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U-Net deep learning network for automatic segmentation of lumbar structures on sagittal T, WI images
GUO Li,ZHAO Kai,ZHU Yi-feng,et al.Peking University First Hospital,Beijing 100034

[Abstract] Objective: To investigative the feasibility of training a U-Net model for automatic
segmentation of lumbar spine structures on sagittal T, WI MR images.Methods: The sagittal MRI ima-
ges were retrospectively collected. A total of 80 sagittal T, WI sequences were obtained. The lumbar
spine column,intervertebral disk,intervertebral foramen,lumbar spinal canal/subarachnoid space, spi-
nal cord and cauda equina were manually annotated by 2 radiologists on sagittal T, WI images. The data
were randomly divided into train set,validate set,and test set. A cascade U-Net network was used to
develop the segmentation model (coarse-to-fine) of the lumbar spine structures. The evaluation indexes
of the model include objective evaluation (dice coefficient) and subjective evaluation.Results:In the test
set of 11 cases,the dice values of the U-Net model for the 5 lumbar spine structures were as follows:
spine column 0.82~0.9 (mean value 0.864) ,intervertebral disk 0.86~0.92 (mean value 0.898),lum-
bar spinal canal/subarachnoid space 0.76~0.87 (mean value 0.837),intervertebral foramen 0.6~0.76
(mean value 0.67),spinal cord and cauda equina 0.55~0.9 (mean value 0.669).Subjectively,the satis-
faction rates of lumbar spine structures segmentation were as follows:spine column 97.5% ,interverte-
bral disk 97.9% ,lumbar spinal canal/subarachnoid space 86.4 % ,intervertebral foramen 76.7 % ,spinal
cord and cauda equine 76.7%.Conclusion: It is feasible to segment the lumbar structures of sagittal
T, WI image automatically based on U-Net deep learning network.
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