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Transmission line fault diagnosis based on RPM mapping and GAN-CNN-RF

Kai Tao, Ziyu Yu, Guoyu Ma, Yi Wu*
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[ Abstract] Transmission lines are the core component of electrical energy transmission. Consequently, rapid
and accurate identification of fault types is considered crucial when faults occur in transmission lines. For traditional
fault diagnosis methods, feature selection is excessively dependent on subjective judgment, which could miss the
critical feature information. A transmission line fault diagnosis method based on RPM mapping and GAN-CNN-RF
was proposed in this research. First, original signals were transformed into two-dimensional images by RPM
(Relative Position Matrix) mapping. Subsequently, typical features of the two-dimensional images were
automatically extracted by a CNN (Convolutional Neural Network) and fed into a RF (Random Forest) for fault
diagnosis. Considering the difficulty in obtaining the real fault data, the training set of real fault data was augmented
using a GAN, significantly improving the model’s training performance. The model was validated on both Simulink-
simulated datasets and real-world datasets. Compared with the models including EfficientNet, AlexNet, and LeNet,
the proposed CNN-RF performed well across all evaluation metrics on both datasets. The effectiveness of this method
in transmission line fault diagnosis was experimentally confirmed.
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