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Machine Vision Based Monitoring of Breakage and Slack Fault

for High Speed Railway Dropper

LIU Shiwang, HU Yunging, LIN Jun
( CRRC Zhuzhou Institute Co., Ltd., Zhuzhou, Hunan 412001, China)

Abstract: Dropper's breakage and slack threaten the stability of high-speed railway power supply system and reduce system
safety. Disappointingly, monitoring droppers and guiding maintenance are performed by manual inspection, and it has the problems
of low efficiency and poor safety. Therefore, it proposes an automatic dropper breakage and slack monitoring method. Dropper's
candidate regions are selected through prior knowledge, and an end-to-end detection network is designed to locate and identify the
fault. To overcome the imbalance between normal and faulty samples, data augmentation and gradient harmonized loss are adopted.
Experimental results show that using this method, the MAP is 86.2% and it cost 39.4 ms per frame, and the method can effectively
monitor breakage and slack faults of high-speed railway droppers.

Keywords: deep learning; version based detection; dropper; breakage and slack; automatic monitoring; detection network;
unbalanced-sample strategy
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Fig. 2 Dropper candidate region selection
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Fig. 3 Dropper fault detection network
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Fig. 5 Model hyper-parameter optimization results
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Tab. 3 Experimental result comparison of
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