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Abstract : [Objective] Challenges of detecting fine cracks in urban utility tunnels, characterized by their subtle nature and complex
environments,are addressed herein. We propose a novel instance segmentation algorithm for utility tunnel cracks, DG-YOLO, which
integrates multiple attention mechanisms and a lightweight design. [ Method] The original YOLOvS8 model contains a large number of
convolutional kernels, leading to numerous redundant feature maps generated through convolution operations. By contrast, we
introduce the Ghost module into the backbone network to effectively reduce model complexity. Furthermore, the detection layer is
replaced with a Dynamic module, which incorporates a dynamic feature selection mechanism that adaptively weights and selects input
features based on their relative importance. [ Result] After training and validation on a utility tunnel crack dataset, we have
demonstrated that the proposed model secures superior practicality and efficiency in real-world applications. The model also exhibits
enhanced adaptability to various inputs, thereby improving overall performance and detection accuracy. [ Conclusion] This research

indicates that the improved DG-YOLO model can accurately extract features of fine cracks in complex utility tunnel environments,

Wi B 2025-01-15 A B 2025-05-08
E&TE @A R RO TR E (2022-K-256)
* IS 1EH : xpeng@xmu. edu. cn i
BICHEIC B IR BTN BBk, 5. BlE 2 B AL B R SR A R B S Sy BRI 1. BT TR 22 i CH AR B MD - 4
2025,64(6) :1034-1040. n
Citation: ZHENG ] L,ZHENG Z P,HUANG C,et al. Lightweight utility tunnel crack instance segmentation model with multi- £ 24
attention mechanisms integration[ ] ]. ] Xiamen Univ Nat Sci,2025,64(6) :1034-1040. (in Chinese)




£ 6 39

IRARIRAE Rl 22 T8 I HL 0 AL 235 8 TR SR S 091 R + 1035 -

hence demonstrating the precision of the proposed method in identifying small cracks. Additionally, the model shows robustness and

accuracy in the challenging conditions of utility tunnels.

Keywords: urban utility tunnel;instance segmentation; attention mechanism; lightweight network
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