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Establishment of a renal cortex and medulla segmentation model in X-ray

computed tomography images based on deep neural networks"
LUO Hui,LI Pei”
(Department of Radiology,Ningbo Yinzhou No.2 Hospital s Ningbo ,Zhejiang 315000,China)

[Abstract] Objective To construct an automatic kidney segmentation model based on deep neural net-
work on enhanced CT images. Methods The renal arterial phase images of 64 patients with chronic kidney
disease (CKD) were collected from January 2019 to October 2022, According to blood creatinine estimation of
glomerular filtration rate (eGFR) ,they were divided into the mild renal injury group,the moderate renal inju-
ry group,the severe renal injury group and the control group,16 in each group. ITK-Snap software was used to
outline the images layer by layer,and the areas outlined were renal parenchyma and renal cortex. The data set
was randomly divided into training sets and test sets,including 40 training sets (10 in each group) and 24 test
sets (6 in each group). Segmentation models of renal parenchyma and cortex were obtained and verified. The
quantification results of renal parenchymal volume and cortical volume segmentation were compared. Four
groups of image test sets were compared with the Dice values of the model to discuss the quantitative evalua-
tion of kidney and renal cortex volume with this model, and evaluate its accuracy. Results The results of
quantification of renal parenchymal volume and cortical volume segmentation performance by enhanced CT
kidney segmentation model based on deep neural network showed that the Dice value of renal parenchyma was
93.53% and that of renal cortex was 81.48%. There was no significant difference in Dice values of renal parenchy-
mal volume and renal cortex volume among all the groups (F=3.467,4.972,P>>0. 05). Conclusion The en-
hanced CT image kidney segmentation model based on deep neural network established can be used to seg-
ment kidney parenchyma and cortex,and the obtained data are reliable.
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Dice Z%§ . Jaccard 550 SFIFA 845, W3R 1.
*x1 BEXRMERSEEENELER
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PR T8 e 1 I [ U9 R 4% 24 o) i BIRL SR
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