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Surface defect detection based on optimized convolutional neural network

Yao Minghai, Yuan Hui
(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023)
Abstract

The convolutional neural networks (CNN) have been proved to be effective in image recognition, machine vi-
sion and other fields with the advantages of small number of weights and fast training speed. An adaptive weighted
pooling algorithm is proposed for convolutional neural networks. The proposed algorithm optimizes the feature ex-
traction of sub-sampling models by generating merge channels and collecting features under the guidance of learning
masks, and effectively improves the recognition accuracy and speed of the network. The experiments carried out on
the surface defect detection of the magnetic disks show that the proposed pooling model can improve the accuracy of
the features extraction and so can effectively detect the defects of surface in faster convergence and robustness with
convolutional neural network. Also the pooling model proposed in this paper can be applied to various deep neural
network architectures.

Key words: convolutional neural network (CNN) , adaptive weighted pooling model, defect detection, sub-

sampling
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