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Deep Convolutional Neural Network Fabric Defect Detection Based on Fisher Criterion

SHI Tian-Tian
(College of Informatics and Electronics, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: In view of the fact that the current algorithm can not meet the needs of fabric defect classification detection
with periodic pattern characteristics, a deep convolutional neural network fabric defect detectior% algorithm based on
Fisher criterion is proposed. First, a small Deep Convolutional Neural Network (DCNN) is designed by using depthwise
separable convolution. Further, the Softmax loss function of DCNN adds Fisher criterion constraint and updates the whole
network parameters through gradient algorithm to get Deep Conyolutional Neural Network (FDCNN). Finally, the
classification rates of TILDA and pink plaid fabric database were 98.‘1:4% and 98.55%. The experimental results show that
the FDCNN model can not only effectively reduce network parameters and running time, but also improve fabric defect
classification rate.
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