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Detection of split pins defect in catenary positioning tube
based on three-level cascade architecture

Wang Xinyu, Wang Qian, Cheng Duncheng, Wu Fuqing
(School of Electrical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract: The split pins of high-speed railway catenary positioning tube are easy to be loosed in the long-term running vibration of the
train. However, the number of loose samples is scarce. To solve these problems, this study proposes a three-level cascade architecture
expand the defect samples based on deep convolutional generative adversarial network ( DCGAN). Then, the convolutional neural
network (CNN) is trained to detect split pins defect. Firstly, according to the central point method, the same size image of split pins for
training is extracted. Then, DCGAN is used to generate simulated defect samples and a lightweight CNN network is formulated to screen
the generated samples. Finally, the extended defect sample set and the positive sample set are utilized to train the detection model on the
adjusted VGG16 convolutional neural network. In this way, the defective pins defect state detection can be realized. Experimental results
show that the proposed method can achieve 99% accuracy in split pin defect detection of catenary positioning tube.
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Fig.2  Three-level cascade pins defect detection architecture
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Fig.3 Positioning tube supports upper sleeve split pin

- <object>
<name>DW-DWGZC-SDTT-KKX</name=
<pose>=Unspecified</pose=>
<truncated>0</truncated>
<difficult=0</difficult>

- <bndbox:>
<xmin>744</xmin>
<ymin>674</ymin>
<xmax>757</xmax>
<ymax>688</ymax=>

</bndbox>
</object>

K4 XML SOl s T D A8 A5 B

Fig.4 Position information of split pin recorded in XML file
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Fig.6  Process of the center point method

for split pins extraction
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Fig.7 Generation of defect simulation samples based on the improved DCGAN network
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Fig.8 Verification and screen lightweight CNN network structures for simulating defect samples
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2 Gt i R
HA)Z - (75,75,3)
BRZ 1 3x3x64%2 (75,75,64)

ARk 1 2%2 (37,37,64)
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FoRk 2 2x2 (18,18,128)
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Rl 4 2x2 (4,4,512)
BRUZS 3x3x512x3 (4,4,512)
Rk 5 2x2 (2,2,512)
JER A - 2048
R 256 256
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Fig.10 Catenary high-definition image data acquisition device
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Fig.14 Results of verification and screen network
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Fig.12  The training process of generation simulated defect sample with the improved DCGAN
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Fig.15 Training situation of defect detection model
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Fig.16  Comparison of test results of the same sample on two models
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Table 2 Comparison of the accuracy of different

methods for detecting split pin defects
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Fig.17 Comparison of ROC curves of different models
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