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Abstract: Tunnels are prone to developing cracks, leakage, and spalling during long—term operation, which compromises structural safety
and durability. To improve the accuracy of tunnel defect detection in complex environments, reduce labor costs, and promote automation in in-
spection, this study proposes an intelligent tunnel defect detection model named TN=YOLOv9, an improved version of the YOLOv9 algorithm.
The method introduces a Multi-scale Attention Block (MAB) to enhance multi—scale defect recognition, incorporates a Selective Attention
Block (SAB) to strengthen key feature extraction, employs depthwise separable convolution to reduce model complexity, and utilizes data aug-
mentation techniques to optimize the training set. Experimental results show that TN=YOLOv9 reduces floating point operations and parameter
count by 7.3 G Fl1 1.7 M, respectively, while improving mAP@0.5 and mAP@0.5-0.95 by 2.9% and 9.3%, compared to the original YOLOv9.
To further validate its effectiveness, TN=YOLOv9 is compared with detection algorithms such as LiteYOLO-ID, DINO, DDQ, and CA-Au-
toAssign. The proposed model demonstrates excellent performance in accuracy, recall, mean average precision, and computational efficiency
for detecting cracks, leakage, and spalling, confirming its capability in intelligent tunnel defect detection and its suitability for lightweight de-
ployment.
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Fig.1 Structure of TN-YOLOV9 network
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Table 1 Image quantity of various types of tunnel diseases
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Table 3 Comparative experiment results
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Fig. 8 Comparison of detection performance under data augmenta-

tion conditions
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