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Monitoring of aluminum alloy weld formation using TIG
based on passive vision

GAI Shengnan, WANG Yu, XU Bin, WANG Kai, XIAO Jun, CHEN Shujun

(Insitute of Intelligent Forming System and Equipment, Engineering Research Center of Advanced Manufacturing Technology for

Automotive Components, Ministry of Education, Beijing University of Technology, Beijing 100124, China)

Abstract: During the butt-welding process of thin-plate aluminum alloys, the base metal was affected by fluctuations in the joint
gap and uneven heating and heat dissipation. As a result, the weld was usually defective. A passive vision sensing method was
selected to capture the front-side welding images which contained dynamic changes in the molten pool. A weld formation image
database for the thin-plate aluminum alloy with a thickness of 3 mm using butt tungsten inert gas (TIG) was established. A double-
layer tandem weld formation prediction network model was proposed to predict the weld formation under conditions such as
incomplete penetration, normal penetration, over-penetration, burn-through, left misalignment, and right misalignment. The first-
layer weld formation prediction network predicted three types of irregular weld formations, such as burn-through, left misalignment,
and right misalignment, as well as normal weld formation. The second-layer weld penetration prediction network further classified
the images of normal weld formations into incomplete penetration, normal penetration, and over-penetration. Different datasets
were used to train the model, respectively. The image-enhanced dataset showed the most excellent performance, and the overall
prediction accuracy of the model could reach 95%. Welding tests with varying joint gap fluctuations, heat dissipation, and
misalignments were carried out, verifying that the model could accurately classify six types of different weld formations in image

sequences.

Highlights: (1) A double-layer tandem weld formation prediction network model was proposed.
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(2) The influence of different datasets on the model accuracy was compared.

(3) Accurate prediction of multi-classification weld formation for thin-plate aluminum alloy during the butt-welding

process was achieved.

Key words: weld formation; passive vision; image classification; deep learning
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Fig.2 Common weld formation. (a) incomplete penetration; (b) normal penetration; (c)over-penetration; (d) burn-

through; (e) left misalignment; (f) right misalignment
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Fig. 9 Weld forming prediction network training process
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