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[Abstract] Objective: To develop a deep learning algorithm based on convolutional neural net-
work to detect different types of intracranial hemorrhage and automatically calculate the volume of he-
matoma.And to explore its accuracy and consistency of hematoma segmentation.Methods: 9594 cases of
non-contrast head CT scan images were retrospectively included in Dataset 1.223 positive cases were
randomly selected as the testing dataset for intracranial hemorrhage subtype recognition,and the rest
CT images were used as the training dataset. The effectiveness of the test set algorithm in recognizing
five different types of intracranial hemorrhage were evaluated. Another 819 manually labeled CT scans
were enrolled in Dataset 2,from which 74 cases were randomly selected as the testing dataset.Manual
segmentation was taken as the gold standard to verify the consistency of algorithm segmentation and
manual segmentation in the test set. Results: Among 223 patients with positive intracranial hemor-
rhage,the area under the curve (AUC) for five types of intracranial hemorrhage in the subtype recog-
nition testing dataset were all above or approximate to 0.85,and the specificity were greater than 0.95.
Among the 74 cases of hematoma segmentation test data, there was a high consistency between the
volume of hematoma automatically measured by the algorithm and the volume of hematoma manually
measured by the algorithm. The intraclass correlation coefficients of intraparenchymal hemorrhage,
epidural hemorrhage,intraventricular hemorrhage and subdural hemorrhage were 1,0.990,0.996 and
TEB BAL:430030 B A hBHR RS2 8] U 5 4% B I [R) 9% 2 Be O B (2205 . T RS0 s RO B Re )T RHECA TR

AR/ W) 9)

EE R A 208 (1985 —) , 2 WL 5 AR VA BRI, 2 N rh K 28 AR 0T A

BEE1EE & L2 ,E-mail: zhuwenzhen8612@163.com
EESTH:HEAARZESFERES (G190707D)



8 T F 2B 2021 4E 1 A4 36 %45 1 8] Radiol Practice,Jan 2021, Vol 36,No.1

0.878 respectively in the hematoma segmentation testing dataset.Conclusion: Deep learning algorithm

based on convolution neural network has good performance in intracranial hemorrhage recognition and

hematoma segmentation, which has a certain prospect of clinical application.

[Key words] Convolution neural network; Deep learning; Intracranial hemorrhage; Hematoma

segmentation; Tomography,X-ray computer
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