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A MLMP welding pool classification model for medium-thick low-carbon
steel plates based on a VGGNet with a visual attention mechanism

ZHOU Hao, CHEN Shanben
(Intelligentized Robotic Welding Technology Laboratory, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: The multi-layer and multi-pass welding (MLMPW) of medium-thick plates in large equipment manufacturing has always
been a challenging and important research topic. The core of achieving robotic MLMPW lies in acquiring, monitoring, and
classifying the weld pool. To enhance the automation and intelligence of MLMPW, it is necessary to develop an online
classification system for weld pool images. A novel MLMPW weld pool classification method is proposed for weld pool images
during the welding process, utilizing a VGGNet with a visual attention mechanism (SENet). To improve efficiency and accuracy,
pre-trained models from transfer learning are introduced into the network training process. Due to the lack of research on the
medium-thick plate multi-layer and multi-pass molten pool, there are few open datasets of molten pool. In order to deal with this
problem, data augmentation is necessary to applied to the dataset. The results indicate that the proposed model can quickly and
effectively classify seven types of MLMPW weld pools with an accuracy of 98.39%.
Highlights: (1) An MLMPW weld pool visual monitoring system to capture high-quality weld pool images was developed.

(2) An MLMPW weld pool classification model based on VGGNet with a visual attention mechanism was proposed,

which can accurately predict seven different types of weld pools.
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MLMPW Molten Pool Vision Sensing System
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MLMPW parameters
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Fig. 5 Melt pool data augmentation. The first image is
the original image, the second to sixth images
are flipped and rotated three times 90° clockwise,
and the seventh to ninth images are images with
random rotation, scaling, and translation.
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Fig. 7 VGG16 classification architecture
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Table 2 hyperparameter configuration
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Table 3 Confusion Matrix
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Fig. 9 Training and testing curves. (a) accuracy curve;
(b) loss curve
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Table 4 Molten pool classification evaluation value
A Typel Type2 Type3 Typed Type5 Type6 Type7
Pr 100. 00 98.69 97.58 97.02 98.14 97.07 96.46
Pt se vggl6 Re 99.78 99.04 98.54 96.51 97.19 95.76 98.54
Fl1 99.89 98.87 98.05 96.76 97.66 96.41 97.49
Pr 99.87 97.88 98.44 96.31 97.94 95.01 96. 65
se vggl6 Re 99.74 98.54 97.35 95.92 96.31 96.19 98.12
F1 99.81 98.21 97.90 96.12 97.12 95.60 97.38
Pr 99.96 97.86 97.90 96.93 97.97 96.53 97.29
Pt vggl6 Re 99.96 99.04 97.51 96. 66 97.46 95.85 98.18
Fl1 99.96 98.45 97.70 96. 80 97.71 96.19 97.73
Pr 99.87 95.23 95.18 90. 87 93.92 91.90 91.00
vggl6 Re 99.57 97.09 93.56 91.66 93.84 87.15 94.89
F1 99.72 96.15 94.36 91.26 93.88 89.46 92.90
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