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Identification of the catenary small target defects in deep learning

Gu Guimei Wang Xiaoliang

(School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: The dropper clamp bolt is an important component of railway power supply line, which can affect the flow quality of electric
locomotive. Therefore, this paper improves the SSD algorithm: Firstly, a lightweight neural network MobileNetV3 is introduced for front-
end feature extraction to reduce the model complexity and improve the detection speed; secondly, CA attention mechanism to replace the
SE module of the linear bottleneck layer with inverted residuals structure, aggregate the position information in the two directions of
space, and the adjusted feature layer can capture the global remote feature information. Finally, the feature fusion module for
reconstructing the feature layer is designed to adjust the small target detection layer to improve the detection effect of small targets. This
paper also expands the training sample with CycleGAN to solve the problem of insufficient data set. The experimental results show that
the model complexity of the improved algorithm decreased, and mAP @ 0.5 and FPS reached 95. 5% and 81 fps, respectively. This
study helps the transformation of catenary detection instruments to small mobile embedded devices.
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Table 2 Performance Comparison of each algorithm model

AP

R : — mAP@0.5 JEE/G  BEE/M  FIEKIE
normal loosing missing

Faster-R-CNN ( VGG-16) 0.912+0.38  0.921+0.32  0.926+0.21 0.920 369. 793 136. 750 14
YOLOv7 0.912+0.15  0.883+0.18  0.902:0. 12 0. 899 103. 62 35.232 72
DSSD 0.916+0.58  0.936+0.32  0.926+0.28 0.926 83. 654 61.255 16
FSSD 0.901+0.62  0.923+0.26  0.916+0.22 0.913 66. 354 28.363 58
SSD300 0.886+0.18  0.901+0.12  0.921+0.09 0. 902 61.055 24.013 79
[lEii=RiR Rl 0.931+0.22  0.973x0.21 0.961+0. 08 0. 955 55.232 17. 602 81

(a) BRI E

(a) The original figure

(b) RHIE
(b) The identification figure

(o) REBKE
(c) Partial enlarged figure
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Fig. 13 Defect recognition results of the improved algorithm
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