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Visual Inspection of Surface Defects Based on Lightweight Reconstruction Network

YU Wen-Yong' ZHANG Yang' YAO Hai-Ming' SHI Hui’

Abstract Deep learning-based methods show excellent performance in identifying and classifying surface defects of
certain industrial products. However, most industrial product defect samples are scarce and feature differences are
large, making it difficult to apply this type of detection method that requires a large number of defect samples. This
paper proposes an image reconstruction-based unsupervised defect detection algorithm reconstruction network for
defects detection, which uses only non-defective sample data that is easily available in large quantities to detect ab-
normal defects. The algorithm proposed in this paper includes two stages: image reconstruction network training
stage and surface defect area detection stage. In the training phase, the reconstruction network is designed by a
fully convolutional self-encoder with a lightweight structure, and only a small number of normal samples are used
for training, so that the reconstruction network can generate defect-free reconstruction images, and a combination of
structural loss and L1 is further proposed. The loss function is used as the loss function of the reconstructed net-
work to solve the problem of poor detection of irregular texture surface defects by the self-encoder detection al-
gorithm; the residual area of the reconstructed image and the image to be tested is used as a possible defect area in
the defect detection stage. The final inspection result can be obtained through conventional image operations. In
this paper, the network structure, training patch size, loss function coefficient and other influencing factors of the
proposed reconstruction network for defects detection method are analyzed in detail, and compared with other simil-
ar algorithms on several defect image sample sets. The results show that reconstruction network for defects detec-
tion has strong robustness and accuracy. Due to the lightweight structure of reconstruction network for defects de-
tection, it takes only 2.82 ms to detect 1024 x 1024 pixel images, which is suitable for industrial online detection.
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Table 4 Comparison of test results under different weight coefficients
PEES 0 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 1
A= 0.72 0.79 0.62 0.73 0.65 0.67 0.52 0.55 0.72 0.45
R 0.71 0.69 0.58 0.28 0.46 0.53 0.23 0.89 0.54 0.62
HOALE A5 0.71 0.73 0.60 0.41 0.54 0.60 0.32 0.68 0.62 0.52
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Table 6  Test results of unsupervised samples
FEA EIEES LS TALR RT3
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Wk 0.27 0.47 0.32
JRet 0.16 0.35 0.20
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