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Abstract; To address the issues of single-category defect identification and low segmentation accuracy in current
digital image-based methods for concrete bridge defect detection, a refined semantic segmentation model named
HDNet, which is built upon an encoder-decoder architecture, was introduced. In terms of encoder design, a
hierarchical window-based self-attention mechanism was implemented, which combinnes sliding window partitioning
and cross-layer residual connections to enhance gradient propagation. A kernelized attention module was
incorporated to strengthen gradient responses for local defects, such as erosion and cracks, while simultaneously
reducing interference from the background texture of the bridge. A pixel-deformation dual-path architecture was
adopted in the decoder, in which the pixel path employs pointwise feature mapping to capture the morphological
details of cracks and the deformation path utilizes deformable convolutions to adaptively match the irregular
geometric contours of spalling regions. A series of experiments were carried out on a high-resolution dataset of
bridge defects including four categories of defects; cracks, erosion, exposed rebar, and spalling, which was
captured by unmanned aerial vehicle(UAV). Comparisons with those dominant models such as DeeplabV3 + and
Segkormer were performed, and then ablation study analysis, heatmap analysis and real-bridge validation were
carried out. The results indicate that HDNet attains a mean Intersection over Union ( mloU) of 71.91% on the
validation set, surpassing the suboptimal model SegFormer by 7. 86% . Ablation studies validate the necessity of
kernelized attention ( which improves mRecall by 5.83% ), hierarchical sliding-window attention ( which boosts
mloU by 5.92% ), and the synergistic design with the Dice loss function. Heatmap analysis demonstrates HDNet’
s ability to accurately capture defect texture details and disentangle the semantic boundaries of co-occurring defects.

In real-bridge testing, HDNet maintains the relative error of defect size measurement within +5% , which confirms
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its practical applicability.

By integrating encoder-decoder co-optimization and cross-resolution hierarchical

enhancement mechanisms, HDNet substantially enhances the recognition accuracy and robustness for complex bridge

defects, thereby offering a high-precision technology for the intelligent detection of bridge surface deterioration.

Keywords: bridge engineering; concrete surface defects; semantic segmentation; deep learning; attention

mechanism; unmanned aerial vehicle (UAV)
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Structure diagram of the encoding network and dynamic kernel update structure
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Fig.2  Structure of the decoding network and basic internal unit of the deformable decoder
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Fig.9 Performance scores across different defect types
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Tab.3  Comparison of segmentation validation metrics scores for

four types of defects among different models %
BRepaZE ) (e ToU Dice PA  Recall
HDNet (A< SCHEHY ) 70.82  82.23  89.69 86.47
DeeplabV3 + 64.36  78.32 87.80 80.03
e PSPNet 65.51 79.16 89.43 75.84
FastSCNN 60.15 75.11 81.74 79.05
SegFormer 66.41 79.82 90.42 82.84
Unet 49.24  65.99 93.29 55.86
HDNet ( A< SR 68.38 79.80 97.21 85.40
DeeplabV3 + 45.26  62.31 87.07 68.04
- PSPNet 46.80 63.76  91.05 57.29
FastSCNN 47.07 64.01 88.31 58.23
SegFormer 60.77 75.60 93.49 91.75
Unet 31.91 48.38 77.19 45.55
HDNet (A< 357 ) 75.44  85.35 95.34 87.12
DeeplabV3 + 63.00 77.30 96.23 85.10
. PSPNet 65.06 78.83 86.72 81.60
FastSCNN 60.82 75.64 96.81 93.26
SegFormer 67.75 80.78 99.34 85.91
Unet 0 0 0 0
HDNet(ACHR)  61.66 73.94  75.94 81.91
DeeplabV3 + 42.47  59.62 68.73 69.41
ik PSPNet 44.09 61.20 61.03 72.18
FastSCNN 40.20 57.34 53.55 71.94
SegFormer 45.88  62.90 71.26 75.39
Unet 15.74  27.21 34.76 33.01

R

PRl
B 10 AR5 SegFormer /1B X EL

Fig. 10 Comparison of heatmaps between the proposed model and SegFormer
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Fig. 11

Actual bridge testing equipment and process
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Tab.4  Comparison between identified and measured values of apparent crack dimensions

P 7] FEEEPUIME/ T SE/ T AN R 22/ KAEEPUIME/ KEESHME, KRR/
mm mm mm % mm mm %
1 164 0.406 0.40 1.50 40.764 39.6 2.94
2 165 0.542 0.52 4.23 53.755 51.3 4.79
3 150 0.697 0.68 2.50 37.338 35.8 4.38
4 160 1.295 1.26 2.78 66.954 70.1 -4.49
5 150 0.943 0.94 0.32 44.935 47.0 -4.36
6 150 0.712 0.68 4.71 43.642 41.7 4.76
7 130 0.386 0.38 1.58 15.643 16.2 -3.59
8 135 0.283 0.28 1.07 28.367 27.1 4.49
9 125 0.387 0.38 1.84 17.915 17.2 4.04
10 130 0.348 0.34 2.35 14.335 13.7 4.50
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Tab.5 Comparison between identified and measured values of other defect dimensions
B e fBIE/ WEE/ KEVUIME,  KESOWE, KEMMRZE, SEEPUIME,  SOESIE,  SEREEAEXTRZE/
PR =
mm mm mm mm % mm mm %
1 19.4 2 500 196. 091 188.79 3.87 697.452 670.92 3.95
" 2 8.7 210 60.367 62.37 -3.21 11.329 10.93 3.61

ik

3 9.9 830 63.845 61.93 3.09 65.332 68. 62 -4.79

4 8.7 130 43.128 41.48 3.98 26.945 25.90 4.03
e 1 19.4 3700 124.860 130. 85 -4.57 139.236 144.10 -3.37
=1

2 19.4 4 000 86.802 84.10 3.21 163.505 168.23 -2.81

1 19.4 1 700 19.267 18.80 2.50 24.431 23.67 3.23
e 2 19.4 1 700 110.463 105.96 4.25 25.169 24.37 3.27
i

3 19.4 1 700 25.785 26.55 -2.86 39.951 39.39 1.43

4 19.4 1700 34.546 33.52 3.06 34.546 33.64 2.68
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