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A research on short-term distributed photovoltaic power prediction model based on
SVR-LSTM-BP

LI Junwei, GONG Xinyong, ZHU Yuanfu, XIN Pingan
(Kunming Power Supply Bureau of Yunnan Power Grid Co., Ltd., Kunming 650200, China)

Abstract: A new combined prediction model for short-term distributed photovoltaic output is proposed, using
support vector regression (SVR), long short-term memory neural network (LSTM) and backpropagation neural
network (BP). Two simple models using SVR with Gaussian radial basis function and 3-layer LSTM are
constructed, respectively. Then, to increase the prediction accuracy, the outputs of the two simple models are
combined by a 3-layer BP neural network. Numerical experiments based on the real data of a photovoltaic power
station in Jiangsu Province shows that the SVR-LSTM-BP model has a significantly improved prediction accuracy
than that of the SVR model, which is close to that of the LSTM model. The stability of the SVR-LSTM-BP model
is slightly improved than that of the LSTM model.
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regression; long short-term memory neural network; backpropagation neural network
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Fig. 6 Prediction results of generation power by different models
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