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Abstract: In industrial products, various types of defects often exhibit high inter-class similarity,
large scale variations, and complex backgrounds. To address these challenges, a lightweight
industrial defect detection network (LIDD-Net) was proposed. To handle highly similar defect
types, in LIDD-Net, a channel interaction separation backbone network was introduced, which
enhanced feature extraction while reducing the computational cost of the model. To address multi-
scale defect variations, a lightweight feature fusion network was developed, namely
RepGhostPAN, to efficiently integrate multi-scale features in the image and accelerate inference.
For complex detection backgrounds, a lightweight auxiliary training module was proposed,
leveraging an auxiliary training head and a dynamic soft label assignment strategy to better
distinguish target defects from complex backgrounds. Experiments on steel, aluminum, and tire
defect datasets demonstrate that LIDD-Net achieves mAP@0. 5 scores of 98. 3%, 98. 1%, and
96. 1%, respectively, with only 0. 62x10° parameters, meeting practical industrial requirements.
Key words: industrial defect detection; lightweight detection network; feature fusion; structural
reparameterization; attention mechanism
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Fig.4 Structure of multi-scale feature fusion module
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Nanodet 94.02 61. 64 0.928 5 0.1245
Nanodet—plus 96. 62 66.79 1.172 6 0.166 5
TOOD 89.37 63.42 31.234 6.3593
Foveabox 90. 76 56.53 36.244 7.129 8
LIDD-Net 98. 30 73.26 0.6287 0.110 4
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Table 4 Comparison experiment on aluminum surface defect dataset

[ETES mAP@0. 5/% mAP@O0. 5:0. 95/% Paramsx 10~ FLOPsx10~°
YOLOv5n 96. 48 51.89 1.7720 1.061 4
YOLOvS8n 95.53 50. 82 3.006 8 2.0499

YOLO-Fastestv2 80. 51 44,83 0.2376 0.094 4
YOLOX-Nano 91. 69 50. 99 0.897 7 0.3192
PP-PicoDet-S 96. 24 51. 64 0.989 4 0.7302

Nanodet 95. 84 51.31 0.9285 0.3456
Nanodet—plus 96. 43 50. 82 1.1726 0.462 1
TOOD 82.74 43. 62 31.234 17. 578
Foveabox 83. 62 43. 86 36. 244 19.793
LIDD-Net 98. 12 52.76 0.6287 0.306 4
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Table 5 Comparison experiment on tire defect dataset

% &5 mAP@0. 5/% mAP@0. 5:0. 95/% Paramsx107° FLOPsx10”°
YOLOvV5Sn 94. 82 54.12 1.7720 2.3882
YOLOv8n 95.33 55.62 3.006 8 4.6122

YOLO-Fastestv2 84. 48 49. 87 0.2376 0.2124
YOLOX-Nano 94.52 54.38 0.8977 0.7177
PP-PicoDet-S 90. 80 54.32 0.989 4 1.462 5

Nanodet 93.54 54. 46 0.9285 0.778 5
Nanodet—plus 94. 86 55.56 1.172 6 1.0401
TOOD 90. 24 53.22 31.234 39.742
Foveabox 86. 36 50. 62 36.244 44.586
LIDD-Net 96.13 56. 32 0.6287 0.6899
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