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Transformer Fault Diagnosis Method Based on KELM Optimized by Improved Sparrow
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Abstract: To address the limitations of traditional shallow machine learning in feature extraction and to enhance its
capability for transformer fault diagnosis, a transformer fault disgnosis method based on KELM optimized by an im-
proved sparrow search algorithm is proposed. First, the deep belief networks (DBN) is used for feature extraction of
transformer fault sample data.Then, the kernel extreme learning machine (KELM) with penalty factor C and kernel
function parameter S is used as a classifier to analyze deeply the correlation between features of confusable samples
and fault types and improve the stability and generalization ability of the model.After that, the improved sparrow
search algorithm (SSA ) with Levy mutation factor is used to optimize the penalty factor C and kernel function param-
eter S of KELM to enhance the global search ability of the algorithm and improve both stability and accuracy of fault
diagnosis of the model. Finally, the experimental results of transformer fault diagnosis based on dissolved gas data
in oil show that the proposed ISSA-KELM transformer fault diagnosis method has faster convergence speed , better
stability and higher diagnostic accuracy, and is suitable for transformer fault diagnosis.
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Table 1 Gas ratios features
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