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Railway Fastener Segmentation Method Based on Sc-Deepl.abV3 + Model

HUANG Kun, HE Lang and WANG Zhanqing

School of Science, Wuhan University of Technology, Wuhan 430070, China

Abstract The deterioration of track fasteners is a critical factor affecting railway traffic safety. Utilizing deep learning image re-
cognition methods for segmenting images collected by track fastener detection robots can significantly improve the efficiency of
fastener defect detection. This paper addresses the current lack of publicly available datasets for track fasteners and the challenges
posed by complex backgrounds that increase segmentation difficulty and processing time. This paper manually creats the RFS
(Rail Fastener Segmentation) track fastener dataset and proposes a segmentation method based on the Sc-DeeplLabV3+ model.
By replacing the backbone network of the original Deepl.LabV3-+ model with the lightweight MobileNetV4.,it accelerates compu-
tation speed and introduces an improved S-ASPP(Switchable Atrous Spatial Pyramid Pooling) module to enable the network to
achieve denser pixel sampling, enhancing its ability to extract detailed features. Additionally, it incorporates the CSWin(Cross-
Shaped Window Self-Attention) attention mechanism to compute horizontal and vertical attention in parallel, reducing interference
from complex backgrounds. In the experimental section,this paper proposes the RailAugment data augmentation technique to ef-
fectively increase the diversity and coverage of the dataset,ultimately resulting in a total of 6832 images,including 4782 for train-
ing,1366 for validation,and 684 for testing. Experimental results show that the mloU and mPA reach 95.17% and 97. 14 % ,re-
spectively, which represent improvements of 2. 19 percentage point and 0. 36 percentage point compared to the original model. Al-
though the performance improvement is relatively small,significant improvements are observed in detailed feature extraction and
background interference handling. Furthermore, the Sc-DeeplLabV3-+ model is validated on the DeepGlobe dataset,demonstrating
its robustness and generalization ability. Its inference speed is 51. 4 ms and 66. 5 ms faster than the mainstream Swin-UNet and
Segmenter models.respectively,showing good efficiency and real-time performance. Therefore, this model has broad application
potential in railway maintenance and other fields,effectively reducing labor and computational costs while improving detection ef-

ficiency.
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Fig. 8 Effect diagram of RailAugment data augmentation method
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5.1 ETFMEHHRIILER

1T 85 3F MobileNetvd W 45 094 %P, 78 RFS 4 4
b 3 TR W] M 28 4% R DeepLab V3 445 51 1 32 485 4 42 B MY
HAEAT XL SEHR . AR 2 Jir 51, MobileNetV4 ) mPA
96.35% . fX & Xception & 0. 43% ., {H & F ResNetl01 Fi
VGG16 (1) 7. 88% F11 12. 05% . MobileNetV4 [¥) Accuracy Fl
mloU 43 %)k 95. 11% Fl 91. 50% , W& K F Xception [ 95. 67%
192,36 % . [Al KERE 5 T ResNet101 #l VGG16, fES & I,
MobileNetV4 B S5 &AL 1. 392 X 107, I K T H il ™
%, VGG16 7 1. 659 X 107, #Z fik T ResNet101 Hl Xcep-
tion, 7EHEFENTA] F MobileNetV4 #f [ ResNet101, Xception
il MobileNet V2 fiy # B 57 R, % W] & 19 & b Xception $R T
21.56 ms, MobileNetV4 76 8% B | 2 £ it Al #fE 3 0 [7] =2 [7] 52
BT R P A BE R B AR 2T Xeeption, [A] I B A A%
T3 ) 4% 1) 2 0 ke R A B A [, i EC R S 9E TR A7 BR IR BT
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Table 2 Comparison results of different backbone networks

EFFHR% mPA/% Accuracy/ % mloU/% S E 4 7 i 18] /ms

VGG16 84.30 87.34 85.93 3.051X107 16. 22
ResNet101 88.47 90.71 88.49 2.949 X107 20.93

Xception 96.78 95. 67 92. 36 2.537 X107 37.28
MobileNetv2 95,94 94. 20 90. 79 1.643x107 17.34
MobileNetv4  96. 35 95.11 91.50 1.392x107 15.72

5.2 ATEHIAY R B A &tk X bk 038

A ) B 2 I 23 ) 4 3 Ak (S-ASPP) J2 8 $i B Y
TR Y R AE 28 3 S [ 25 VI 2R 04 2 3 4 RS T8 P 4% o R gk
PR ZR . TEBRBL IR 4 BT 55 b 7 AR 0 0k B K
15 0 P A 38 1Y A T %, DA B R AR A B 25 5. 1% R ASPP
FY (6,12, 18) VBN — A2 BT, J T 8 4 1 14 25 T 45 3
B2 T 3R E T LLR 28 I SR A ok BEAT X H SE G S2 6 08
RFS ¥4 4 75 2 I 25 B 98 4, i ] MobileNetV4 4 3 T
%] 2%

M2 3 [ 15,(3,9,15) 25 i KA & F Wt mPA 5
) 96.71% , Accuracy N 97. 07% . mloU Jy 93. 74 % , A 1L 4%
HAEJy S ASPP 45 3 1 23 T 4 B

# 3 S-ASPP B RE XS LS50

Table 3 Performance comparison experiment of S-ASPP module

75 #PRE mPA/ % Accuracy/ % mloU/ %
1 (2,5,7) 95.53 96. 49 92.62
2 (3.9,15) 96.71 97.07 93.74
3 (4,16,24) 95.93 96.71 92.43
1 (5,15,25) 95. 64 96. 10 92.13

