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In-situ estimation of welding quality and visualization of basis for the
decision by combining welding monitoring and deep learning

Nomura, Kazufumi
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Robotic arc weldin?, a process used in various industrial fields, often
encounters challenges unstable welding quality due to disturbances such as the gap fluctuation
between the base materials and the misalignment of the wire target position. In response to these
issues, we have developed a CNN-based machine learning model that estimates penetration depth from
monitoring images of the welding phenomenon. Our model has been effective, but it also has its
limitations, including being black-boxed and having low estimation accuracy in certain areas. In
this study,we have visualized the basis for decision to identify important areas in the input image
and clarify the physical relationship with the welding phenomenon. Moreover, we constructed an
improved estimation model by shifting the input-output relationship.
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