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Leather defect detection method based on deep learning

Bai Xianlang' Zhang Qunli' Xin Zhigiang®
(1. School of Home and Art Design, Northeast Forestry University, Harbin 150040, China;
2. School of Mechanical Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract: Due to the complex and diverse textures of leather surface defects, existing detection methods often suffer
from limited accuracy and elevated rates of missed and false detections. To address these challenges, this paper
presents an enhanced defect detection algorithm based on YOLOv5s, incorporating small-object detection techniques
and attention mechanisms. Specifically, multiple attention modules are integrated into the backbone network to guide
the model’ s focus toward defect regions while suppressing interference from background and irrelevant features,
thereby enhancing feature extraction. A weighted bidirectional feature pyramid network is introduced in the neck to
strengthen feature fusion and interaction across scales. Additionally, a dedicated detection head tailored for small
objects is implemented in the head network to improve the localization and recognition of subtle defect features.
Experimental results show that the proposed improved method achieves a recall of 92. 27 % and a detection accuracy of
92.16% , representing improvements of 4.56% and 3.06% . respectively, compared to the baseline model. These
enhancements effectively reduce missed and false detections in small-object scenarios and significantly improve the
model’ s generalization capability, contributing to more robust and comprehensive performance in real-world
applications.
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Table 2 Comparison of different attention mechanisms %
SE ECA CA CBAM P R mAP@O0. 5 mAP@0. 5:0. 95
X X X X 87.61 87.71 89. 10 82. 40
Ni X X X 85.54 86. 26 88.61 81.29
X N X X 86. 22 86. 18 88. 07 81. 17
X X N X 89.62 90. 58 91.67 84. 78
X X X N 89.19 89.90 90. 89 83.91
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Table 3 Neck network reconstruction %
BT P R mAP@0.5 mAP@O0. 5:0. 95
Baseline 87.61 87.71 89. 10 82. 40

Baseline+BiFPN 89. 42 89. 01 90. 75 84. 24
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Table 4 Results of ablation experiment %
LR P R mAP®@O0. 5 mAP@0. 5:0. 95
Baseline 87.61 87.71 89. 10 82. 40
Baseline + Add head 88.92 90. 03 90. 90 84.09
Baseline + BiFPN 89. 42 89.01 90. 75 84. 24
Baseline +CA 89. 62 90. 58 91. 67 84.78
Baseline + Add head + CA 91.43 90. 65 91. 80 85. 04
Baseline + BiFPN +CA 91.93 90. 92 91.92 85.17
Baseline + Add head +BiFPN + CA 92.25 92.27 92.16 85. 36
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Fig. 11  Detection effect diagram
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Table 5 Comparison of experimental results of

different algorithms %

Bk P R map@o.s "¢
0.5:0.95

Faster R-CNN 88. 12 88. 27 90. 06 83.23

SSD 84. 96 84. 98 86. 79 79. 83

YOLOv5n 84. 66 85. 31 86. 55 80. 53

YOLOv5m 81.33 85. 40 86. 61 77.81

YOLOv5I 74.82 83. 86 80. 47 71.99

YOLOv6s 87.23 86. 95 88. 25 81.97
YOLOv7-Tiny 87.02 87.12 88. 76 82. 39
YOLOv8n 88. 27 87.96 89. 51 82. 56
YOLOv9s 88.73 88.21 89. 87 82. 74
Baseline 87.61 87.71 89. 10 82.40
Proposed method 92.25  92.27 92. 16 85. 36
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