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Fancy Cloth Defect Detection Method Based on Improved YolovS

SHI Zaoxiong, MAQO Zhengchong
(School of Internet of Things, Jiangnan University, Wuxi 214000, China)

Abstract: The defect detection of fancy cloth is an indispensable link in the textile industry. It is of great significance to realize
the rapid and accurate defect detection of the fancy cloth to improve the production efficiency. In order to solve the defect detection
difficulties of small defect targets, uneven distribution of types, extreme length and width of some defects, and easy confusion with
background, an improved algorithm model DD-YOLOvV5 based on YOLOv5 network was proposed. Contextual transformer networks
(CoTNet) are used in the backbone to enhance the visual presentation capabilities; By introducing a convolutional block attention
module ( CBAM ) into the neck network, the key information is concerned in the network. A high resolution detector is added in the
detection link to strengthen the detection of small targets. In addition, the a-IoU method is used to replace original G-IoU method.
The experimental results show that compared with the original algorithm, the mean average precision (mAP) of the improved algo-

rithm increases by 8.1% . the detection speed also reaches up to 73. 6 Hz, the proposed method has a good performance in the fancy

cloth defect detection.
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