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Automated segmentation of renal arterial branches
in abdominal contrast enhanced CT images
using Convolutional Neural Network
and knowledge of vessel anatomy *

Mariko Ono

Abstract

Since abdominal blood arteries have complicated branching structures, presenting the
structural information of blood artery to a doctor is important for precise diagnosis.
Therefore, it is valuable to automatically extract the vascular region from the 3D-CT image
with a computer and use it for image diagnosis and treatment planning. In previous work,
line enhancement filter has been widely used as a preprocessing for blood artery extraction
and blood artery recognition. However, in the conventional processing, oversights are
frequently found in thin blood vessels and false detections of image edges have also
occurred. In this experiment, I aim to extract renal arterial branches. Renal arteries have
various branching patterns, so it is important to understand the pattern. I construct the
artery discriminator using Convolutional Neural Network (CNN). I aim to improve the
processing accuracy for emphasizing arteries which are not easy to emphasize by the
previous method. In my experiment, 30 contrast enhanced 3D-CT images with manual
trace segmentation were used for training and validation in a leave-one-out cross-
validation. I compared the accuracy of the blood vessel discriminator made with reference
to AlexNet, made with reference to U-Net and made with line enhancement filter.

As a result, I discovered that the method using CNN gave better results than previous one.

Keywords:

Renal artery, automated segmentation of arteries, Convolution Neural Network, U-

Net, contrast enhanced CT images

*Master’s Thesis, Department of Information Science, Nara Institute of Science and Technology, NAIST-IS-
MT1651030, March 15, 2018.
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