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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. Comparison of detection results on the Kolektor 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

M 1A 2 WP AR H, AR H R 23 31 90 24 bE AR U7 B S0E B femi i) mioU, Al HA B
ff) FLOP [y Params. U-Net++%fi5 55 DenseNet £5#4, A MBMRIERIE & 7B EERAITE, IXuR R =
TH mloU. #RT, €/ FLOPs Al Params Z215E% K, AH TSI PR AR N 77 2K
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mloU A1 F1 L4 - Hoftxt L7532

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
= 3. TEHLFUERBEIRS _EAYTHRE KIS

Algorithm FLOPs (GMac) mloU (%) F1 (%)
U-Net 62.791 63.81 71.34
U-Net+ShuffleNet Unit 38.542 64.14 72.19

DOI: 10.12677/mos.2024.131094 983 e RSE TR


https://doi.org/10.12677/mos.2024.131094

KL %

Bk

U-Net+AttentonGate 66.938 64.03 72.41
Ours 42.844 64.82 72.93

4, g5ig

F T Bh BA G RE URSORT /- IR B BT AR, FRATHRH T — PR A U B4 R 42 ) 2% (19 5 B A )
BRI AE AT HESE Kolektor ANV FUGRIFAEE G E IS, FRATERAG 1 LG 400 R BR TE 6
4 5. (EX P EUREEE L, Params 1 Flops v 42.844 £ 23.252 5, MloU A1 F1 5 #57 5ilik 5] 91.89,
94.67 #164.82, 72.93, 343 1 LU H AT EVARR EARMISE IR . 1%07 V50 W] d i 1 A2 o5 s FH T At X
SIS R, LLanAr JRALAERT I . kT SR T R A A

E ST H
X T AR 3 1 1 5K R 11K1(2020Y FB2007501) Y S #F
SE 3k

[1] Koch, C., Georgieva, K., Kasireddy, V., et al. (2015) A Review on Computer Vision Based Defect Detection and Con-
dition Assessment of Concrete and Asphalt Civil Infrastructure. Advanced Engineering Informatics, 29, 196-210.
https://doi.org/10.1016/j.aei.2015.01.008

[2] Chen, Y., Ding, Y., Zhao, F., et al. (2021) Surface Defect Detection Methods for Industrial Products: A Review. Ap-
plied Sciences, 11, Article No. 7657. https://doi.org/10.3390/app11167657

[3] LeCunY, Boser, B., Denker, J.S., et al. (1989) Backpropagation Applied to Handwritten Zip Code Recognition. Neur-
al Computation, 1, 541-551. https://doi.org/10.1162/nec0.1989.1.4.541

[4] Simonyan, K. and Zisserman, A. (2014) Very Deep Convolutional Networks for Large-Scale Image Recognition. Ar-
Xiv:1409.1556

[5] Ren, S, He, K., Girshick, R., et al. (2015) Faster R-CNN: Towards Real-Time Object Detection with Region Proposal
Networks. IEEE Transactions on Pattern Analysis and Machine Intelligence, 39, 1137-1149.

[6] Long, J., Shelhamer, E. and Darrell, T. (2015) Fully Convolutional Networks for Semantic Segmentation. 2015 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), Boston, 07-12 June 2015, 3431-3440.
https://doi.org/10.1109/CVPR.2015.7298965

[7]1 Ronneberger, O., Fischer, P. and Brox, T. (2015) U-Net: Convolutional Networks for Biomedical Image Segmentation.
International Conference on Medical Image Computing and Computer-Assisted Intervention MICCAI 2015: Medical
Image Computing and Computer-Assisted Intervention—MICCAI 2015, Munich, 5-9 October 2015, 234-241.
https://doi.org/10.1007/978-3-319-24574-4_28

[8] Zhou, Z., Siddiquee, M.M.R., Tajbakhsh, N., et al. (2019) Unet++: Redesigning Skip Connections to Exploit Multis-
cale Features in Image Segmentation. IEEE Transactions on Medical Imaging, 39, 1856-1867.
https://doi.org/10.1109/TMI.2019.2959609

[9] Badrinarayanan, V., Kendall, A. and SegNet, R.C. (2015) A Deep Convolutional Encoder-Decoder Architecture for
Image Segmentation. Arxiv:1511.00561

[10] Chen, L.C., Zhu, Y., Papandreou, G., et al. (2018) Encoder-Decoder with Atrous Separable Convolution for Semantic
Image Segmentation. Proceedings of the European Conference on Computer Vision (ECCV), Munich, 8-14 September
2018, 801-818. https://doi.org/10.1007/978-3-030-01234-2_49

[11] Yang, F., Zhang, L., Yu, S., et al. (2019) Feature Pyramid and Hierarchical Boosting Network for Pavement Crack

Detection. IEEE Transactions on Intelligent Transportation Systems, 21, 1525-1535.
https://doi.org/10.1109/TITS.2019.2910595

[12] Fei, Y., Wang, K.C.P., Zhang, A., et al. (2019) Pixel-Level Cracking Detection on 3D Asphalt Pavement Images
through Deep-Learning-Based CrackNet-V. IEEE Transactions on Intelligent Transportation Systems, 21, 273-284.
https://doi.org/10.1109/T1TS.2019.2891167

[13] Zhang, X., Zhou, X., Lin, M., et al. (2018) Shufflenet: An Extremely Efficient Convolutional Neural Network for Mo-
bile Devices. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, 18-23

DOI: 10.12677/mos.2024.131094 984 e RSE TR


https://doi.org/10.12677/mos.2024.131094
https://doi.org/10.1016/j.aei.2015.01.008
https://doi.org/10.3390/app11167657
https://doi.org/10.1162/neco.1989.1.4.541
https://doi.org/10.1109/CVPR.2015.7298965
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1109/TMI.2019.2959609
https://doi.org/10.1007/978-3-030-01234-2_49
https://doi.org/10.1109/TITS.2019.2910595
https://doi.org/10.1109/TITS.2019.2891167

L %%

June 2018, 6848-6856. https://doi.org/10.1109/CVPR.2018.00716

[14] Oktay, O., Schlemper, J., Folgoc, L.L., et al. (2018) Attention U-Net: Learning Where to Look for the Pancreas. Ar-
Xiv:1804.03999

[15] Tabernik, D., Sela, S., Skvar¢, J., et al. (2020) Segmentation-Based Deep-Learning Approach for Surface-Defect De-
tection. Journal of Intelligent Manufacturing, 31, 759-776. https://doi.org/10.1007/s10845-019-01476-X

[16] Huang, Y., Qiu, C. and Yuan, K. (2020) Surface Defect Saliency of Magnetic Tile. The Visual Computer, 36, 85-96.
https://doi.org/10.1007/s00371-018-1588-5

DOI: 10.12677/mos.2024.131094 985 e RSE TR


https://doi.org/10.12677/mos.2024.131094
https://doi.org/10.1109/CVPR.2018.00716
https://doi.org/10.1007/s10845-019-01476-x
https://doi.org/10.1007/s00371-018-1588-5

	基于通道混洗和注意力机制的轻量缺陷检测算法
	摘  要
	关键词
	A Lightweight Defect Detection Algorithm Based on Channel Shuffling and Attention Mechanism
	Abstract
	Keywords
	1. 引言
	2. 模型方法
	2.1. 总体分割网络结构
	2.2. ShuffleNet Unit和通道混洗模块结构
	2.3. 注意力门机制
	2.4. 改进损失函数计算

	3. 实验
	3.1. 数据集
	3.2. 实验环境和评价函数
	3.3. 比较实验
	3.4. 消融实验

	4. 结论
	基金项目
	参考文献

