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Research on Rail Surface Defect Segmentation
Based on Bimodal Fusion

Luo Hui, Han Yuelin, Ma Zhiwei, Si Chenghao

(School of Information and Software Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract: Due to the long-term repeated loading, surface defects occur in high-speed railway steel rails. In order
to improve the accuracy and speed of surface defect detection for multiple classes and scales of steel rails in com-
plex scenarios, a steel rail surface defect segmentation network based on multimodal fusion (DAFNet) is de-
signed. Firstly, a steel rail surface defect dataset containing visible light and infrared channels is constructed, and
an improved dual-branch network architecture is adopted to increase segmentation speed. Simultaneously, a bi-
modal adaptive fusion module (BAFM) is designed to achieve adaptive feature fusion, improving the segmenta-
tion accuracy of steel rail surface defects in complex scenarios. Additionally, a spatial detail extraction module
(SDEM) and a key information enhancement module (KIEM) are designed to further enhance the perception of
defect edges and address the low contrast between defects and backgrounds in complex scenarios. Experiments
show that the accuracy and mloU of the designed network segmentation reach 68.13% and 59.96% respectively,
which are significantly better than other mainstream networks. Moreover, FLOPs, parameter quantity, and model
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size are 17.41 GFLOPs, 1.38 M, and 5.67 MB respectively, which are better than most mainstream networks.

The designed network significantly improves the segmentation accuracy of steel rail surface defects and has a

high segmentation speed, which is of great significance for ensuring the safe operation of high-speed railways.
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modal fusion
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Fig.1 Overall framework
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Tab.1 Encoder structure
Bt i ERW i ARSH(RGB) i ARGH(NIR) i RF

ConvBlock 3*3 3x784x1 344 1x784x1 344 16x392x672

= BAFM - 16x392x672 16%x392x672 16x392x672
SDEM - 16x392x672 16x392x672 32x196x%336

ConvBlock 3*3 16x392x672 16%392x672 32x196x%336

g 2 BAFM - 32x196%336 32x196%336 32x196x%336
SDEM - 32x196%336 32x196%336 64x98x168

ConvBlock 3*3 32x196%336 32x196%336 64x98x168

Mk 3 BAFM - 64x98x168 64x98x168 64x98x168
SDEM - 64x98x168 64x98x168 128x49%84

GBS 4 ConvBlock 3*3 64x98x168 64x98x168 128%x49%84
BAFM - 128%x49%84 128%x49%84 128%x49%84
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T mm e BEEEAAE

!
|
!
!
!
|
|
|

ZIAEE SR )

-

L

Concat

=

[ MaxPool ][ AvgPool l

3 BEEEAEFEEIER OGRS
Fig.3 Channel attention mechanism and spatial
attention module
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Fig.4 Gating mechanism
wi =zh +(1-2)h, (5)
z= Sigmoid(ConvlXl(Cat(hl,hz))) (6)
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Tab.2 Decoder structure
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Fig. 6 KIEM module
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Fig. 7 Original image of rail surface defects
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5.1 XftbsEie

R T BAEA ST 2% i St S R
5 X4y %) W 4% (FCN, DEN, FuseNet™™, ACNet",
MFNet, RTFNet, FEANet, GMNet, CMX"") it 17 %}
Lb, H 35 A S N 4% FCN, DFN
51,1 N[RIAEHY ) o3 RS BE X LS5

R 3B T A 25 FE mAce Fll mloU F8 45 I
HXT LE SR g R . LR X B R T E
F 2 RIZEWP R , PRSI 4% T6t = NIR
BRI S, 255 01 B SUR A i UL M 2% [A]
A, AR SCHTHRE HY DAFNet 265 X bb H Al SR 2 o 2%

R3I TERBMBEILER

Tab.3 Accuracy comparison results of different models %

2% 25 mAcc mloU

FCN (ResNet-50) 51.21 48.81
DFN 43.34 43.15
FuseNet 55.37 50.96
ACNet 62.98 57.51
MFNet RGB 61.74 55.04
RTFNet NIR 565 46.18
FEANet (ResNet-50) 54.77 52.39
GMNet 52.53 48.91
CMX 53.02 49.85
DAFNet 68.13 59.96
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Fig. 9 Visualization results of different models
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Tab.4 Comparison of FLOPs, parameter count, and
model size of dual-modal networks

P 2% FLOPs/GFLOPs ~ Z#ip/M A K/MMB

FuseNet 241.89 42.12 168.65
ACNet 106.04 111.20 445.83
MFNet 6.72 0.70 2.88

RTFNet 29.19 29.55 118.45
FEANet 208.93 177.31 710.05
GMNet 127.86 146.36 586.40
CMX 5.85 10.43 41.89
DAFNet 17.41 1.38 5.67
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Tab.5 Experimental results of robustness comparison of DAFNet %
N JeH Ik BNk
T mAcc mloU mAcc mloU
el 60.87 52.35 64.54 56.53
AR (17.26) (l7.61) (1329) (13.34)
e el 62.12 53.56 65.21 56.98
BB (le6.01) (16.40) (1292) (1298)
R 61.21 52.95 64.83 56.52
BRI (1692) (17.01) (13.30) (13.44)
B 64.53 57.13 66.56 58.07
AT (13.6) (12383) (11.57) (11.89)
iy | 64.14 56.34 65.89 57.74
(13.99) (13.62) (1224) (1222)
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Tab.6 Comparison of ablation experiments

1) SRR B S R 28R, R LA b g 20 )
HE

for various modules % . .
™ 2) BAFM 5S8R BE S IR (14 F 38 N Al 32
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oK e <0 a ORI T e 1 43 R
NDK 56.97 52.03 3) SDEM A5 ] L4 55 X A 0 2 1 il g R i
NDA 57.96 52.71 ) 2SR 4075 Rk hg
NAK 5698 5175 4) KIEM LB AT RO AL A5 e kI 5
DAFNet 68.13 59.96
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