSE/kW IMAE/kW IMAPE/%
GRU 0.581 0.441 2.152 0.620 0.507 2.442 0.662 0.503 3.624
5F XGboost 0.531 0.429 2.187 0.679 0.526 2.722 0.705 0.535 3.614
LSTM-XGboost 0.502 0.397 1.764 0.589 0.466 2.545 0.683 0.490 3.543
GRU-XGboost 0.434 0.362 1.974 0.484 0.391 2.375 0.500 0.417 2.995
GRU 0.499 0.403 1.882 0.535 0.432 2.395 0.613 0.516 2.496
. XGboost 0.548 0.421 1.817 0.555 0.430 2.429 0.617 0.539 2.349
HE LSTM-XGboost 0.518 0.429 1.879 0.489 0.402 2.484 0.548 0.501 2.279
GRU-XGboost 0.413 0.332 1.739 0.424 0.334 2.105 0.456 0.367 2.153
GRU 0.619 0.511 2.192 0.810 0.658 2.839 0.933 0.726 2.901
WE XGboost 0.641 0.529 1.949 0.744 0.594 2.683 1.163 0.793 3.508
5
LSTM-XGboost 0.518 0.431 1.819 0.637 0.525 2.510 0.829 0.652 2.957
GRU-XGboost 0.485 0.370 1.791 0.541 0.451 2.314 0.740 0.590 2.686
GRU 0.263 0.230 1.778 0.299 0.237 1.811 0.441 0.337 2.677
P XGboost 0.430 0.315 1.974 0.446 0.335 2.455 0.515 0.361 2.670
LSTM-XGboost 0.338 0.270 1.471 0.361 0.291 1.926 0.424 0.332 2.769
GRU-XGboost 0.234 0.216 1.467 0.281 0.233 1.915 0.371 0.279 2.259
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Fig.9 Photovoltaic power predicted curves for three
typical weather types in autumn
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Table 6 Evaluation of prediction errors in
seasonal and year-round models
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Short-term photovoltaic power prediction combination model

considering seasonal characteristic and data window
ZHANG Jing', XIONG Guojiang'"*
(1. College of Electrical Engineering, Guizhou University , Guiyang 550025, China;
2. Guizhou University Institute of Engineering Investigation & Design Co.,Ltd., Guiyang 550025, China)

Abstract; The intermittency and randomness of photovoltaic power present different characteristics due to seasonal variations , so
it is important to consider seasonal characteristics to improve the accuracy of photovoltaic power prediction. Therefore,a short-
term photovoltaic power prediction combination model considering seasonal characteristic and data window is proposed in the
paper. Firstly, the Pearson correlation coefficient method is adopted to determine suitable meteorological factors with high
contribution to photovoltaic power and reduce the input feature dimensions of the prediction model. Secondly, the prediction
error of different photovoltaic power models is compared ,and the two models with the lowest photovoltaic power prediction error
and the lowest correlation are selected to construct the combination model, i.e., gated recurrent unit (GRU) model and extreme
gradient boosting ( XGboost) model. Thirdly,the effects of different input windows in the historical meteorological data on the
prediction accuracy of GRU-XGboost model are analyzed to determine the optimal data window. Finally,on this basis, GRU and
XGboost predict the photovoltaic power respectively. The final prediction is obtained by weighted combination of the two
predictions. Simulation results show that the proposed model has stronger adaptability and higher prediction accuracy than other
models.

Keywords ; short-term photovoltaic power prediction; seasonal characteristics; data window; gated recurrent unit ( GRU ) ;

extreme gradient boosting ( XGboost) ;combination model
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