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Abstract

Defect detection plays a crucial role in ensuring product quality and efficiency in manufacturing.
Due to the irregular shapes of defects and their susceptibility to lighting variations, image-based
high-precision defect detection becomes a highly challenging task. In response to the characteris-
tics of defect images, this paper proposes a U-shaped convolutional neural network with a hybrid
loss calculation and attention mechanism. Firstly, an attention gate mechanism is introduced in
the skip connections to enhance the network’s generalization ability. Secondly, to address the is-
sue of edge contour distortion during up-sampling, a hybrid loss calculation is employed. Lastly,
leveraging more efficient encoding and decoding layers, the proposed model achieves MloU and
F1 scores of 91.89, 94.67 and 64.82, 72.93, respectively, with lower model parameters and float-
ing-point operations. Comparative analysis against FCN, U-Net, and U-Net++ demonstrates the su-
perior performance of the proposed method in the field of surface defect detection.
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Figure 1. Enhanced U-Net architecture (illustrated using a 240 x 240 resolution image input
as an example). Each square or cube represents an input image, feature map, or output predic-
tion mask. The size of the input image, feature map, or output prediction mask is indicated
within the respective square or cube
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Figure 2. The ShuffleNet Unit structure (a) as the ShuffleNet Unit module, (b)
As the ResNet convolutional block
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Figure 3. Channel shuffle module
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Figure 4. Attention gate structure
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Figure 5. Defect examples (a) Kolektor surface defect dataset, (b) Industrial magnetic tile defect dataset
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Figure 6. Defect examples (a) Kolektor surface defect dataset, (b) Industrial magnetic tile defect dataset
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Table 1. Segmentation results comparison on the Kolektor dataset
%z 1. Kolektor ##E&E LRI D EIZERELE

Algorithm FLOPs (GMac) Params (M) mioU (%) F1 (%)
FCN 39.842 18.644 87.23 90.23
U-Net 62.791 17.263 89.23 92.35
U-Net++ 312.615 47.189 91.73 94.56
Ours 42.844 23.252 91.89 94.67
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Table 2. Comparison of segmentation results on the magnetic tile defect dataset
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Algorithm FLOPs (GMac) Params (M) mioU (%) F1 (%)
FCN 39.842 18.644 62.41 71.34
U-Net 62.791 17.263 63.93 71.74
U-Net++ 312.615 47.189 64.29 72.23
Ours 42.844 23.252 64.82 72.93
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Table 3. Ablation experiments on the magnetic tile defect dataset
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Algorithm FLOPs (GMac) mloU (%) F1 (%)
U-Net 62.791 63.81 71.34
U-Net+ShuffleNet Unit 38.542 64.14 72.19
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