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Abstract: To address the challenges of low efficiency in traditional methods for tunnel water leakage
detection and the large number of parameters and insufficient real-time performance of existing deep
learning models, this study proposed a lightweight instance segmentation model based on an improved

YOLOv8n-seg. The coordinate attention (CA) mechanism was introduced to enhance feature represen-
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tation in target regions. The backbone network was replaced with MobileNetV4 to reduce computa-
tional complexity, and the EfficientHead segmentation head was incorporated to improve the efficien-
cy of feature decoding. These improvements collectively enhanced both detection accuracy and infer-
ence speed in complex environments. The experiments were conducted on a tunnel water leakage data-
set constructed using 3D laser scanning (including 3 140 enhanced images). Ablation experiments were
employed to validate the effectiveness of each module. The CA mechanism increased the average pre-
cision (AP) by 0.82% , MobileNetV4 increased the AP to 81.21% while reducing the number of pa-
rameters by 43.2% , and the EfficientHead further optimized segmentation details. After joint improve-
ments, the model achieved an AP of 83.21%, an Fl-score of 78.53% , a number of parameters of
1.96M, and an inference speed of 355.2 FPS, representing a 6.6% increase over the original YO-
LOv8n-seg. Comparative experiments demonstrated that the proposed model significantly outper-
formed mainstream models such as Mask R-CNN in lightweight indicators (number of parameters and
GFLOPs), while achieving accuracy comparable to that of two-stage methods, thereby meeting the re-
al-time detection requirement for tunnel water leakage. This study provides an efficient and reliable
lightweight solution for structural health monitoring in tunnels, offering practical value for engineering
applications.

Keywords: tunnel defect; deep learning; defect detection; instance segmentation; lightweight detection
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Table 2 Network training hyperparameter settings
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Fig.10 Training loss and validation loss variation curves
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Table 3 Quantitative evaluation indicators of defects
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Table 4 Comparative test results of attention mechanisms

la = wakiiNiil P/% R/% AP/% F1/%

baseline 75.97 72.26 79.40 74.07
EMA 80.30 70.02 79.56 74.81
ELA 80.53 68.93 79.82 74.28

CBAM 79.46 70.16 79.22 74.52
SCSE 78.04 70.20 77.39 73.91

CA 81.79 72.11 80.22 76.65
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Table 5 Comparative test results of backbone networks

TR P/% R/ % AP/ % F1/% Params Gflops
baseline 75.97 72.26 79.40 74.07 3.259 12.0
FasterNet 80.62 70.78 80.04 75.38 4.429 14.6
EfficientViT 76.23 71.82 76.10 73.96 4.261 13.3
Swin Transformer 81.35 73.15 81.78 77.03 30.239 83.0
RevCol 76.81 68.97 77.48 72.68 2.529 10.1
MobileNetV4 79.84 72.61 81.21 76.05 1.852 7.8
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Table 6 Results of ablation experiments

%) 24 CA MobileNetV4  4r#|sk  AP/% F1/% FPS Params  Gflops
v8n-seg X X X 79.40 74.07 333.3 3.259 12.0
v8n-seg+CA N X X 80.22 76.65 344.8 3.265 12.0
v8n-seg+MbV4 X N X 81.21 76.05 375.1 1.852 7.8
v8n-seg+eHead X X N 80.85 75.22 326.5 3.402 13.2
v8n-seg+CA+MbV4 N N/ X 82.13 77.30 360.9 1.858 7.9
v8n-seg+ CA+eHead N X NG 81.35 77.11 335.4 3.408 13.3
v8n-seg+MbV4+eHead X NG N 82.46 77.22 340.6 1.955 8.5
v8n-seg+CA+MbV4+eHead N, N, N 83.21 78.53 355.2 1.960 8.7
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Fig.11 Detection results of tunnel water leakage defects
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Table 7 Comparative test results of models

1520 24 P/% R/% AP/ % F1/% Params Gflops
v8n-seg 75.97 72.26 79.40 74.07 3.259 12.0
11n-seg 79.65 71.42 78.58 75.31 2.835 10.2

u-net 78.34 73.18 80.75 75.67 4.523 15.2

FCN 73.59 70.35 75.83 71.93 2.107 8.4
Mask R-CNN 83.12 80.65 85.24 81.87 15.354 32.3
Improved v8n-seg 82.68 74.78 83.21 78.53 1.960 8.7
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