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Fault Diagnosis Method for Rail Transit Transformer
Based on Deep Learning
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Abstract: In response to the problem of multiple types, complex internal structures, and diverse operating conditions of
traditional rail transit transformers, which makes fault diagnosis more difficult, a deep learning fusion of linear prediction cepstrum
coefficient (LPCC) and Mel frequency cepstrum coefficient (MFCC) combined features is proposed for rail transit transformer fault
diagnosis. Firstly, the wavelet threshold denoising method is used to preprocess the noisy signal; Then, LPCC and MFCC features of
the noise signal are extracted separately, and combined to form feature vectors; Finally, the combined feature vectors are input into the
CNN-LSTM model based on deep learning to achieve fault diagnosis of rail transit transformers. The experimental results show that
the proposed LPCC-MFCC combination feature and CNN-LSTM model have an accuracy of 99.48% for rail transit transformer fault
diagnosis, and the accuracy, recall rate, and F1 score all reach 99.59%.

Keywords: rail transit transformer; fault diagnosis; noise signa analysis; feature extraction; deep learning
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