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YOLOV8 Road Crack Target Detection Method Integrating Dynamic Snake
Convolution

YAO Qing-an, WANG You-gang, FENG Yun-cong, WANG Xue-xiao
(College of Computer Science and Engineering, Changchun University of Technology, Changchun 130102, China)

[ Abstract |
damage detection technology, a novel road crack detection method based on the improved YOLOvS algorithm, named YOLOvS road
crack (YOLOv8-RC) , was proposed. The C2f module, based on the YOLOv8n architecture, was enhanced through the introduction of

In response to the challenges of low efficiency, high cost, and difficulty in deployment on mobile devices in current road

dynamic snake convolution technology, which more accurately identified tubular structural features and adaptively focuses on fine and
curved local structures. Furthermore, a highly efficient multi-scale attention( EMA) mechanism was incorporated into the algorithm,
effectively enhancing recognition accuracy. In the neck structure of the model, a weighted bidirectional pyramid network ( BiFPN) was
added to achieve multi-scale fusion of features, thereby optimizing both the accuracy and efficiency of the algorithm. Experimental
results on the RDD2022-China-MotorBike and RDD2022-Japan datasets demonstrate that the improved YOLOv8n-RC model achieves
mAP50 scores of 78. 8% and 43. 8% , respectively, representing improvements of 3. 9% and 3% over the original YOLOv8n model.
The total number of model parameters for the proposed algorithm is only 2. 84 M, and the computational complexity is 7.8 G,
underscoring the practicality and superiority of this method.

[ Keywords] dynamic snake convolution; YOLOVS; road damage; road safety; object detection; attention
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Fig. 1  Optimized YOLOv8n network structure
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Fig. 6 Damage category-based data statistics for RDD2022
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Table 2 Results of ablation experiments on the RDD 2022-China_MotorBike dataset

s DSConv EMA BiFPN P/ % R/% mAP50/% mAP50-95/% Params/M  FLOPs/G
YOLOv8n x x x 77.9 66.7 74.9 42.8 3.01 8.1
YOLOv8n-D Vv x x 79.3 68.3 75.4 44.4 3.70 8.5
YOLOv8n-E x Vv x 79.6 69. 1 75.6 42.6 3.03 8.4
YOLOv8n-B x x Vv 76.2 69. 1 75.7 43.9 2.76 7.3
YOLOv8n-DE vV Vv x 80. 4 70.9 76.6 43.8 3.78 8.8
YOLOv8n-DB Vv x vV 80. 2 67.9 76.5 42.7 3.17 7.7
YOLOv8n-RC Vv Vv Vv 81.2 69. 8 78.8 45.6 2.84 7.8
TV R AR SRR A G 5,3 7 7R A8 SRR R R R A G i
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Table 3 Comparison of attention mechanisms
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Fig. 8 Comparison of detection results

Sensitivity Correlation Matrix Heatmap

e mAP50/ % mAP50-95/% Params/M
YOLOv8n + CBAM 74.2 42.2 3.95
YOLOv8n + CA 74.8 42.2 3.12
YOLOv8n + EMA 75.6 42.6 3.03
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Fig. 7 Heat map of the module sensitivity correlation matrix
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o, g5 RN 5 Fis .,
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FIRAL L mAP K 43. 8, 5 YOLOV3 . YOLOv4-ti-
ny \YOLOvSs 5 YOLOv7 B35 H o, mAPS0 4 5l 47
EHAE R E W TE, 55 YOLOvSn B 3% 4 L,
mAP50 $2F+ T 3% BB A BT R [, S8R A
YNZRAE A BT b, i — 20 5k BT Ak 553 1
AR, BARKIZE RACR AN E 10 Fis
*4 AEE %7 RDD2022_China_MotorBike #1355 &)
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Table 4 Experimental comparison results of different
algorithms on RDD2022_China_MotorBike dataset

(i) mAP50/ % Params/M FLOPs/G
YOLOV3 79.6 295. 60 81. 4
YOLOv4-tiny 58.5 5.69 16.3
YOLOvSs 73.8 3.33 11.2
YOLOv7 73.6 3.38 11.6
YOLOv8n 74.9 3.01 8.1
A 78.8 2.84 7.8

R5 AEEETE RDD2022_Japan ¥4 i
LN LR
Table 5 Experimental comparison results of different
algorithms on RDD2022_Japan data sets

R mAP50/% Params/M FLOPs/G
YOLOV3 41.5 295. 60 81.4
YOLOv4-tiny 30.7 5.69 16.3
YOLOvSs 38.9 3.33 11.2
YOLOv7 38.8 3.38 11.6
YOLOv8n 40.8 3.00 8.2
A SCE 43.8 2.84 7.8
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Fig. 9  Comparison of detection results
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Fig. 10 Comparison of detection results
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