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Abstract

This paper proposes a deep learning-based fabric defect detection algorithm optimization scheme to improve the overall performance
of the algorithm while realizing the fabric defect detection. This paper first analyzes the key technologies used in the field of defect
detection, and reveals the limitations of the existing scheme, and then designs a new network architecture that combines effective
feature extraction and optimization strategies. Through comparing experiments, we find that the optimized algorithm can significantly

improve the accuracy and efficiency of fabric defect detection. The research of this paper will not only help to promote the
development of fabric defect detection technology, but also provide strong support for the intelligent production of textile industry.
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ROC Curves for Different Models on Fabric Defect Detection Task
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