$£60% F15H/2023 E 8 H/HMAEXBFEHE

It Bl St FFIHE

JET R U-net 119 43 8 T30 Bk B 5 00 7 74
I- BEA B4

AL B T R R TR 2E B, Wdb Bl 063210

FEE  ET XA A T B e o S R AT A% 1) A0, 3 3k ) T A 2 T PR 5l B R AE T 5%, 48 1 D U-net R 3Lk, 255 2 %
1 38 N 285 A A 8 IS e R M 5903 38 ) A5 e 19 T4 e TR BB A IR 1 5 AR 4 v it A B R T R A AR B
P, 42 w05 B AR T 32 42 BUTE 22 A0 DGR AE | DT /55 A B B 3R RO B E AR o 2R L 78 I 2% rh g | AR 3 G D A, 1 e
W6 BB A, A AR R AIE Y SR I, SR IBUSE 22 1) R AR A ., DT KA B 4 1 43 30K 2 o el S 1 I 286 SF B RS 3 3 391 0. 8749,
OIS W28 AR PR 8 1 2. 9206 X 52 IF IR 3 0. 8625, #2117 3. 7206 . 5 iR P28 AR LL , B0 I 19 1) 2% BT S 443 i
K n] DUARAS T4 1 4 I 45 2R

KRR RmOLY; R, ERE Unet M4, ZHRIEE R A SR AB & Bk

mESES TP391 XERARERRD A DOI: 10.3788/LOP221756

Metal Workpiece Surface Defect Segmentation Method
Based on Improved U-Net
Wang Yi, Gong Xiaojie, Cheng Jia

College of Electrical Engineering, North China University of Science and Technology,
Tangshan 063210, Hebei, China

Abstract

workpiece surface defect segmentation model based on a U-net network combined with a multi-scale adaptive-pattern

To solve the problem of low segmentation accuracy of metal workpiece surface defects, we propose a

feature extraction and bottleneck attention module. First, we embed a multi-feature attention aggregation module in the
network to improve the utilization of information and extract more relevant features, so as to extract defect targets with
high accuracy. Then, the bottleneck attention modules are introduced into the network to increase the weight of defect
targets, optimize the extraction of features, and obtain more feature information, thus obtaining better segmentation
accuracy. The improved network mean pixel accuracy reaches 0. 8749, which is 2. 92% higher than the original network.
The mean intersection over union reaches 0.8625, an increase of 3.72%. Compared to the original network, the
improved network has better segmentation accuracy and segmentation results.

Key words optics at surfaces; surface defect; image segmentation; U-net network; multi-scale adaptive-pattern feature

extraction; bottleneck attention module
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