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Research on state detection of track fastener based on YOLO improved algorithm

WANG Bingshui, ZHENG Shubin, LI Liming, ZHONG Qianwen
(School of Urban Rail Transportation, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Fasteners as devices for fixing rails and sleepers, have a direct impact on driving safety. However, at present, manual
patrol inspection is mainly used in China, which is inefficient and has a high rate of missed detection. The detection results rely
heavily on the technical proficiency of the patrol personnel. In addition, the tiny difference between the fastener and the background
in the image is small because of the small target of the fastener taken by the patrol equipment. This paper presents an improved
YOLO algorithm to detect the status of track fasteners. The core idea adopts multi—scale feature detection and assigns weights to
feature channels to solve the problem of feature information loss of small and medium targets in traditional YOLO using Darknet-53
as the basic network and improve the detection speed and accuracy by doing Clustering Analysis of Data Set Target Box combining
with K-means. Now, some sample images are augmented and expanded to make the sample distribution of the data set more
balanced. The experimental results show that the improved YOLO can quickly and accurately identify the fastener status, and the
recall rate reaches 95.2% while the average accuracy reaches 96.7%.

[ Key words] YOLO; multi-scale feature fusion; K—means cluster analysis; data augmentation
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Fig. 1 Fastener status detection process of traditional YOLO algorithm
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Fig. 2 Improved YOLO algorithm framework for detecting track fastener status
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Fig. 3 Multi—scale feature fusion effect diagram
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Fig. 6 K-means clustering analysis results
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