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Fig.1 Diagram of defect inspection equipment
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Fig.2 Common surface defects of steel plates
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Fig.3 Flow chart of steel plate surface defect detection
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Fig.4 Deep Learning Hierarchy Model
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Fig.5 WGAN-GP augmentation of bubble defects
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Fig.6 Traditional pixelwise augmentation
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Fig.7 Precision-recall curve of regression network
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Table 4 MAP evaluation of regression network
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Fig.8 False positive rate-False negative rate curve of
defect inspection system
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Fig.9 Steel plate defects detected in production lines
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Surface Defect Detection for Steel Plate with Small Dataset

Li Junzheng', Yin Ziyu?, Le Xinyi'

1. Shanghai Jiao Tong University, Shanghai 200240, China

2. Software Engineering Institute of Guangzhou, Guangzhou 510990, China

Abstract: In recent years, data-driven defect detection technology has been initially applied in the industrial sector to
improve the level of production intelligence. However, this method is still difficult to be further promoted due to the
problem of insufficient training samples and low detection accuracy. Therefore, in this paper, a data-driven surface
defect detection technology for steel plates is proposed. To address the problem of insufficient training samples, the
data augmentation method is adopted to increase the dataset to ensure the generalizability of the model. To address
the problem of low detection accuracy, a hierarchical model is adopted to improve the precision. Experiments prove
that the proposed method can effectively detect defects. And it has been deployed in the production line with an
accuracy of more than 95%.

Key Words: defect detection; convolutional neural network; hierarchical model; data augmentation; small sample
learning
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