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Fabric Defect Detection Based on Feature Residual

BAO Xiao-An, LIN De-Shou, ZHANG Na
(School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: To solve the difficulty in detecting the defects in fabrics of unknown styles in the augorﬁatic fabric defect
detection algorithm, this study proposes a fabric defect detection method base“d on feature residuals. First, the defect
residuals of the defective and template fabric images are fused with that of the notmalfinlabeled fabric image to generate
a new defective fabric sample. Then, the improved feature extractidn network uses the shared weight method to extract
features from the defective and template fabrics and calculate the feature residuals. Finally, the ROIAlign method is used
to mix the global context information and the region of interest for feature fusion. The fused features are subject to defect
classification and location return. Experiments are separately conducted on two test sets containing and not containing
fabrics of unknown styles. The fesults show that the improved algorithm can better eliminate the influence of fabric styles
on the detection results. The accuracy is greatly improved in the test set that doesnot include unknown styles. In the test
set containing unknown styles, defect detection maintains high accuracy. Compared with that of the general algorithm
before the improvement, the final scores have increased by 15.4% and 16.2%, respectively.
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