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Abstract: In the task of detecting defects 6n the surface of fabrics with complex patterns, traditional segmentation

algorithms ignore the semantic difft

accuracy. To solve this probl
Spatial attention module i
Self-attention pyrami

Channel attention module

s oﬂfferent scale features in feature fusion, resulting in a decrease in segmentation
apler proposes a defect detection method based on attention-guided feature fusion.
uppress the interference of the texture background and highlight defect information.
dule is used to integrate local and global features to further enhance feature representation.

sed to guide the network to select useful features, so to achieve better information fusion of

deep features and shallow features. The experimental results show that compared with the traditional segmentation algorithm,
the proposed method has improved pixel accuracy, average pixel accuracy, and mean intersection over union, which shows
the effectiveness of the algorithm.
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