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Research advances in the application of deep neural network combined with

neuroimaging in traumatic brain injury
Hu Jiawen ,Zhu Ruiting , Zhang Ming
(Radiology Department , The First Affiliated Hospital of Xi'an Jiao Tong University )

[ Abstract] Traumatic brain injury (TBI) is a common and complex neurological condition encompassing a wide spectrum from mild to
severe injuries. Although mild TBI often shows no significant abnormalities on conventional neuroimaging, recent studies have shown
that subtle lesions in specific brain regions, including the limbic system, are easily missed or misinterpreted in the early stage and may
be associated with long—term cognitive deficits and neuropsychiatric symptoms , and severe TBI typically presents with complex lesions
and distorted brain structures, thus requiring rapid and quantitative imaging assessment for critical pathologies such as intracranial
hemorrhage. Traditional neuroimaging approaches face significant limitations in accurate lesion boundary delineation and detection of
minute abnormalities, and constraints in imaging speed and quality within a limited time further hinder the rapid identification and pre-
cise detection of subtle lesions in emergency settings. In recent years, rapid development has been observed in the application of deep
neural networks in automated identification and analysis of medical images, offering new solutions for the efficient diagnosis and dy-
namic management of TBI. This article systematically reviews the current advances in the application of deep neural networks and neu-
roimaging in TBI, with a particular focus on key areas including automated intracranial hemorrhage segmentation , precise detection of
cerebral microbleeds ,and image quality enhancement. This article also discusses the future research directions in this field.
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