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Research on retinal vessel segmentation based on U-Net network
improved algorithm

JIN Lu, ZHANG Shouming”
(Kunming University of Science and Technology , Faculty of Information Engineering and Automation, Kunming,
Yunnan 650500, China)

Abstract: To solve the problem of poor segmentation effect caused by small blood vessels in retinal ima-
ges,loss of detailed features, gradient descent and explosion,a U-Net retinal vascular image segmenta-
tion model with residual block,cyclic convolution module and spatial channel extrusion excitation module
is proposed. First,the training set is expanded by using a series of random enhancements,and then resid-
ual blocks are introduced into the U-Net model to avoid the segmentation accuracy reaching saturation
and then rapidly degrading as the network depth increases. The bottom of the U-Net is replaced with a
circular convolution module, the low-level features of the image are extracted,and features are continu-
ously accumulated, the semantic information between contexts is enhanced,and a more effective segmen-
tation model is obtained. Finally, the concurrent spatial and channel squeeze and channel excitation mod-
ule is embedded between the convolutional layers. The excitation module finds the channel with stronger
characteristic signal, and emphasizes this channel, compresses irrelevant channels,and reduces the inter-
ference of irrelevant characteristic information. Through the verification results on the DRIVE data set,
the accuracy of the model proposed in this paper is 98. 42% , the sensitivity reaches 82. 36% ,and the
specific value reaches 98. 86 %. Compared with other network segmentation methods, the segmentation
method proposed in this article has better segmentation effect.

Key words: retinal vessels image segmentation; U-Net network; residual block; recurrent residual conv-

olutional units; concurrent spatial and channel squeeze and channel excitation
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Unfolded recurrent convolutional units for t=2 (left) and t=3 (right)
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Fig. 7 Segmentation results of the DRIVE dataset: (a) Fundus image; (b) Gold standard image;

(¢) Original image segmentation result graph; (d) Segmentation result of the algorithm in this paper
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Fig. 8 Segmentation result of diseased fundus blood vessels: (a) Disease fundus image;

(b) Local disease blood vessel image; (c¢) Original image segmentation result graph;

(d) Segmentation result of the algorithm in this paper
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Fig. 9 Diagram of loss change results of each model
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Tab.1 Performance evaluation of different models

in the DRIVE data set

Algorithm S./% S,/% A% AUC/%
Model 1 78.40  98.23  96.43  98.12
Model 2 79.64  98.36  96.89  98.32
Model 3 78.86  97.23  96.92  98.18
Model 4 81.34  98.63 97.34  98.56
Model 5 82.36  98.86  98.42  98.94
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Tab. 2 Performance evaluation of different algorithms

in the DRIVE data set

Algorithm Year S/ % S, /% A%
Azzopardi'®’ 2015 76.55 97.04 94. 42
Qiao liang Lit?V 2016  75.96  98.16  95.27
R2U-Net!* 2018 77.92  98.13  95.56
D-Unet!? 2019 78.39  98.94  97.21
Our model 2021 82. 36 98. 86 98.42
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