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Abstract; In order to solve the shortcomings of traditional forecasting algorithms, a new combination predic-
tion method of photovoltaic power is proposed by using deep belief network (DBN) coupled support vector ma-
chine (SVM) and long short-term memory neural network (LSTM). The support vector machine prediction
model with the kernel function of Gaussian radial basis function and the 4-layer long-short-term memory neural
network as a single prediction model. Through the combination of deep belief networks, the prediction results

are optimized and output. According to the actual output and the error of the prediction results, the DBN is
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used for dynamic adjustment to obtain optimal value, to further verify the validity and accuracy of the SVM-
LSTM-DBN model. To take simulate and verify the actual measurement data of a photovoltaic power station in
Xinjiang Uygur Autonomous Region. The results show that: compare the photovoltaic output prediction model
based on the combination of SVM-LSTM-DBN and a single model, the prediction accuracy is significantly im-
proved.

Keywords: photovoltaic power generation; photovoltaic output prediction model; support vector machine;

long and short-term memory neural network; deep belief network
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Tab.1 Some historical measured data of photovoltaic power station

H 1 I Z) 0/C o /% Du/Wem? Hy/Wem? P/kW
2019-02-16 11:15:00 —8.8 51. 39 48. 99 694. 83 24,28
2019-02-16 11:30:00 —8.5 52.59 50. 99 761. 81 28.70
2019-02-16 11:45.00 —7.7 51.19 52. 99 817. 80 30. 21
2019-02-16 12:00:00 —6.7 48.29 57.99 866.79 28.70
2019-02-16 12:15:00 —6.6 47.29 60. 99 906.78 32.72
2019-02-16 12:30:00 —6.6 48. 49 62. 98 950. 77 33.05
2019-02-16 12:45.00 —6.3 49. 89 63. 98 987.76 32.59
2019-02-16 13:00:00 —6.5 47,49 67.98 1023.75 27.76
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Fig. 1 Scatter diagram of meteorological factors and photo
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Fig. 5 Schematic diagram of photovoltaic power generation output prediction combination model
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