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Abstract: In order to solve the problems such as the large amount of YOLOv8 parameters affecting the detection
speed, this paper proposes a lightweight leather defect detection algorithm based on the YOLOv8 framework by using
automotive seat leather as a sample for defect detection on the surface of automotive seats. Firstly, the original
backbone network of YOLOVS is replaced with the lightweight network StarNet, which achieves the mapping of high-
dimensional and nonlinear feature spaces through star arithmetic, thus demonstrating impressive performance and low
latency with a compact network structure and low energy consumption. Secondly, the original detection head is
replaced with a lightweight shared convolutional detection head, which allows for a significant reduction in the number
of parameters through the use of shared convolution, making the model lighter so that it can be easily deployed on
resource-constrained devices. Finally, the C2f module of the neck network is replaced by the C2f_Star module, which
fuses feature maps of different scales while the network is more lightweight to improve the accuracy and robustness of
target detection. Experimental validation of the model on the home-made HSV-Leather dataset shows that the
improved YOLOvS8-Leather detection model outperforms the YOLOv8n model. Compared to the YOLOv8n model, the
improved model reduces the number of parameters by 57% , improves the detection speed by 20% , reduces the model
weights by 52% , and reduces the computation by 53%. The experiment verifies the feasibility of the improved model
in solving the problem of leather surface defect detection.
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Table 2 Results of ablation experiment
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Table 3 Comparative experimental results

[ERi mAP Params/M FLOPs/G FPS/fps Weights/M
YOLOv5n 90. 14 2.5 4.5 133.2 5.2
YOLOv6-N 88. 98 4.2 11. 4 111.6 8.7
YOLOv7-tiny 82.58 6.1 13.2 104. 5 12.3
YOLOv8n 93. 34 3.0 8.7 121.7 6.2
YOLOvSs 93. 42 11. 2 28.6 110. 3 7.4
RTDETR-YOLO 95. 36 19.9 56.9 78. 2 40. 4
YOLO-SOP™" 93.07 3.2 15.8 139.1 4.3
YOLOvS8-FNBF™ 92. 15 5.4 18.7 142 5.1
YOLOv8-Efficient ViT 90. 2 4.1 10.1 106. 1 8.8
YOLOvS8-Leather 93.48 1.3 4.1 145. 8 3.0
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Fig. 8 Comparison of detection results of different types of defects
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