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Metal 3D printing is attracting attention as a new production technology.
However, various problems need to be solved regarding it. In particular, defects
occurring in the process of melting and solidification are relatively serious than
those occurring in the traditional casting or cutting process. To solve this
problem, this study introduced a tomography using a high-speed camera that can
monitor the melting pool. This confirmed the possibility of finding defects by
detecting an abnormality in the melting pool. In addition, if it is combined with
the YOLO model, which is the latest object detection algorithm, it is judged that
the integrity of the parts produced by the casting or cutting process can be secured
by stopping or recovering the process through real-time inspection.
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Fig. 1 Defect in the middle layer of powder bed fusion of the
metal 3D printing process[ﬂ
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Fig. 2 Demonstration of porosity prediction process using supervised
machine learning[g]
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Fig. 3 3D printing specimens for MPT validation
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Fig. 4 Porosity ratio of Fe alloy specimen
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(b) 3D CT
Fig. 5 Defect analysis at 2.2 mm height of Fe alloy specimen
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Fig. 6 Melting pool tomography at the 406 layer by high speed
camera image (The number of pixels is the size of the
melting pool)
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