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Automatic segmentation of cervical spine structures on MRI images based on deep learning:a preliminary
study ZHU Yi-feng,ZHAO Kai,GUO Li,et al. Medical Imaging Center,the Peking University First
Hospital , Beijing 100034 ,China

[ Abstract] Objective: To investigative the feasibility of 3D U-Net model for automatic segmenta-
tion of anatomic structures of cervical spine on sagittal T, WI and T; WI MR images. Methods: The
sagittal T, WI and T, WI images of 92 patients (178 series) were retrospectively collected. The cervical
spine column, intervertebral disc, subarachnoid space, spinal cord and intervertebral foramen were
manually drawn and annotated by 2 radiologists on sagittal T, WI and T, WI images. The images were
randomly assigned to the dataset of training (n=138),validate (n=20) and test (n=20).In the trai-
ning dataset,a 3D U-Net model was trained with the training dataset. The model was fine-tuned with
the validation dataset.In the test dataset, the segmentation efficacy of the model was evaluated by
quantitative index (Dice similarity coefficient,DSC) and qualitative evaluation.The DSC value of each
structure were statistically compared within and among the three datasets.Results:In the test set,the
DSC values of the trained 3D U-Net model in segmentation of the cervical vertebral body,interverte-
bral disc,subarachnoid space, spinal cord and intervertebral foramen were 0.87 0.03,0.85+0.04,
0.87£0.04,0.82£0.05,and 0.5740.08, respectively. The general DSC value in segmentation of the cer-
vical vertebral structures was 0.80230.13. The DSC value of each structure was statistically different
within and among the three datasets (all P<C0.001).The qualitative scores met the needs of clinical
application.Conclusion: The 3D U-Net model based on sagittal T, WI and T, WI MR images can achieve
good performance for automatic segmentation of anatomic structures in cervical spine.

[Key words] Magnetic resonance imaging; Cervical vertebral; Deep learning; Artificial intelli-
gence; Automatic segmentation
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