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Research on the method of fastener state recognition
based on semantic segmentation
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Abstract: Track fasteners are important basic components in rail lines. During operation, these fasteners endure the squeeze and
impact from vehicle wheelsets. Such forces can cause fractures, displacement, loss, and other issues, which can compromise train
travel stability and safety. Therefore, detection of fastener status is essential work. A deep learning—based semantic segmentation
model, Fastener—SSN ( Fastener—Semantic Segmentation Network) , has been developed specifically for the segmentation of railway
fasteners. To enhance computational efficiency, the network incorporates a lightweight design through the Partial Feature Pyramid
Attention (PFPA) module, reducing overall parameters by 0. 15 M and FLOating Point operations ( FLOPs) by 0. 22 G. The
integration of the Efficient Channel Attention ( ECA) module improves dual —branch channel information extraction, thereby
increasing robustness in fastener segmentation. Further analysis is conducted using the characteristics of connected domain area and
quantity , achieving the detection of fastener status. Experimental results show that the designed railway fastener segmentation model
achieves a frame rate of 184.3 Frames Per Second (FPS), with a mean Intersection over Union ( mloU) of 92. 69% and a mean
pixel Accuracy (mAcc) of 95. 66%. The devised fastener condition classifier effectively performs classification and detection of
fastener states, demonstrating strong applicability.

Key words: deep learning; semantic segmentation; fastener inspection; connected domain analysis
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Fig. 1 Block diagram of track fastener state detection
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Fig. 3 Diagram of Bottleneck network structure
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Fig. 5 The process of ECA module
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Fig. 6 Normal and defective fastener classification process
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Table 1 Experimental environment and parameters configuration

AR eI e
BIERSE Windows 10 22H2
CPU AMD Ryzen5-5600 6%
GPU NVIDIA GeForce RTX 3060 12 G
Python 3.8.0
Pytorch 2.0.0
CUDA+cuDNN 11.8+8.6.0
Batch size 32
ETE S 0.01
&2 0. 005
Ptk SGD
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Fig. 7 Comparison of detection results of different networks
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Table 2 Comparison of network improvement experiments

[ 2% SHU/M | FLOPs/G | FPS 1 mloU/% 1 mAce/% 1
Deeplabv3!!”! 65.74 276. 48 16.97 91.75 95.79
Deeplabv3+!'#! 41.22 184.32 20.03 91.52 95.59
U-net! ™! 28.99 204. 80 64. 34 90. 83 95.17
Bisenetv1 2] 13.27 14.82 156. 99 91.73 95.98
Bisenetv2! 2! 3.36 12.36 139.15 90.21 95.02
Fast-SCNN['#] 1.40 0.93 190. 60 88.27 94.51
AR SR 1.1 0.71 184.30 91.81 95. 44

R3 HEEFERTEXLL
Table 3 Experimental comparison of feature selection module

[ 2% SHUM | FLOPs/G | FPS 1 mloU/% 1 mAce/% 1
SCNN+PFPA 111 0.71 184.3 91.81 95.44
+SE 1.44 0. 86 117.5 90. 61 94.07
+CA 1.33 0. 80 99.9 91.20 94.72
+CBAM 1.35 0.78 95.8 91.38 95.18
+ECA (A SCHEAD) 1.25 0.71 179.6 92. 69 95. 66
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Table 4 Comparison of ablation experiments

Pt = PFPA ECA ZHM | FLOPs/G | FPS 1 mloU/% 1 mAce/% 1

Fast—CNN 1.40 0.93 190. 6 88.27 94.51
+PFPA vV 111 0.71 184.3 91.81 95.44
+ECA VvV 1.53 0.96 175. 4 90.75 94. 81

AR A Vv vV 1.25 0.71 179.6 92. 69 95. 66
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Table 5 Inspection results of test set
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Table 6 Inspection results of actual railway fasteners
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Fig. 8 Classification of normal and defective fasteners
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