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Textile Defect Detection System Based on Edge Computing

WEI Xiong, LIU Jiaqi
(School of Computer and Artificial Intelligence, Wuhan Textile University , Wuhan 430000, China)

Abstract: Due to the expansion of production scale and the complexity of processing flow, fabric defects have become a common problem in
the textile industry. The traditional textile defect detection methods mainly rely on manual visual inspection, which is prone to problems such
as visual fatigue and low efficiency. Therefore, a textile defect detection system based on edge computing and improved convolutional neural
network is proposed, which realizes the functions of data collection, defect detection, reporting and early warning of textile. The system com-
bines the global receptive field of convolutional neural networks with attention mechanisms to efficiently capture and classify defect features,
enabling textile enterprises to perform defect detection calculations and data processing in production environments. The overall accuracy of de-
fect detection can reach 97.11%, with defect product detection accuracy of 84.02%, defect free product detection accuracy of 97.98%, and de-
fect detection recall rate of 95.28%. The system has excellent application effects in practical scenarios, effectively improving detection efficien-
cy, strengthening product quality control, and reducing production costs. It is of great significance for realizing the intelligent development of
the textile industry.
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Fig. 1 Architecture of edge computing textile defect detection system
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Fig.2 Implementation logic of database connection pool
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Fig.3 Convolution operation schematic
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Table 2 Confusion matrix of textile defect detection results
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Table 3 Comparison of the accuracy of different algorithms

®3 FEEEEBELR

[RIEER7S HER /%
Faster R—-CNN 57.30
SSD 55.40
YOLOv3 53.80
YOLOv5s 51.70
VGG16+FANS 92.50
Inception—-Net+M-LSTM 94.30
AR 97.11

h S5 UECHE CNN AR A MBI B A7 2, PA 2 J2 45
FRUZ 2JZMWALZ (2 JZ 4 12 B AL CNN O JEMERL R,
TERA RO A L EAT IRl S . AR 4 s .

Table 4 Results of ablation experiments
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