5.3 EHREU XL EIE

fdi I RFS 040 4 V8 4 U1 2R B80His 45 - ff 1 MobileNet V4 &
T/ %% %) S-ASPP i g . CSWin 7 7 Sy HLH, LA K S-ASPP
BEH I CSWin 7 B 5 HLHI A9 25 & 247 20 M o bk, a3k 4
g,

A4 BRI TERE X L2 SR

Table 4 Performance comparison results of improved modules

S-ASPP CSWin mPA/ % Accuracy/ % mloU/ %
96. 14 95.32 91.57
N 96. 71 97.07 93.74
N 96. 43 96. 79 93.42
N N/ 97.14 97.86 95.17

MG 4 145 R . S ASPP BEH g 51 AR T T 2 BIAE 55
HONY AR R Ay AL BRAE ) R AR T R T L HER
FEAFAESRICRE S $R TE 1 4r EURS BE . CSWin U 2 ) #L il 1 o
TREAL B AR B TE PRy 3 TR SRR Y5
W] R AR G BRI A T S-ASPP . {H X T $8 T B 0 8 A (g 7
SEAM AN H AR X > RE A B AE . S-ASPP Al CSWin f 25
BT Bk B, RPN S B S5 b, R
B EAME R T AR R T TR R A PERE A B T
SR .

5.4 EXZEERI L

e Wl — ¥ 85 T, $ U-Net, SegNet, DenseNet, PSPNet #ll
DeepLabV3-+ X 5 it & Mt 15 S 43 H1 8L B DL K 3 30 42 11 1Y
Swin-UNet!"* #il Segmenter™' ™ ## , 5 4% % Sc-DeepLabV3+
RERITE RES B4t 88 b -4 Ik, B A S 50 34 78 A [) 9 5% 56 34
BERER A AT . A5 B0 S [ AL 10 S RS AT AN 48 B L
KSH a5 B,

# 5 RESH4E LR RIASE LAY P g X o 45 21
Table 5 Performance comparison results of different models on

RFS dataset

Algorithm mPA/ % Accuracy/ % mloU/ % 55 E
U-Net 85.62 95.22 82.04 7.850X10°
SegNet 86.62 95. 84 83.39 2.736%107

DenseNet 91.91 96. 47 89.02 2.868x107
PSPNet 96. 21 94,18 90. 97 4.671x107

DeeplLabV3-+ 96.78 95. 67 92. 36 5.471X107
Swin-UNet 97.02 97. 27 94. 08 5.965>107
Segmenter 97.11 97.50 93. 80 5.350%107

Sc-DeepLabV3+ 97.14 97. 86 95.17 3.048 X107

M 5 A PLFE ), Sc-DeepLabV3 + Y mloU A 3| T
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TR FN A Y RN A VERR 4> I RE ) . 5 A BIBLAR LE L Sc-
DeepLabV3-+ [ 4 J¥ 3 8L IA] £ %€ th . 2 mPA, Accuracy
mloU 3 M85 % 5 Swin-UNet #ll Segmenter 2 T , 7 B 1% 5%
BRI Bt H A — 3% 71, Sc-DeepLabV3 + [ S 8 & H
3.048 X107, B ZE AL T E Al DeepLabV3+,Swin-UNet £ Seg-
menter,iX &K & Sc-DeepLabV3 4 & F i) 2 4% & 9% Mobile-
NetV4 F T M4, B Uz R AE TR A BRI T Re g
AT AR 55, B A T A FVE Ty A, HLgE— 25 e 75
O IFRD TN AT AR H TR B B 9 SR R gl i R A
Al BE

NIEL 9 (43 B R B AT DU A [R) 4 B0 7E b 3 RFS 4%
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Fig. 10 Performance comparison histogram of different segmentation models
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AR R ECZ BB . 2 6 AR o A B 4 b
125 A LB M BB AR X B AR, JE H 2 7E mPA Fil mIoU 1Y 45 45
Io R Rail Augment 0308 389 3 5 R B0HE 4 09 2 #1E
MEB SR T AHKIET. £ 5+ Sc-DeepLabV3+ 7 mPA
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Table 6 Comparison results of the performance of different models

on the original RFS dataset

Algorithm mPA/ % Accuracy/ % mloU/ %
U-Net 81. 20 92. 35 78.01
SegNet 82.35 93.12 79.43

DenseNet 87.45 94. 20 84.13
PSPNet 90. 15 92.75 85.42

DeeplLabV3+ 91. 87 93.35 87.1
Swin-UNet 92.05 94.12 88.12
Segmenter 92.57 94. 42 88.72

Sc-DeepLabV3+ 92.90 94.57 88.98

A 11 7T LIS L RailAugment 038 18 55 78 3 FH AL A v
e 15 vz AL AR T R I Bk B 2 PR O TR A 1 3 O B
AT 5 50 1 5 AR R e A A R 2R Y 3 R E T, Se-
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Fig. 11 Model performance comparison before and after data

augmentation
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Table 7 Comparison results of the performance of different models

on DeepGlobe dataset

Algorithm mPA/%  Accuracy/% mloU/% I 7 B H /ms

U-Net 85.23 96.43 76.81 63.3
SegNet 83.76 95.98 74.89 156.5
DenseNet 87.45 97.21 77.88 103.5
PSPNet 87.01 97.68 79.33 90.8
DeeplabV3+ 88. 81 97.81 78.77 104. 4
Swin-UNet 89. 35 97.92 80.62 95.2
Segmenter 88.92 97. 85 79.20 110.3
Sc-Deepl.abV3—+ 89. 21 98.19 80. 05 43.8
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RGN 43 F J7 1k I PR A 2 Bl 4R RFS LU
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