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Fabric Defect Classification Algorithm Based on Multi-Scale Feature

Fusion of Spatial Attention

Song Zhiyong, Pan Haipeng
School of Mechanical and Automatic Control, Zhejiang Sci-Tech University, Hangzhou 310018, Zhejiang, China

Abstract A fabric surface defect classification technique based on spatial attention multiscale feature fusion is
designed to address the problem of low-classification accuracy caused by complex texture and varied defect kinds of
the fabric surface. The multiscale pyramid pooling module is used to maintain the information integrity of the feature
map, and the rich semantic information extracted from the high-level feature map is used as a priori information to
guide the low-level features, realizing the fusion of high-level and low-level features; the improved spatial attention
module is integrated into a convolutional neural network to enhance the differential expression of features. The
improved class activation mapping method is used to obtain the defect classification information and location
information. The fabric surface defect image is recognized and detected using data augmentation and transfer learning
methods. The experimental results show that the proposed algorithm can effectively increase the accuracy of fabric
defect classification and obtain defect location information without manual location labeling.
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Table 3 Result comparison between proposed algorithm and

Defect type  Precision /%  Recall /%  Specificity /% other algorithms
Normal 82.61 95. 00 96. 00 . Precision / Recall /' Specificity / Accuracy /
Algorithm
Hole 95 95. 00 99. 00 % % % %
Stain 100 95.00 100. 00 VGG16 57.33 56. 67 91.33 56.67
Scratch 100 100. 00 100. 00 ResNet50  49.93 65 93 65
Thread ends 81.82 90. 00 96. 00 Proposed . _
. 93.23 92.5 98.5 92.5
Fold 100 80. 00 100. 00 algorithm
Average 93.23 92.5 98.5
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