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Research on Fault Diagnosis of Solar Photovoltaic Array
Based on Improved ANN

SUN Hongzhe, DING Qiang, ZENG Qixing, ZHANG Mengxin
(School of Automation, Hangzhou Dianzi University, Hangzhou 310018, China)

Abstract: In order to improve the accuracy of photovoltaic array fault diagnosis, an improved artificial neural
network (ANN) method for photovoltaic array fault detection is proposed. In ANN, a gated convolutional layer, a flat
layer and a fully connected layer are added to replace hidden layer, which solves the problem of gradient disappearance
easily in existing ANN. Adaptive Softmax is used as the activation function of the output layer of the model to reduce
the computational time incurred due to the large data set size. The simulation model of photovoltaic array was
established by using MATLAB to obtain the simulation operation data of different states. Meanwhile, the actual
unbalanced operation data set of photovoltaic array was obtained from the literature, and the diagnostic performance of
the improved ANN was compared with the six machine learning methods mentioned in the literature, showing the
diagnostic performance advantages of the proposed method.
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Fig. 2 Thebasic structure of theimproved ANN
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Tab. 4 Improved ANN model diagnostic results
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