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Method of defect sample image generation based on point set matching

GAO Haiyangl, ZHANG Mingchuanl, GE Quanboz, LIU Huaping3

(1. School of Information Engineering, Henan University of Science and Technology, Luoyang 471023, China; 2. School of Automa-
tion, Nanjing University of Information Science and Technology, Nanjing 210044, China; 3. Department of Computer Science and
Technology, Tsinghua University, Beijing 100084, China)

Abstract: The paper presents a novel approach for generating defect sample images using point set matching, which ad-
dresses the challenges posed by small-sample in industrial defect detection. These challenges arise due to low defective
rates of products, rapid iterative updating of products, limited coverage of defect types, and difficulty in obtaining high-
quality labeled defect samples. The proposed method transforms defects from a multifeature perspective and applies a
single-sample expansion technique to generate defect images with diverse characteristics. This method solves the prob-
lem of the difficult generation of a high-quality defect image by deep learning under small-sample conditions. Through
image evaluation and experimental verification, this method can produce images with superior visual effects and can ef-
fectively improve defect segmentation and detection. This method can be applied to the training process of the deep
learning model with few samples for sample expansion and improvement of the training effect.

Keywords: industrial; defect detection; small-sample problem; point set matching; sample expansion; generation of the
defect sample; effective training; Cycle GAN model; VQ-VAE
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Fig.5 Generating effect diagram of the method in this paper
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Fig. 6 Effect of adding generated images on the recall and accuracy of segmentation and detection models
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