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Fig.1 Flowchart of proposed method
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Fault diagnosis method of inter-turn short circuit of rotor winding of
synchronous motor based on CGAN-CNN
LI Junqingl,LI Sixuan', CHEN Yatingl,WANG Zhenxingl,HE Yuling2

(1. Department of Electrical Engineering, North China Electric Power University , Baoding 071003, China;

2. Department of Mechanical Engineering,North China Electric Power University,, Baoding 071003, China)
Abstract: Due to the small number of synchronous motor fault samples,in order to solve the problem of
unbalanced sample problem in fault diagnosis of synchronous motor, fault diagnosis method of inter-turn
short circuit of rotor winding of synchronous motor based on CGAN(Conditional Generative Adversarial Net-
works) and CNN(Convolution Neural Networks) is proposed. Firstly,the data collected by sensors is prepro-
cessed, the normal and fault samples are respectively labeled and then put into CGAN to generate a large
number of new samples. The generated new samples are mixed with the original samples,and they are divide
into training set and test set. Then the CNN model is used to train the balanced data set to extract the
effective fault features fully and accurately. Finally,the fault classification results are outputted by Softmax
classifier at the output end. The experimental results show that compared with the unbalanced data set,the
fault recognition accuracy of the balanced data set is very stable and reaches over 99.5%. Moreover, com-
pared with the balanced original sample data,the generated samples avoid noise and other interference,and
the accuracy of fault diagnosis is also higher.

Key words: synchronous motor;conditional generative adversarial network ; convolution neural network ; genera-

ted sample;inter-turn short circuit of rotor winding;fault diagnosis
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