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Deep learning was applied to estimate the molten pool condition in a welding
system. In order to do this, it is Important to capture clear images of the molten pool. Therefore,
we clarified good conditions for capturing images of the molten pool by considering the

characteristics of visual sensors and the spectral characteristics of the arc and molten pool. Using
this method, the molten pool image was used as an input to Resnet50, a deep learning system, to
estimate the molten state of the root of the groove for V-gap welding with gap variation. The
boundary between the molten and unmolten areas was estimated from the molten pool image using
semantic segmentation, and this was applied to weld line imitation control.
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