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Abstract: The surface defect detection of slate is a challenging task, particularly for small defects like edge bumps and
cracks. In addition, the existence of redundant features will influence the training effect, multiscale feature learning will
require multidimensional calculation, and the calculation complexity will increase. Considering the above problems, this
paper proposes a method for detecting surface defects in slate materials based on unsupervised learning to solve the
problem in this task effectively. First, the semiorthogonal embedding feature dimension reduction is used on the
multiscale features of the image extracted using a pretraining network to reduce the effect of redundant features. Further,
the time complexity of calculation is reduced through multiprocess feature learning, increasing training efficiency. Fi-
nally, the local Markov distance of the image to be measured is obtained in accordance with the training model to im-
prove the detection performance. Relevant experiments show that the results of this method on the slate data set are su-
perior to several advanced methods at present, and the effectiveness of this method is verified by detecting and locating
surface defects in slate materials.

Keywords: slate; surface defects; defect detection; unsupervised learning; multiscale feature; semiorthogonal embed-
ding feature; feature learning; mahalanobis distance
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Fig. 1 Operating principle of defect detection based on un-
supervised learning
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Fig.2 Unsupervised defect detection model framework based on mutil-scale features
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Fig. 5 Defect detection renderings of some slates obtained by our method
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Table 1 Defect detection results of slate dataset (picture-level classification ROC, pixel-level localization ROC) %
AT T/ T CFLOW-AD PatchCore PaDiM AR5k
AR T T (81.12,90.15) (85.05,90.92) (89.73,94.74) (91.36,96.73)
Vay o] (79.88,88.72) (86.01,89.10) (87.15,92.51) (88.04,94.05)
pusah (80.05,89.44) (85.53,90.01) (88.44,93.63) (89.70,95.39)

x2 AWMHIEEREKLUER (PRO ZE)
Table 2 Flaw detection results of slate dataset (PRO-score)
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Table 3 Defect detection results of MVTec dataset (pixel-level localization ROC, PRO-score) %
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Table 4 Average defect detection time on slate dataset
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Table 5 Defect detection results of slate dataset under
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