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A Positive Sample-Based Visual Inspection Method of Product Surface Defects

ZUO Wang, CHEN Zhongsheng, LI Chaolin, LIU Haopeng
( College of Electrical and Information Engineering, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: Visual detection of surface defects is one of the important aspects of product quality inspection.
However, in practical industrial applications, in view of such flaws as few surface defect samples and the need for a
large number of labeled samples, attention mechanism is introduced into Resnet50 network, with a positive sample-
based visual inspection method proposed for product surface defects. First, the pre-training network Resnet50 CBAM
is adopted to acquire the embedding vectors containing information from different semantic layers and resolutions, with
the multivariate Gaussian parameters used for a representation of the normal features of the images. Next, the defective
images are input to the pre-training network Resnet50 CBAM, thus obtaining the corresponding embedding vectors
and multivariate Gaussian parameters. Finally, the Markov distance is used to work out the defective scores of all pixels
in the whole defective image, so as to realize the defect area location based on pixel level. The experimental data set
verification results show that compared with the existing methods, this proposed method is characterized with a low
requirement of normal samples yet with a higher detection accuracy, which can effectively solve the problem of visual

inspection of product defects with fewer samples.
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Table 1 Test results of different layers

NG image ROCAUC ~ pixel ROCAUC F,
Layerl 0.979 0.931 0.930
Layer2 0.986 0.937 0.950
Layer3 0.995 0.902 0.976
Layer4 0.825 0.747 0.885

Layerl+2 0.986 0.945 0.952

Layerl+2+3 0.998 0.942 0.983
Layerl+2+3+4 0.954 0.789 0.909
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Table 3  Test results of different pre-training networks

TNk 24

image ROCAUC  pixel ROCAUC F,

Resnet50 0.975 0.942 0.915
Resnet50 CBAM 0.998 0.942 0.983
Resnet101_CBAM 0.989 0.945 0.976
Resnet152 CBAM 0.997 0.938 0.952
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Table 4 Test results under different sample numbers
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50 0.998 0.942 0.983
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Table 5 Comparison of test results from different algorithms

5 i image ROCAUC pixel ROCAUC
SPADE 0.983 0.941
PatchCore 0.992 0.936
Ours 0.998 0.942
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