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[ Abstract] Objective: To explore the feasibility of using U-Net deep learning model for automat-
ic segmentation of various lumbar structures and the automatic localization of intervertebral discs on
CT images.Methods: From December 1,2020,to March 29,2021, the images of patients who underwent
CT scans of lumbar spine in our hospital were retrospectively collected, excluding the cases with lum-
bar surgery,spinal deformity and bone metastasis,and a total of 154 data were included. The lumbosa-
cral vertebral bodies,intervertebral discs and dural sacs were manually marked. According to the ratio
of 8:1:1,the data were randomly divided into training set (n=125),validation set (n=14) and test
set (n=15).The segmentation model was trained by 3U-Net model,and the results of manual labeling
by physicians were used as the reference standard.The dice similarity coefficient (DSC),volume simi-
larity (VS) and hausdorff distance (HD) were used as the indexes to evaluate the segmentation effi-
ciency of the model. With physician’s judgment as the gold standard,the confusion matrix was used to
evaluate the positioning efficiency of the model in identifying the location of each disc.Results:In the
test set,the DSC and VS values of the segmentation results of lumbosacral vertebral structures by 3D
U-Net deep learning model were all greater than 0.96.The accuracy of the model in identifying the lo-
cation of each disc was 98.7% ,and the model prediction was in good agreement with the physician’s
judgment.Conclusion: The 3D U-Net deep learning model can be used to automatically segment the

main structures of lumbar vertebrae in CT images and realize automatic disc localization through con-
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nected domain algorithm.
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