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Resear ch on Fault Diagnosis of Photovoltaic Array Based on
SOA-SVM M odel
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Abstract: Aimed at the problem that the accuracy of photovoltaic array fault diagnosis based on support vector
machine (SVM) is not high and it is easily affected by the kernel function and penalty factor parameters, a photovoltaic
array fault diagnosis method based on SVM optimized by the seagull optimization algorithm (SOA) is proposed. The
SOA is introduced to optimize the parameters of the SVM model, and an SOA-SVM fault diagnosis model based on the
optimal parameters is established. MATLAB software is used to build a photovoltaic array simulation model, and the
characteristic parameters under different fault types are extracted and further inputted into the SOA-SVM model for
fault diagnosis. Experimental results show that the fault diagnosis accuracy of the SVM model optimized by SOA is
significantly improved. Compared with the ABC-SVM and PSO-SVM models, the SOA-SVM model converges faster
in the optimization process and has a higher fault diagnosis accuracy.
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Fig. 1 Classification of linear separable data
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Fig. 2 Classification of nonlinear separable data
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Fig. 3 Simulation model of photovoltaic array
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