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Automatic detection algorithm for intracranial aneurysm based on 3D-RA image
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Abstract: Intracranial aneurysm which is a kind of high incidence cerebrovascular disease seriously threatening human life and
health has low detection rate and high mortality after rupture. Aiming at the problem of insufficient utilization of prior knowledge
by 2D convolution neural network in aneurysm diagnosis, an algorithm for intracranial aneurysm detection using deformable
convolution integrated with optical flow is proposed based on the imaging characteristics of 3D-RA sequence images. Dense optical
flow algorithm is used to obtain the optical flow information between sequential images as prior knowledge.Then the obtained
optical flow information is used to improve the 2D convolution calculation process, and an optical flow deformable convolution
model is proposed to establish the pixel-level connection between sequential images. In addition, an encoding module is composed
of optical flow deformable convolution and standard convolution to extract important features from images. The 3D-AR intracranial
angiography data from 360 clinical cases in Beijing Tiantan Hospital are taken as sample set, and the test results showed that the
accuracy, precision, recall value, F1 score, AUC and mAP of the proposed method are 0.978 7, 0.983 6, 0.9747,0.979 1, 0.992 4
and 0.982 2 respectively. The accuracy of the proposed network in detecting intracranial aneurysm is higher than that of traditional
networks U-net and Attention U-net. Compared with traditional deformable convolution model, optical flow deformable
convolution model uses optical flow as prior knowledge, which improves network performance.
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Figure 1 Network framework
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Figure 2 Optical flow deformable convolution
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Figure 3 Encoding module
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Figure 4 Examples of intracranial aneurysm
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Table 2 Comparison of quantified results of ROC curve and

P-R curve of different detection algorithms
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