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Fabric Defect Detection Method Based on Improved Yolo v5
WANG Enzhi,ZHANG Tuanshan,LIU Ya

(School of Mechanical and Electrical Engineering,Xi’an Polytechnic University,Xi'an 710613, China)

Abstract; Afabric defect detection method based on improved Yolo v5 was proposed in response to the problems of low
speed, poor generalization performance and weak robustness of the textile surface defect algorithm. The convolutional
attention module was added to the Yolo v5 backbone network to enhance the target detection network for extracting
important information in the feature maps and weakening irrelevant features. For the conflict problem caused by
inconsistent feature scales in the feature fusion stage of the network, an adaptive spatial feature fusion method was
introduced. Transfer learning was used to accelerate the training speed during the training process. Experimental results
show that the proposed detection framework can effectively improve the network accuracy up to 98. 8% and detection
speed up to 83 FPS compared with the unimproved Yolo v5 algorithm. The proposed detection method can meet the
practical industrial requirements.
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