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Deep learning based motion correction in coronary computed
tomography angiography: Validation on Clinical Data

Sunghee Jung, Soochahn Lee’, Hyuk-Jae Chang*

Abstract : The purpose of this study is to correct the motion in coronary computed tomography
angiography. In this study, we tried to approach the issue of reducing motion artifacts like denoising or
deblurring by using machine learning method which is recently applied to various problems successfully.

As a result, motion artifacts were prominently reduced.
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Fig. 1 A workflow of proposed method
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Fig. 2 Motion correction results on clinical data
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