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Fig.2 Structure of the attention module
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Fig.5 Typical subgrade defect in GPR images
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Table 1 Comparative results of CBAM module

. KR, BEE, FAR masy/ Mo/ IR TR IR SRR/
% % % % % (GPU) (CPU) 10°
YOLOvS 90.5 86.9 88. 66 89.2 62.8 263. 306 13.183 7.02
C1 — YOLOv5 93.8 85.4 89. 40 90. 1 62.6 230.923 13.598 7.05
C2 — YOLOvS 91.4 87 89. 14 89.8 60.5 194.775 13.443 6.70
*2 HEHAWER
Table 2 Results of ablation experiments
o W, B, FAB/ mgs/  maseos/ (STUI Vb (STUIIEA SR/
% % % % % (GPU) (CPU) 10°
YOLOvS 90.5 86.9 88. 66 89.2 62.8 263. 306 13.183 7.02
C1 — YOLOvS 93.8 85.4 89. 40 90. 1 62.6 230.923 13.598 7.05
C1 —DH - YOLOv5 9.4 83.5 88.62 89.1 60.7 75. 094 0.733 12.33
Cl1 - CG - YOLOvS 93.5 86.3 89.76 90.8 64.2 202. 294 12. 806 6.12
Cl1-CG—-DH-YOLOv5 91.4 87.6 89. 41 91.3 65.1 72.485 0.734 11.9
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Fig. 6 Comparison of model performance
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Application of YOLOVS in intelligent recognition of subgrade diseases
based on ground penetrating radar images

Zhou Suhua'? | Huang Chuting' , Sha Linchuan®’ , Huang Minghua'

(1 College of Civil Engineering, Hunan University, Changsha 410082, China;
2 State Key Laboratory of Bridge Safety and Resilience, Changsha 410082, China;
3 Guizhou Quality and Safety Traffic Engineering Monitoring and Testing Center Co. , Ltd. , Guiyang 550014, China)

Abstract: As an advanced non-destructive detection technology and one of the most effective tools available, Ground Penetrating Radar
(GPR) has been widely applied in identifying subgrade diseases due to its efficiency and high resolution. However, manual
interpretation of GPR images is highly challenging, time-consuming, and susceptible to subjective errors. To address these issues, this
study proposes an improved YOLOvS5-based method for the automated identification of GPR images depicting subgrade cracks and
loosening defects. This method is specifically designed to balance real-time performance with detection accuracy. A carefully constructed
dataset comprising 1 290 VOC-format annotated radar images of typical subgrade defects was utilized for model training and validation.
Several key architectural enhancements were introduced ; the Convolutional Block Attention Module (CBAM) was embedded before the
Spatial Pyramid Pooling Fast ( SPPF) layer to enhance focus on meaningful features while reducing redundant parameters. Additionally,
three C3 modules in the neck of the original YOLOvS were replaced with Context Guided Blocks (CG Blocks) to strengthen contextual
feature perception and improve computational efficiency. Further refinements included a Dynamic Head mechanism to enhance scale-
aware representation. Ablation studies demonstrated that the combined improvements from the attention and context-guided modules
yielded optimal results. The enhanced C1 —CG — YOLOv5 model achieved a mean Average Precision at I ; threshold of 0.5 (m ) of
90. 8% and a mean Average Precision at [ ; thresholds of 0.5 t0 0.95 (m,pss ) of 64.2% , significantly outperforming the baseline
model. Moreover, the model parameters were reduced by 12. 8% , indicating superior lightweight performance. Finally, we developed
real-time subgrade disease detection software based on the improved model, validating its detection performance, processing efficiency,
and practical utility in GPR image analysis. The proposed approach offers an efficient and reliable tool for automated GPR image
interpretation, demonstrating strong potential for practical application in infrastructure maintenance and non-destructive evaluation.

Key words: safety engineering; subgrade diseases recognition; ground penetrating radar; object detection; YOLOvS
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