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Paper Defect Detection Algorithm Based on Improved Faster R-CNN

TANG Wei, WANG Jin-yun, ZHANG Long

(School of Electrical and Control Engineering, Shaanxi University of Science &Technology, Xi'an 710021, China)

ABSTRACT: The work aims to achieve the goal of fully extracting paper defect features, improving detection accuracy
and reducing detection rate of small targets in paper defect detection. The detection algorithm was improved based on
Faster R-CNN. The main improvements were as follows: the backbone feature extraction network VGG16 of the original
model was replaced by the deep residual network ResNet-50 to retain more feature information of paper defect and en-
hance the feature network's ability to extract paper defects. The dual attention mechanism CBAM of space and channel
was added to the algorithm to improve the accuracy of paper defect detection. ROI-Pooling was replaced with ROI-Align
to enhance the generalization ability of network. The experimental results indicated that the average accuracy of the im-
proved algorithm reached 98%, which was 9% higher than that of the original algorithm. The improved algorithm can
fully extract the feature information, effectively improve the detection accuracy of paper defect, improve the detection
rate of small target paper defect, and reduce the error and miss detection rate.

KEY WORDS: paper defect detection; Faster R-CNN; ResNet-50; Convolution at Block Attention Module; ROI-Align
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Fig.1 Basic structure of Faster R-CNN
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Fig.2 Residual element structure
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Fig.3 Structure of ResNet-50
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Fig.6 Schematic diagram of SAM submodule
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Fig.7 Schematic diagram of ROI-Align structure
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Fig.9 Structure diagram of the improved Faster R-CNN
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Tab.1 Statistics for paper defect dataset
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Tab.2 Experimental environment configuration
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Tab.3 Error and miss detection results of Faster R-CNN

algorithm
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Tab.4 Error and miss detection results of improved Faster
R-CNN algorithm

1E NN . .
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Tab.5 Accuracy comparison between the original algo-
rithm and the improved algorithm
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Fig.10 P-R graph before and after the
algorithm improvement
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Fig.11 Paper defect detection effect
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