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A Multilevel Feature Fusion Model for Retinal Vessels Segmentation
LIU Yanlong, WU Cong
(School of Com puter Science , Hubei Univ. of Tech.,Wuhan 430068,China)

Abstract: Existing retinal vessel segmentation methods cannot capture more features effectively in the
learning layers, and the low-level features are not fully utilized to improve the accuracy of retinal vessel
segmentation. We propose a novel multilevel feature fusion network. First, we designed block with a con-
tinuous memory mechanism to increase the depth of the network to capture more features. On this basis,
we proposed a multilevel feature fusion block to fuse the low-level features and the high-level features. In
DRIVE and CHASE_DBI, the results show that our method achieves better performance than other popu-
lar deep learning methods.

Keywords: medical image processing; retinal vessel segmentation; continuous memory mechanism; multi-

level feature fusion
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