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Abstract: To address the challenges of low accuracy in urban road defect detection caused by varying
defect scales and complex environments, this study proposes an improved detection algorithm named
YOLOv8-road. The algorithm incorporates a multi-level perception attention (MLPA) mechanism into
the backbone network to capture long-range dependencies and extract rich contextual information,
enhancing defect feature representation and enabling the model to focus more effectively on defective
regions. In the neck structure, a dilated wrapping residual convolution (DWR_Conv) module is integrated

into the C2f structure, forming a new C2{_D module that improves multi-scale feature extraction and
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facilitates the capture of fine-grained defect information while reducing interference from road surface
backgrounds. Additionally, the algorithm employs the WIoU loss function to optimize bounding box
regression, increasing the model’s adaptability to various defect types and mitigating the negative impact of
low-quality samples. Experimental results demonstrate that YOLOv8-road achieves a mean Average
Precision at 50% (mAP50) of 98.5% , with a precision of 96.8% and a recall of 96.0%. Compared to
the original YOLOv8n model, these metrics represent improvements of 4.2%, 3.6%, and 4.7%,

respectively. The proposed YOLOvV8-road algorithm exhibits superior performance in real-world urban

road defect detection tasks, meeting the practical requirements of road maintenance applications.
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Tab.1 Experimental results of different attention mechanisms

YOLOvS8n Parameters/M  GFLOPs Precision/ % ReCall/ % mAP50/%  mAP(50~95)/%
+ECA 3. 006 8.1 91.2 90.0 93.8 68.7
+SimAM 3. 006 8.1 93.3 89.4 93.8 68.6
+1LSKA 3.077 8.1 95.3 89.1 94.5 69.0
+CAA 3. 207 8.4 94.1 89.9 94.7 70.0
+MLPA(Ours) 3.221 8.3 95.9 91.2 96. 4 71.4
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Tab.2 Experimental results of different loss functions

YOLOv8n Parameters/M  GFLOPs Precision/ % ReCall/ % mAP50/%  mAP(50~95)/%
+Focal_DIoU 3.006 8.1 92.8 89.7 94.6 69. 4
+EloU 3.006 8.1 93.1 90.1 93.5 68.7
+MPDIoU 3. 006 8.1 93.2 90. 2 94.1 68. 6
+PIoU 3.006 8.1 94.2 89.8 94.6 70.5
+WIoU(Ours) 3.006 8.1 94.6 89.9 95.3 70.5
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Tab.3 Ablation study results

Method MLPA C2f D WIoU Precision/% ReCall/% Parameters/M GFLOPs mAP50/% mAP(50~95)/%

YOLOv8n 93. 2 91.
A N/ 95.9 91.
B N 95.0 92.
C ~ 94.6 89.
D N/ N/ 96.0 94,
E N ~ 94.6 93.
F N/ ~ 94.5 91.
G N/ N/ ~ 96.8 96.

S O W w o O N w

3. 006 8.1 94.3 70.5
3.221 8.3 96. 4 71.4
3.203 8.5 96.8 74.9
3. 006 8.1 95.3 70.5
3.417 8.7 98.2 77.8
3.221 8.3 96.9 72.6
3.203 8.5 97.6 75.7
3.417 8.7 98.5 78.1
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gias B 7(d) R T mAP(50~95) (1 Il 45 1
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Fig.7 Training process
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Fig.8 Detection results before and after algorithm
improvement. (a) Transverse crack; (b) Longi-

tudinal crack; (c) Repairment.
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Fig.9 Grad-CAM visualization results before and after
algorithm improvement. (a) Small-scale defects;

(b) Damages under complex background; (c¢) Multi-

scale defects.
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Tab.4 Comparison of experimental results for different algorithms

Methods Parameters/M GFLOPs mAP50/ % mAP(50~95)/%

YOLOvV7n 37.21 105. 1 96.2 83.1
YOLOvV7-tiny 6. 20 13.2 94.0 69. 2
YOLOv7x 70. 83 188.9 96. 8 81.4
YOLOvV9-t 60. 80 266. 1 95.5 73.7
YOLOv10On 2.70 8.2 93.0 67.8
YOLOvV10s 8. 04 24.5 94.4 71.9
YOLOvlln 2.58 6.3 94.2 68.3
FastestDet 0.24 1.7 71.4 41.6
Road-YOLOvV5 3. 85 8.3 95.4 76.8
Road-EfficientDet 6.58 6.0 93.0 53.6
YOLOv8-road 3.42 8.7 98.5 78.1

T R R R L
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Fig. 10 Comparison of experimental results. (a) Multiple transverse cracks; (b) Repairment; (c¢) Multiple types of cracks.
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