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Crack detection of track slab based on YOLOvS8
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Abstract: The severe cracking of high-speed rail tracks poses a significant threat to the safety of train
operations. Currently, there are instances of ineffective repairs in track crack maintenance, and re-
search addressing this issue is lacking. This paper proposes a YOLOv8-DSC model for classifying
different types of cracks, incorporating a Dynamic Snake Convolution (DSC) module into the back-
bone network. The Bottleneck structure in C2f is redesigned and named C2f-v1, replacing certain C2f
modules in the YOLOvV8 backbone network to enhance the capability of capturing multi-scale de-
tailed features. In the neck network, the CBAM attention mechanism is introduced to increase the
model's focus on key features and strengthen the transmission of small target features in the neural
network. Regarding the loss function, the SloU loss function is utilized to replace CloU, reducing the
excessive penalty of geometric factors on the model and minimizing intervention in model training to
improve generalization ability. Finally, the model is validated and evaluated from four aspects: net-

Yis HEA: 2024-03-28

EEWMAB: Jbnih BRI HEE VB H (L211007,0L221027) . [H 5 H SRR H 4 ¥ B 15T H (52272385)

Foundation item: Beijing Natural Science Foundation-funded projects (L211007, L221027), National Natural Science Foundation of China-funded
project (52272385)

E—1EH: IR Q000—), J, WARBEHIA, BILETeA, HHEI7RPIER SN email: 823860257@dd.com.

BIVESE: ARE1985—), B, WWARRZA, BIEdL, WHI07 AN S SRS B 5 2 . email: baitangbo@bucea.edu.cn.



fHE R 3T 306 YOLOVS [FIHIE B SR 7 i

work structure, crack data, classification method, and environmental conditions. Experimental results
demonstrate that the YOLOvV8-DSC model, compared to the original YOLOV8 model, exhibits signif-
icant improvements in false negatives and false positives, with an increase of 4.6% in mean Average
Precision and 4.0% in recall. This effectively achieves accurate detection of invalid repair cracks in
rail tracks.

Keywords: high speed railway; track slab cracks; YOLO; crack detection; image processing
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