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Table 3  Comparison of model error indicators

oA A RMSE MAPE/%
SVM 0.2759 4,66
RF 0.271 1 3.94
LSTM 0.334 7 4.77
BP 0.4378 20. 40
XGBoost 0.250 2 4.69
CNN-GRU 0.2393 3. 64
CNN-GRU-SSA-XGBoost 0.210 8 2.41
CNN-GRU-ISSA-XGBoost 0.201 2 2.07
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CNN-GRU-ISSA-XGBoost
YUE Youjun' WU Mingyuan' WANG Hongjun' ZHAO Hui'
1 Tianjin Key Laboratory of New Energy Power Conversion, Transmission and Intelligent Control ,
Tianjin University of Technology , Tianjin 300384, China
Abstract The high randomness and volatility of photovoltaic (PV) power makes it difficult for single prediction

models to accurately analyze the fluctuation patterns in historical data,resulting in low prediction accuracy.To ad-
dress this issue,a combined model for short-term PV power prediction was proposed, which incorporated Convolu-
tional Neural Network ,Gated Recurrent Unit ( CNN-GRU) and an Improved Sparrow Search Algorithm (ISSA) for
optimizing the eXtreme Gradient Boosting ( XGBoost) model.First, the historical data were normalized after outlier
removal , and feature selection was carried out via Principal Component Analysis (PCA) so as to better identify the
key factors affecting photovoltaic power.Then ,the CNN and GRU networks were used to extract the spatial and tem-
poral features of the data, respectively.To address the difficulty in manually configuring parameters and high ran-
domness of the XGBoost model ,ISSA was used to optimize the hyperparameters of the model.Finally, the reciprocal
error method was used to reduce the error of the results predicted by the two methods ( CNN-GRU and ISSA-XG-
Boost) while the weights were updated to obtain new predicted values to complete the prediction of photovoltaic
power.The experimental results show that the proposed CNN-GRU-ISSA-XGBoost model has strong adaptability and
high accuracy.
Key words photovoltaic power prediction; improved sparrow search algorithm ( ISSA ) ; convolutional neural

network (CNN) ; gated recurrent unit ( GRU) ; XGBoost model



