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Applications of deep learning in CT for intracranial hemorrhage
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Abstract: Intracranial hemorrhage has a high mortality and disability rate, as well as a quick onset. For patients with
suspected intracranial hemorrhage, non-contrast enhanced CT is the preferred imaging technique. Deep learning has been
widely used in the CT of intracranial hemorrhage because of its benefits of high efficiency and accuracy, but there are some
drawbacks as well. Herein the use of deep learning in CT for intracranial hemorrhage in recent years is summarized, with an

emphasis on the successes and shortcomings of deep learning after it is applied to intracranial hemorrhage imaging in the

hopes of making further advancements in accurate diagnosis of intracranial hemorrhage with deep learning assistance.
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