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To address issues in steel structure bolt defect detection such as low efficiency, high missed detection and false
judgment rate of manual visual inspection, poor detection accuracy, weak anti-noise capability, and large number of
computational parameters of traditional deep learning models, this paper proposes a bolt defect detection model based
on improved YOLOvS8. The model improves the backbone using poly-scale convolution and enhances spatial feature
extraction capability through multi-dilation rate convolution kernels. It introduces CSPStage and DySample modules
to optimize the neck, strengthens the efficiency and quality of multi-scale feature fusion, and improves the model’s
anti-noise capability in complex scenarios. For dataset acquisition, DJI Mavic 4 Pro unmanned aerial vehicle was used
to collect images of steel truss joint bolts from the Pingyin Yellow River Bridge. Combined with CLAHE

preprocessing and data augmentation strategies to improve image data quality, a steel structure bolt defect detection
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dataset containing four states: rusty, loose, missing, and normal was constructed. Experimental results show that the

improved YOLOv8-GDFPN model achieves a mean average precision (m,,) of 83.5% and an accuracy of 88.1% on

the self-built dataset, which are 4.9% and 4.5% higher than the YOL.Ov8 model, respectively. The model has 3.263

M computational parameters and an Fpq value of 181.8 frames per second, achieving a balance between detection

accuracy and inference efficiency. This model can provide a reference for intelligent detection of bolt defects in

complex outdoor scenarios.
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model optimization; anti-noise capability
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Table 1 Technical parameters of unmanned aerial vehicle
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Fig.1 Bolt image acquisition scenes
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Table 2 Causes and hazards of common defects of bolt
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Fig. 2 Typical bolt defects
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Fig. 11 Plot of changes in training parameters
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Table 4 Results of ablation experiments
Base (v8) -+ PSConv -+ CSPStage -+DySample G
map/ %0 A%  P/% R/Y%  F/%  Pumd/M Fiop/G  Fis
N 78.6 83.6 68.8 574  62.6 3.006 81 3125
N, N 78.0 84.1 72.3  64.2 68.0 2.721 7.5  285.7
N, N N 79.3 85.1 71.3  66.4 67.8 3.122 7.8 294.1
N N 81.7 87.5 77.9 631 69.7 2.441 6.9 2857
N N N/ 82.2 87.3 78.8  67.8 729 3.022 8.6  200.0
N N N/ N, 83.5 88.1 79.9  69.0 74.0 3.263 8.3 1818
x5 MEEXWER
Table 5 Results of comparative experiments
Hk map/ % A% P/% R/% F\/% Poun/ M Fron/G Fos
YOLOV5 77.0 84.0 80.2 68.4 70.8 2.503 7.1 277.7
YOLOVS 78.6 83.6 68.8 57.4 62.6 3.006 8.1 312.5
YOLOvV10 73.2 85.8 75.5 63.0 68.7 2.265 6.5 322.6
YOLOv8-GDFPN 83.5 88.1 79.9 69.0 74.0 3.263 8.3 181.8
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Fig. 12 Visual image comparison
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