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Woven Fabric Defect Detection Method Based on Semantic
Generation and Semantic Segmentation

MA Haoran,ZHANG Tuansan, WANG Feng,ZHAO Haoming

(School of Mechanical and Electrical Engineering,Xi’an Polytechnic University,Xi’an 710048 , China)

Abstract ; Aiming at the severe overfitting problems caused by the limitation of data set size in the semantic segmentation
task of fabric defects, a semantic generation network for fabric which uses randomly generated semantic labels to generate
corresponding fabric defect images was proposed. Compared to traditional data enhancement methods, semantic
generation can generate brand new images that are closer to the actual defect distribution, and the generated images can
be filtered by discriminators. The semantically generated images were used as the input of the semantic segmentation
network , and the corresponding random semantic labels were used as the target, so as to eliminate the labeling process,
expand the training samples of the semantic segmentation network and improve the network performance. For the
semantic segmentation network , the size-adaptive Dice loss function was proposed to solve the sample imbalance problem
and improve the detection ability of the network for small sizes. The experimental results show that the size-adaptive Dice
loss function improves the model accuracy by 11. 1% , and the accuracy of the model obtained by training with the
BEGAN expanded dataset is improved by 7.4% compared with that of the dataset expanded by the traditional method.
Keywords : woven fabric defect detection; semantic segmentation ; semantic generation network ; size-adaptive Dice loss

function ; BEGAN ; annotation-free
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