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Development and validation of a deep
learning algorithm using recurrent neural
network for blood vessel segmentation of
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Abstract

Development and validation of a
deep learning algorithm using
recurrent neural network for blood
vessel segmentation of 3D medical

image

Kyeo Rye Lee
Interdisciplinary Program in Bioengineering
The Graduate School

Seoul National University

3D blood vessel segmentation (3D BVS) is an important
prerequisite for various cardiovascular disease diagnosis. 3D
BVS is difficult because the blood vessel has complicated
structure and is narrower than other organs. We propose a
novel deep learning framework to improve performance by
emphasizing inter—slice context that the blood vessels are
connected through adjacent slices. We implemented a

framework from U—Net with two structural modifications. First,
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the baseline is duplicated several times in parallel to extract
features of adjacent slices simultaneously. Second, to weave
unconnected contexts between extracted features, a LSTM
layer 1s incorporated between encoder and decoder.
Consequently, the spatial information from x—y plain and the
inter—slice context from z—axis make the segmentation masks
smooth and accurate. Experiment with three 3D BVS datasets
shows Spider U—Net outperforms whole representative models

in average dice score.

Keywords: Deep learning, 3D blood vessel segmentation,
convolutional neural network, recurrent neural network, inter—

slice context learning
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