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[ Abstract] To address the problem of large model volume and model parameters in the traditional algorithm for subway vehicle
axle box cover bolt detection tasks, an improved YolovSs algorithm is proposed. Our method uses the GhostNet residual structure
idea and squeeze excitation to construct a GGS model structure as the backbone. The model uses depthwise separable convolution for
feature down-sample during the process of multi—scale feature fusion. Experimental results show that the algorithm achieves an
average precision of 72% in locating the bolts (a 2.8% improvement over the original network) with the network model size reduced
to 5.6 m (a 62.2% reduction compared to the Yolov5s network model ). With no loss of accuracy compared to the Yolov5s
algorithm, a significant reduction in model size and model parameters is achieved in this paper.
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Fig. 1 Vehicle axle box cover bolt localization model based on improved YolovSs algorithm
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Fig. 2 Improved Yolov5 network structure
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Fig. 3 Structure diagram of Ghost model and GGS model
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Fig. 4 Backbone network structure of the improved network
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Tab. 1 Comparison of backbone parameters before and after improvement

EF ML (HT) BN S ETML(J5) B S S/ %
Conv 3 73,984 GhostBottleneck 2 18,784 74.61
CSP 161,152 GhostBottleneck 1 32,928 79.57

SE 2,048 -
Conv 3 295,424 GhostBottleneck 2 66,240 77.58
csp 641,792 GhostBottleneck 1 115,008 82.08

SE 8,192 ——
Conv 3 1,180,672 Conv 3 1,180,672 -
SPP 656,896 SPP 656,896 -

SE 32,768 ——
total 3,009,920 total 2,113,536 29.78
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Fig. 5 Depthwise separable convolution structure
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Tab. 2 Comparison of model parameters in PANet before and after improvement

PANet £ (§ij) Edie PANet £5# ()5 ) PR SR SRR/ %
CSsp 1,248,768 GhostBottleneck 1 142,208 88.61
Conv 131,584 DWConv 1 1,024 99.22

DWConv 3 5,120 -
CSpP 378,624 GhostBottleneck 1 38,336 89.88
Conv 33,024 DWConv 1 512 98.45

DWConv 1 512 —-=
CSpP 95,104 GhostBottleneck 1 10,976 88.46
Conv 147,712 DWConv 3 31,360 78.77
Csp 313,088 GhostBottleneck 1 38,336 87.75
Conv 590,336 DWConv 3 62,720 89.37
Csp 1,248,768 GhostBottleneck 1 142,208 88.61
total 4,187,008 total 473,312 88.69
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Fig. 6 Comparison of model parameters and model size of three

algorithms
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Fig. 7 Loss curves of three algorithms
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Tab. 3 Comparison of the average accuracy of Yolov5s, YolovSs—
ghost and Yolov5s—GGS-DW

8] 245 S Bolt_A Bolt_B Boli_C Boli_D
Yolov5s 99.5 97.8 99.6 99.5
Yolov5s—ghost 99.7 96.1 99.6 99.5
Yolov5s-GGS-DW 99.7 97.8 98.6 98.3
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Tab. 4  Comparison of the performance metrics of the three
algorithms
) 284 55 75 P/ % gflops mAP50/ %
Yolov5s 99.3 16.8 99.1
Yolov5s—ghost 99.5 10.6 98.7

Yolov5s-GGS-DW 99.6 5.8 98.6
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