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Summary Aortic diseases, such as aortic aneurysm, aortic dissection, etc. , seriously endanger patients’

health. If patients are not treated in time, the consequences are usually fatal. With image segmentation to accu-

rately identify patients’lesion area, doctors can achieve an accurate diagnosis, preoperative planning or postopera-

tive monitoring. Recently, deep learning has shown obvious advantages in medical image segmentation tasks. An

increasing number of scholars apply deep learning to aortic diseases. This paper aims to review the application of

image segmentation methods based on deep learning in aortic diseases.
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