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Defect recognition of lightweight bridges based on YOLOvVS
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Administrative Law Enforcement Bureau of Transportation, Changchun 130012, China)

Abstract: Based on the YOLOVS algorithm, the feature extraction process was optimized by introducing
the FasterNet lightweight network structure to reduce the computational complexity of the model.
Combining Convolutional Block Attention Module (CBAM) attention mechanism to improve the model's
attention to defect features. Adopting the SIoU loss function to improve the accuracy of bounding box
regression and enhance localization accuracy. The experimental results show that the improved model has
achieved significant results on the self built bridge defect dataset, with accuracy and mAP reaching 81.2%
and 71.5%, respectively, which is a significant improvement compared to the benchmark model. This
study provides technical support for the intelligent detection of bridge defects, which is of great significance
for promoting the digital transformation of bridge maintenance management.
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Fig.3 Contrast diagram of backlight processing
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Table 1 Results of hyperparameter optimization
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Table 2 Analysis of the results of the ablation

experiments on the improved

YOLOVS5 algorithm
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Table 3 Comparison results of backbone networks
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Table 4 Comparison results of backbone networks
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