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ABSTRACT: The work aims to propose a magnetic tile defect detection and recognition algorithm based on the improved UNet
model and a classification neural network for the limitation of extracting the surface defects of the magnetic tile by the
traditional algorithm, and the lack of accuracy in the method for judging the defect type by artificially selecting the defect
feature. The improved UNet model was used to extract defects, and the classification neural network was used to classify and
identify the extracted defect regions. In order to improve the classification accuracy of the model, the cavity convolution was
adopted to replace the partial convolution layer and the pooling layer of the UNet model to reduce the loss of detail caused by
multiple pooling. At the same time, adding multiple jump connections enabled the UNet model to combine more convolution
features. The experimental results showed that the improved UNet model could predict the defect area by 93%. According to the
prediction results, classification neural network was used to classify defects. After verified by experiment, the accuracy of the

classification could reach 94% and meet the industrial requirements. The improved UNet model improves the accuracy of
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magnetic tile defect extraction; the classified neural network has higher defect classification accuracy; and the combination of

improved UNet model and classification neural network can realize the defect extraction and classification identification

simultaneously and effectively, which lays a foundation for the quality detection and performance evaluation of the magnetic tile.

KEY WORDS: magnetic tile; surface defect; defect extraction; defect classification and recognition; image segmentation; UNet
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Fig.1 Algorithmic framework: a) magnetic tile images; b) semantic segmentation neural network; c) neural network prediction
map; d) defect region; ¢) defect region in the original image; f) defect extraction region; g) adjustment of image size;
h) neural network for classification and defect type
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Tab.1 Comparison of simulation results
. Accuracy/% Sensitivity/% Specificity/%
Algorithm
Mean Median Std Mean Median Std Mean Median Std
This paper 0.99 0.99 0.01 0.93 0.91 0.05 1.0 1.0 0
UNet 0.99 0.99 0.01 0.78 0.82 0.13 1.0 1.0 0
Reference [4] 0.97 0.95 0.02 0.69 0.71 0.11 0.96 0.96 0.02
x2 BREHSEER
Tab.2 Results of defect classification
Actual class
Pit Notch Crack Leak grinding Water crack  Chamfer  Qualified
A 187 5 0 0 0 3 4
Pit B 180 9 0 0 0 2 4
C 165 15 0 0 3 6 6
A 2 165 0 0 0 9 0
Notch B 8 157 0 4 0 11 0
C 15 149 0 10 0 15 0
A 0 0 180 0 11 0 0
Crack B 0 0 180 0 11 0 0
C 0 0 175 0 20 0 0
A 9 0 0 169 0 0 3
Predicted class Leak grinding B 13 0 0 165 0 3 6
C 11 0 0 144 0 0 6
A 0 0 7 0 155 0 0
Water crack B 0 0 7 0 155 0 0
C 0 0 10 0 143 0 0
A 3 8 0 10 0 164 0
Chamfer B 0 12 0 10 0 158 0
C 5 14 0 16 0 147 5
A 0 0 0 2 0 0 173
Qualified B 0 0 0 2 0 2 170
C 5 0 2 11 0 8 163

Appendix: A—This paper, B—Sliding window defect detection algorithm, C—Reference[18]; the number 5 in the first line
indicates that algorithm A misdetected 5 Notch defective magnetic tiles as Pit defective magnetic tiles, others can deduce the rest from this.

This paper m Reference [18]

Sliding window defect detection algorithm
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Fig.15 Sensitivity evaluation index
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Tab.3 Comparison of detection time

Algorithm Detection time/s
This paper 0.787
Sliding window defect detection algorithm 0.899
Reference [18] 0.672
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