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Fault diagnosis of high-voltage vacuum circuit breaker with a convolutional deep network

CAO Yupeng?, LUO Lin!, WANG Qiao?, ZHANG Jianliang®
(1. Liaoning Shihua University, Fushun 113001, China; 2. Zhejiang University, Hangzhou 310027, China)

Abstract: Information on mechanical conditions is contained in the vibration signals generated from the actuator control
system of a high-voltage vacuum circuit breaker. To overcome the limitation on feature representation in the traditional fault
detection methods, this paper proposes a hybrid network model combining a convolutional neural network and a long-short
term memory network. The convolution layer and gate recurrent unit in the network are respectively used for the feature
conversion and the extraction of local time-domain characteristics of the vibration signals. The feature extracted by the
network layers is sensitive to the fault. Experiments on a 10 kV high voltage vacuum circuit breaker show that the proposed
method is able to detect various types of mechanical faults. The ROC curve and PR curve show that the diagnostic effect of
the proposed model is better than a SVM model. This end-to-end fault diagnosis strategy improves the diagnostic accuracy of
the mechanical state of a high voltage circuit breaker by deepening feature mapping.
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