hOE HL AR TR

CHINA MECHANICAL ENGINEERING

JF ok Deeplabv3-+ 455 & (i) Ha, BH 5 45
< THI A B A5 I 5 1%

oE X H O F mAEAR
TREIXFMAMNFE RS, FR,400054

FEE AT AT MBS AT A B EF R @ T R @ B R AT B AR AL 2R X e
BN EARE AL PR B — AR TIRE S T 635 L 5% ik, a8 i 2t Deeplabv3+ 48 A 52 3L xH 07 & B %
HAEG T RE B IR 5 o K, FR4 R AU R MobileNetV3-Large f A £ FTRA ZATHEAEF
5 i A it 49 CBAM -change i & A 4830 4% & T AL AL 49 4 E1 M 4k 5 20t J5 09 DeepLabv3+ 42 A1 44 F 3
R SF ik 3] 92.15% JF1 4 % ik 3] 95.86 % o # 5 38 3] 99.81 %0 AL 22 3 3k 17 & B2 04 - 3 ot 9] A 26.24
ms, 7T LI A E G IFE RGN E,

KR FBH SRR 5 18 5] s DeepLabv3-H AR ik g 45

FESES: TG438

DOI:10.3969/].issn.1004-132X.2026.09.025

37 % B9
2026 4F- 9 A

Vol.37 No.9
pp.2326-2333

FFAE A F (FIRAR %5 ) #7IR 55 (OSID):

A Method for Surface Defect Detection in Resistance Spot Welding Based on
an Improved DeepLabv3+ Model
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Abstract: Aiming at the issues that machine vision technology was sensitive to factors such as oil
stains, reflections. and curved surfaces on resistance spot welding surfaces, making image processing diffi-
cult and segmentation accuracy low, a semantic segmentation method was proposed based on deep learn-
ing. By improving the DeeplLabv3+ model, intelligent segmentation, recognition, and classification of
welding spot image features were achieved. Experimental results show that: using MobileNetV3-Large as
the backbone network model lightweight is achieved. Adding an improved CBAM-change attention mod-
ule is the model s segmentation performance is further enhanced. The improved Deepl.abv3+ model
achieves a mean intersection over union of 92. 15%, an F1 score of 95. 86% , an accuracy of 99.81% , and
an average processing time of 26. 24 ms per welding spot image, enabling precise segmentation of white
body welding spot defects.
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Tab.1 Experimental process parameters
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Fig.3 Welding spot image dataset
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Tab.3 Comparison of results of different models
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