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Fabric defect detection based on improved YOLOv3
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[ Abstract] Cloth defect detection is an important link in the production process of the textile industry. The realization of efficient
and accurate cloth defect detection is of great significance to improve the production capacity of the textile industry. Aiming at the
problems such as obvious difference in size of cloth defects, difficulty in distinguishing background and target, and low efficiency of
traditional detection methods, a cloth defect detection method based on improved YOLOV3 is proposed. By introducing depthwise
separable convolution to reduce the amount of model parameters for improving the detection speed, embedding SENet in the feature
pyramid makes the model pay more attention to effective features and suppressing invalid features, and uses the Focalloss loss
function to replace the original classification loss function to reduce the biased impact of easily classified samples on the model. The
experimental result shows that, compared with the original algorithm, the improved algorithm improves the mAP index by 4.9%, the
recall rate by 5.12% , the accuracy rate by 37.78% , and the FPS index by 7%.
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Fig. 1 YOLOV3 structure
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Fig. 6 Improved algorithm structure diagram
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