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Defect detection method integrating self-attention and highlighting of defects

Yue Huagang Wang Wenwu Zhu Lei Zhu Siyu

(School of Information Science and Engineering, Wuhan University of Science and Technology, Wuhan 430081, China)

Abstract: To address the issue of reconstruction networks in unsupervised defect detection failing to preserve detailed information of
normal regions while simultaneously suppressing abnormal reconstructions, a defect detection method that combines self-attention and
defect highlighting is proposed. First, the discrete wavelet transform ( DWT) is introduced in the reconstruction network for
downsampling, and the inverse discrete wavelet transform (IDWT) is used for upsampling. Compared to traditional reconstruction
networks, this method reduces the loss of detail information and performs frequency decomposition on features. Then self-attention
modules are added into the skip connections to re-encode the features, enabling the features to focus on the details of the normal region.
Additionally, a defect region highlighting module is designed, which utilizes features from normal samples to construct a feature library.
By comparing the features extracted from the test image with the features in the library, an abnormal map is obtained. Finally, the
abnormal map is combined with the reconstruction residual map to improve the results of defect localization. The proposed method is
tested on the industrial defect detection dataset MVTec AD and achieved 99. 3% area under the receiver operating characteristic curve
(AUROC) at the image level and 98. 3% at the pixel level, demonstrating high detection accuracy and robustness in unsupervised defect
detection.
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Fig. 1 The architecture of proposed method
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Fig.2  Structure of DWT block and IDWT block
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Fig. 3 Examples of data augmentation
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Fig. 4 Results of reconstruction network and defect highlighting module
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Table 1 Image level (left) and pixel level (right) AUROC results on the MVTec AD dataset (%)
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Wood 99.1/96. 4 95.7/— 97.5/88.7 —/94.9 100/— 99.2/95 100/96. 9 100/97. 8
Bottle 99.2/99.1 99. 6/— 100/97. 1 —/98.3 99. 8/— 100/98. 6 100/98. 6 100/99.0
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Zipper 100/98. 8 99.0/— 99.4/99.2 —/98.5 99.7/— 99.4/98.8 100/99. 4 100/99. 3
Average 98.0/97.3 98.3/— 95.0/96. 6 97.9/97.5 98.7/— 99.1/98. 1 99.3/97.8 99.3/98.3
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Table 3 Comparison of reconstruction

25 Memory 5 [ERES =L E-3
Carpet 99.1/96. 8 97.4/96.9
Grid 97.0/95.2 100/98. 1
Leather 98.5/98. 4 100/98.9
Tile 92.3/96.3 100/98. 1
Wood 100/95. 4 100/96. 9
Bottle 99.1/95.5 100/98. 6
Cable 98.0/97.7 98.6/97.5
Capsule 86.0/97.5 97.3/98. 4
Hazelnut 97.8/98. 8 100/98. 1
Metal nut 97.8/96.2 99.5/97.7
Pill 94.5/95.2 99. 6/98. 1
Screw 90.5/84.8 98.4/94.7
Toothbrush 100/98. 6 100/99. 4
Transistor 98.7/85.4 99.7/96. 6
Zipper 97.7/98.2 100/99. 4
Average 96.4/95.3 99.3/97.8

networks with DWT and pooling (%)
25 b+ R DWT
Carpet 93.1/92.6 97.4/96.9
Grid 98.5/97.3 100/98. 1
Leather 97.4/97.0 100/98. 9
Tile 99.6/96. 8 100/98. 1
Wood 100/97.5 100/96. 9
Bottle 99.8/97.5 100/98. 6
Cable 96.8/96. 1 98.6/97.5
Capsule 95.6/97.6 97.3/98. 4
Hazelnut 99.2/99.3 100/98. 1
Metal nut 98.4/97.3 99.5/97.7
Pill 95.7/97. 1 99.6/98. 1
Screw 96.4/94.7 98.4/94.7
Toothbrush 100/99. 3 100/99. 4
Transistor 99.7/91.2 99.7/96. 6
Zipper 99.8/99. 1 100/99. 4
Average 98.0/96. 6 99.3/97.8
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Table 4 The impact of different resolutions
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Table 5 Results of different feature

layers about object data (%)

Layer 1 2 3 4 2+3+4

R XN BT 86.50 91.83  85.80 74.84 95.8
AT 97.76 98.17 97.92 97.23 98.27
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Table 6 Results of different feature

layers about texture data (%)
Layer 1 2 3 4
L DX AR B 95.08 83.7 58.0 53. 14
ARICTT 98.21 97.34 85.06  81.78
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Table 7 The effect of different

downsampling magnifications (%)
i3 0.001  0.005 0.010 0. 050 0. 100
LN 98. 14 98.27 98. 47 98. 50
ZUPEE 98.10  98.20 98.20 98.20
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