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[ Abstract] Artificial intelligence ( AI) has risen rapidly in the research field of computer science.
The amount of data generated in the process of medical imaging is huge, so it is very suitable to use artifi-
cial intelligence technology for related data processing. Neuroimaging of patients with stroke plays a key
role in clinical diagnosis, treatment and follow-up. Al technology plays an increasingly important role in the
processing and analysis of imaging data of stroke. This paper mainly reviews the research progress of Al
technology in neuroimaging of ischemic and hemorrhagic stroke, focusing on the detection of ischemic
stroke, judgment of ischemic state of responsible brain area and treatment evaluation, as well as the appli-
cation of Al technology in the diagnosis, quantitative analysis and treatment evaluation of hemorrhagic
stroke. At the same time, the current situation of its clinical transformation application was analyzed. Fur-
thermore, it discusses the main limitations of the current application of Al in stroke neuroimaging, and

prospects for future development.
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