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A preliminary study of cerebral infarction segmentation on CT images based on U-Net algorithm
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[Abstract] Objective: To explore the feasibility of cerebral infarction segmentation on non-con-
trast head CT (NCHCT) images by using deep learning algorithms.Methods:; Totally 1185 NCHCT ca-
ses,diagnosed as "infarction" in radiologic reports,were retrospectively collected from May 1,2018,to
August 31,2020.1In these cases, 362 cases were finally included in our study,which clinically confirmed
as cerebral infarction.First,the infarction ranges of these cases were manually labeled by two experi-
enced radiologists. Then,these cases were randomly allocated to the training set (n=288), validation
set (n=37),and test set (n=237),and were trained by 2D U-net model. Meanwhile, the prediction re-
sults were automatically output to the structured report of the patient.Finally,the infarction volume,
diameter and CT value, which predicted by 2D U-net model, were compared with the manual labeled
results, by using Bland-Altman plot.Besides, the dice similarity coefficient (DSC), volume similarity
(VS), and Hausdorff distance (HD) were used to evaluate the efficacy of the model. Results: The
Bland-Altman plot showed the results predicted by 2D U-net model were mostly consistent with man-
ual labeled results,and 2.8% to 11.1% data within the 95% limits of agreement (95% LoA).Besides,
the average DSC,VS,and HD in the test set were 0.66 (95% CI:0.60~0.72),0.75 (95%CI:0.69~
0.82),and 39.69mm (95%CI:32.38~47.01) ,respectively.Conclusion:It is feasible to segment cerebral
infarction on NCHCT by using deep learning algorithms.And the automatic structured reporting could

be clinically used for the triage of patients with stroke.
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