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Research on Magnetic Core Surface Defect Detection
Based on Deep Learning

WU Xiande', CHEN Keyu?’, ZHOU Bao*, LEI Yayu’, WENG Yangkai*, WANG Xianbao®
(1. Zhejiang Whyis Technology Co. , Ltd. , Hangzhou 311100, China;
2. College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023, China)

Abstract: Magnetic core surface defect detection is a key part of magnetic core assembly line. At present, multiple machine vision
detection methods have been widely applied, but the accuracy of these methods depends on extracted defect features, which is strong
expertise. And the characteristics of different products are reset, so there is the shortage of low reuse. A defect detection method
based on deep learning can well overcome above problems. The deep learning accuracy is strongly related to the quality and quantity of
training data. But for the intelligent detection of surface defects in actual products, there are several problems of difficulty in collec-
ting magnetic core samples with defect, disequilibrium on defective samples, small defect target and hardness in locating defect.
Aimed at the existing problems, , an image enhancement and detection method which based on deep learning is proposed. Firstly, the
images of magnetic core defects are generated by using the deep convolutional generative adversarial network of Gaussian mixture
model, then a Poisson Blending method is used to produce the enhanced data set. Finally, the magnetic core defect intelligent detec-
tion is achieved based on YOLO-v3 network. The experimental results indicate that the proposed method can produce the images with
higher quality and more clear defects, and the defect detection accuracy is enhanced by 5. 6%.

Keywords: Magnetic core; defect detection; deep convolution generative adversarial networks; image fusion; deep learning
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