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Abstract: Aiming at deflection or loss of high—speed railway fasteners caused by the loose fasteners in the bal-
lastless track of high—speed railway, this paper proposes a high—speed railway fastener detection algorithm based
on improved Faster R—CNN. Deformable convolution was introduced in the feature extraction network to build
Deformable Residual Convolution Block (DRCB), which makes the feature extraction process more focused on the
fastener region and achieves the accurate extraction of fastener state; and Alpha—loU was used as the target re-
gression loss function to improve the regression accuracy of high—speed railway fasteners. The experimental re-
sults show that the algorithm proposed improves the detection accuracy of high—speed railway fasteners and can
perform fastener localization and state detection more accurately than other algorithms.
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Fig.5 High-speed railway fasteners data set
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Tab.1 Experimental platform parameters

Lab environment Platform parameters

System 64-bit Windows system
RAM 326G
CPU model i7-7800X
Graphics card RTX2080-8 G
Learning rate adjustment multiplier 0.96
Weight decay 0.000 4
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Tab.2 Performance comparison of different feature
extraction networks

Backbone P,50/%
Py/% Frs
network Off Miss
ResNet50 99.07 72.12 85.09 10.99
ResNet101 99.19 74.38 86.78 10.37
ResNet101+DCN 99.26 74.97 87.12 10.13
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Tab.3 Performance comparison of loss functions

Detection P50/%
. Py/% Fis
algorithm Off Miss
Faster R-CNN  99.19 74.38 86.78 10.37
Faster R-CNN+  99.23 75.74 87.48 10.29
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Tab.4 Performance comparison with other algorithms

Detection Backbone P\50/% P\75/%
. Py/%
algorithm network Off Miss Off Miss
SSD VCG16 99.10 69.60 97.98 53.95 84.35
YOLOv4 CSPDarknet53 98.87 67.83 87.29 50.20 83.35
Faster R-CNN ResNet101 99.19 74.38 98.56 61.86 86.78
Ours ResNet101+DCN 99.34 76.80 99.12 65.12 88.07
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Fig.7 High-speed railway fastener detection example
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