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Abstract: Aiming at the problems of low segmentation accuracy and low detection efficiency of split pin defect
detection algorithms based on semantic segmentation, this paper proposes an improved method of split pin defect
detection for catenary based on Deeplabv3+. Firstly, the MobileNetv2 network is pruned, and the MobileNetv2
network is replaced with Xception for feature extraction, which can greatly reduce the consumption of computing
resources and improve the detection efficiency. Then, CBAM(Convolutional Block Attention Module) is integrated
into ASPP(Atrous Spatial Pyramid Pooling) module, and CBAM is introduced to process shallow features of input
Decoder network, enhance the perception of split pin edge features, and improve the accuracy of model semantic
segmentation. In order to alleviate the negative impact caused by the imbalance between split pin region and
background region and improve split pin segmentation accuracy, CEDice Loss is used as the Loss function in this
paper, combining the advantages of Cross—Entropy Loss and Dice Loss. Finally, according to the principle of
split pin defect discrimination formulated in this paper, the state recognition of split pin is carried out according

to the color and shape information of image segmentation. The experimental results show that compared with the

Y75 H 81 :2023-08-20
E£TE : FEHRREIE G IX I E (52165069) ; FE % F AR # AL & 774 254 (52005182) s VEVG 44 HH T AL H (G12200621)



% 5 4

FWRH A5 T B DeepLaby3+ 1 £ ik 0 - 1145 e b 46 ) 121

original DeepLabv3+ model, the MPA and MIOU of the improved DeepLabv3+ model are improved by 3.54%

and 3.42%, respectively, and the testing time is reduced by 14.41 ms per image, and the model parameters is

reduced by 88.61%. In terms of defect identification, the accuracy of the method for missing, loose and normal

split pins is 100%, 98.1% and 99.5%, respectively, which can quickly and effectively identify split pin defects.
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2 112x112x32 Bottleneck 16 1 1
3 112x112x16 Bottleneck 24 2 2
4 56x56x24 Bottleneck 32 3 2
5 28x28x32 Bottleneck 64 4 1
6 28x28x64 Bottleneck 9% 3 1
7 28x28x96 Bottleneck 160 3 1
8 28x28x160 Bottleneck 320 1 1
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Tab.3 Performance metrics for different models

Parameter/ Testing time/

Models MPA/% MIoU/%
ms
UNet 89.35  83.58 43.93 25.24
PSPNet 90.93  86.25 46.71 29.92
DeepLabv3+ 91.12  86.34 54.72 32.98
Imp-
94.66  89.76 6.23 18.57
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Tab.4 Results of ablation experiments

Models MobileNetv2 CBAM CEDice Loss MPA/% MIoU/% Parameter/M  Testing time/ms
Model 1 x x x 91.12 86.34 54.72 32.98
Model 2 vV x x 91.65 86.35 5.82 16.35
Model 3 x vV x 93.45 87.21 56.38 34.62
Model 4 x x vV 93.17 87.74 54.72 32.98
Model 5 X VvV vV 93.78 87.91 56.38 34.64
Model 6 vV vV X 94.26 88.22 6.23 18.56
Model 7 vV X vV 94.05 88.86 5.82 16.57
Model 8 vV vV vV 94.66 89.76 6.23 18.57
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Tab.5 Recognition accuracy of different methods ¢,

Methods Missing Loosening Normal
state state state
Method™ 100.0 84.0 95.3
MobileNetv2 99.2 93.3 97.5
Method of this =50 98.1 99.5
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