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Classification of main components of textile fabrics

based on convolutional neural network
ZHANG Wei, ZHANG Huaxiong
(School of Information Science and Technology, Zhejiang Sci-Tech
University, Hangzhou 310018, China)

Abstract: To automatically test main components of textile fabrics, the pictures of pure textile fabric
shot after amplification of 100—200 times or blended textile fabric with main component content more than
50% were used as the objects of study to propose a main component classification method for textile fabrics
based on deep convolutional neural network. Firstly, cropping and color space conversion were conducted
for the pictures. Secondly, the pictures were input into the convolutional neural network to train main
component classification for textile fabrics. Finally, the pictures of the textile fabric to be classified were
input into the trained convolutional neural network, and the main component classification results of
textile fabrics were obtained. 4497 pictures of cotton, polyester, acrylic, wool and Tinsel were chosen for
the experiment. The experiment results showed that the accuracy of the main component classification
method for the 5 classes of fabrics is 96.53%. Compared with other convolutional neural network models.,
the proposed method reduces training time, decreases network size and improves the classification
accuracy.
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5  Depthwise_conv/S2 3X3X64 128 X128 X 64
6  Pointwise _conv/S1 64X1X1X128 64X64X64
7 Depthwise_conv/Sl 3X3X128 64 X64 X128
8  Pointwise_conv/S1 128X 1X1X128 64X64X128
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