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Abstract
The use of convolutional neural network technology to replace the traditional manual fabric de-
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fect detection can greatly reduce the cost of fabric defect detection and repair, thus greatly im-
proving the efficiency and quality of production. In this paper, an n x n mesh is proposed to re-
place the RPN layer in the original Faster_RCNN model, and the FPN structure is used to adjust the
mesh size. Finally, fewer candidate regions are generated to reduce the burden of subsequent data
transmission and processing, and save the detection time. The collected fabric defect data set was
used to train and learn the model. Finally, the fabric defect target detection experiment was com-
pared between the model after multiple training and parameter adjustment and the current com-
mon target detection model under the same conditions. Experiments show that the overall map
value of the improved Faster_RCNN model for fabric defect target detection by using n x n mesh
instead of RPN is 74.1%, and the detection speed of a single image is 230.7 ms. Compared with the
original Faster_RCNN model, the detection accuracy is slightly reduced, but the detection speed is
increased by about 4 times. It shows that using n x n mesh instead of RPN layer can speed up the
detection efficiency under the premise of ensuring a certain accuracy of fabric defect target detec-
tion.
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Figure 1. lllustration of some common defects
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Figure 2. Flow chart of the Faster RCNN algorithm
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Figure 5. Structure diagram of backbone and FPN
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Figure 6. Training losses and verifying map values in Mesh-Faster RCNN
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Figure 7. Comparison of defect detection results. (a) Original test images; (b) SSD detection re-
sults; (c) YOLO-V3 detection results; (d) Faster_RCNN detection results with n x n mesh instead
of RPN; (e) Original Faster RCNN detection results
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Table 1. Comparison of map value and detection speed of each model in fabric defect detection task
F 1. QYRIANIE 55 B AR map B, HNEE LR

JAK map 18 (%) 63 (ms)
SSD 68.3 420.1
YOLO-V3 70.4 129.3
Faster RCNN 80.7 872.2
U3 Faster_RCNN 74.1 230.7
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