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This study introduces OpenMAP-T1, a deep learning-based method for rapid and accurate whole brain

parcellation in T1-weighted brain MRI. Brain image parcellation is a fundamental process in neuroscientific

and clinical research, enabling detailed analysis of specific cerebral regions. OpenMAP-T1 integrates several

convolutional neural network models across six phases: preprocessing, cropping, skull-stripping, parcellation,

hemisphere segmentation, and final merging. Compared to existing methods, OpenMAP-T1 significantly

reduced the processing time per image from several hours to less than 90 seconds without compromising

accuracy. The adaptability of OpenMAP-T1 to a wide range of MRI datasets and robustness to various scan

conditions highlight its potential as a versatile tool in neuroimaging.
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(1) preprocessing

(2) cropping phase
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(3) skull-stripping phase

(4) parcellation phase

(5) hemisphere phase
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D bRV, Z O IX SPGR DOfiff4 £ A MPRAGE
XY HEL, MALF & O OpenMAP-T1 O parcellation PEfE
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7 . Limitation
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