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Metal surface defect detection algorithm based on U*-Net
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Abstract: Metal surface defect detection aims to judge whether there are defects in the surface image of metal materials in
industrial production through a reasonable algorithm, and is an important research content in the field of computer vision
applied in industry. However, the existing segmentation-based metal surface defect detection algorithms still have problems
such as weak anti-interference ability, easy background misjudgment and insufficient detection granularity. For metal surface
images with various interference factors, this paper proposes a U”- Net - based metal surface defect detection algorithm
Attention - U’Net. First of all, in order to solve the problem of misjudgment of background and insufficient information
obtained by sampling layer due to excessive noise of metal surface image in actual production, a U-shaped attention coding
module is designed for suppressing background noise. Then, in order to solve the complex problems of difficult-to-detect
samples and boundaries in images, a weighted loss function is designed and combined with a multi-level supervision method ,
so that the detection algorithm pays more attention to difficult -to -detect samples and boundary pixels and improves the
prediction accuracy. Finally, an algorithm that automatically calculates the grayscale threshold according to the image results

is used to optimize the results, and a high-quality defect prediction map is generated finally. By comparing with six pixel

HATH L E K HARFE R4 (61806006) , V1750 i KA Hp B HE 1 T 7%
Wk B . 2023—03—17
3l T R A, E-mail: ghw8601@163.com



- 414 - B RF 2B (A RE)

%59 &

segmentation methods commonly used in the field of defect detection, the experimental results on the public data set of metal

surface defects show that the algorithm has good performance. The experimental results show that the algorithm has strong

anti-interference factor ability, and the final defect prediction image has high pixel accuracy and obvious boundaries.

Key words: defect detection, deep learning, attention coding, image optimization,image segmentation
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Fig. 6 The architecture of the Decoder Module
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Fig.7 Visual comparison of our model with other methods



- 422 - IR 2E 2R CH AR R 945 59 %

) 3 3 ) 22 5 AT LAAE T R 23 R A s B9 1 0 T B
5T P B 2 )£ S, OF 1) 2k 6 25 [0 47 5 40
FHE  Fe e — )2, 25 R B 2d /L2 R RS
LRI L G A ER Y 2 B AT, X B
i FH UCE B9 &5 ¥ Rk 51 A Gl 38 T = oLl A7 B 1
T B2 JURRAIE I 885G 1 i A P15 B0 i 3B 1R BV R AR
IR TR 23 PR AR, R A T 38 £ R HE AR
W2 n s MfE R EEE . AR EEREMEE
H A 8] B T T AL, B TP R A A A R
4 25 B 2 , AR T 08 AR TR TR = R B £
A G AE B ook A5 BB G (o 530 96 A T 6 &2 4% T
SR B A A 2 (Y SECIE I A SO 55 RO PR RE . X
— M TR SE PR VEAS P L T DU ), 0 3RO A A
ARSIV B EE R AN E, SR AE DL

3.5 HRESKIR b VRS DRI A R, TR
U*Net {9l , 5 Al Bet i) U B9 2 8] 3 58 7 4
R R A e DA ) i B AR PP U 2l T
77 i A6 R JEAS B G AR B L LI AR Ak
2R R BRI T RN R M. R
U B9 23 [8] 3 358 ) 25 A A e 8 22 i, B 1k ) 4% T
AR BT B2 71 s 1T U BT 38 1 58 ) G A A B A 4
Za AR MAE A R T s&MA OT-
SU B HEZ S5, % R AR U T f 45 i 45

®2 FEBHREOEBIR

Table 2 Ablation study for different modules
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Table 3 Ablation study for hyper-parameter y
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