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Lightweight metal surface defect segmentation model integrating
normalized Wasserstein distance loss
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Abstract: Aiming at the problem that metal surface defects have low contrast and large scale variation, which results in low
detection accuracy of existing models, a metal surface defect segmentation model based on deep learning is proposed. Firstly, the
Normalized Wasserstein Distance loss function ( NWD loss) is adopted in the model to alleviate the misjudgment problem in
scenarios where bounding boxes do not overlap. Secondly, the lightweight VoVGSCSP module is introduced during feature fusion,
which reduces the computational complexity of the model while effectively maintaining the expressive ability of defect features.
Finally, experimental results on the NEU-Seg dataset show that the proposed WLNet model achieves a mean Average Precision
(mAP) of 93.9% for detection and 91. 2% for segmentation, which are 0. 6 and 0. 2 percentage points higher than those of the base
model, respectively. Meanwhile, the number of model parameters and computational load are reduced by 11% and 16. 7%,
respectively. The model balances detection accuracy and operational efficiency, providing an efficient solution for metal surface
defect detection in the field of industrial quality control.
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Fig. 1 Framework diagram of the WLNet model
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Table 1 Results of ablation experiment

Box/ % Mask/ %
Models Params GFLOPs
P R mAP50 mAP50 : 95 R mAP50 mAP50 : 95
1 90. 1 88.5 93.3 70.4 87.2 91.0 53.6 14.17 47.8
2 90.5 90.5 93.6 69. 4 38.8 91.1 53.8 14.17 47.8
3 92.9 88.9 93.9 70.5 86.8 91.2 54.1 12.57 39.8
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Table 2 Comparative experiments between WLNet—-L and classic models

Box/ % Mask/ % Model Efficiency Metrics

Models Backbone
mAP50 mAP50 : 95 mAP50 mAP50 : 95 Prams GFLOPs
Mask—RCNN  ResNet50 80.5 48.6 72.9 37.4 43.98 186. 00
Mask—RCNN  ResNet101 82.5 50.4 74.7 38.9 62.97 233.00
SOLO ResNet50 — — 81.8 44.3 36.12 238.00
SOLOV2 ResNet50 — — 82.4 47.2 46.24 178. 00
SOLOV2 ResNet101 — — 83.2 49.3 68.37 109. 00
YOLACT ResNet50 76. 1 43.7 69.6 35.3 34.74 61.61
YOLACT ResNet101 75.9 45.0 69.7 36.1 53.73 84.87
Mamba-YOLO  CSPNet 91.3 61.6 87.8 48.4 56.33 175.90
YOLO12s CSPNet 79.2 44.5 76.6 38.0 22.41 122.40
WLNet — 93.9 70.5 91.2 54.1 12.57 39.80
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