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Research on photovoltaic power forecasting model based on hybrid neural network

CUI Jiahao, BI Li
(School of Information Engineering, Ningxia University, Yinchuan 750021, China)

Abstract: Accurate photovoltaic power generation prediction plays an important role in the safe operation of photovoltaic
power generation system. However, due to the instability, intermittent and randomness of solar energy, the existing short-term
prediction models of photovoltaic power generation have problems of large prediction error and low generalization ability.
Therefore, a Hybrid Neural Network (A-HNN) and attention mechanism for short-term forecasting of distributed
photovoltaic power station is proposed. The temporal and spatial characteristics of data are extracted by Residual LSTM and
dilated causal convolution, and an improved hybrid neural network model is obtained by adding attention mechanism to
enhance feature selection. According to the characteristics of the time series of power generation data, the time series data
with daily cycle are selected. Finally, compared with other recent models, the results show that the hybrid model can greatly
improve the accuracy of photovoltaic power generation prediction under the same conditions.
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