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Retinal image segmentation method based on dense cycle networks
YANG Yun'*, ZHOU Shu-jie* , LI Cheng-hui*, ZHANG Juan-juan®

(1. Institute of Artificial Intelligence , Shaanxi University of Science and Technology .
Xi’an 710021, China;
2. College of Electronic Information and Artificial Intelligence ,
Shaanxi University of Science and Technology ., Xi’an 710021, China)

Abstract: Aiming at the problems of loss of detailed feature information and blurred contours of blood
vessels in the segmentation process of retinal vessels, an improved cycle segmentation confrontation
network algorithm is proposed. The algorithm improves the network model of the segmenter, adds
dense connection structure in the up and down sampling processes of the U-Net network, fully retains
the image feature information, which improves the generalization ability and robustness of the model,
and alleviates the over segmentation phenomenon. In order to prevent network degradation, the loss

function is replaced by the least square function, which improves the quality of image segmentation
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and the stability of network model training. The experimental results show that the segmentation ac-
curacy and sensitivity of the network are 96.93%, 84.30% and 96.94%, 79.92% in the DRIVE and

CHASE datasets respectively.

The algorithm has good network generalization ability and

segmentation accuracy, which can provide an important basis for disease diagnosis.

Key words: retinal blood vessels segmentation; cycle segmentation adversarial networks; U-Net

work; densely connected structure; loss function
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Fig.1 DU-CycleGAN network training diagram
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Fig.3 Network structure of DU-CycleGAN splitter
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Tab.1 Parameter setting of each layer of DU-CycleGAN

5 24 J2 FRAE RS Rey/# K
A 512X 512 None
HR TS 512512 [3X3 Conv-32]X3
TRAEEZ 256X 256 2X2/2
AR R 256X 256 [3X3 Conv-641X3
TRBEZ 128 X128 2X2/2
A R 128128 [3X3 Conv-128]X3
TRHEZ 64X 64 2X2/2
Residual blocks 64X 64 [1X17,[3%37.[1X1]X 6
FRAEZ 128128 2X2/2
AR R 128128 [3X3 Conv-128]X3
RRAEZ 256 X 256 2X2/2
Gk BUR Y IBER 256 X 256 [3X3 Conv-64]X3
RAE 512X 512 2X2/2
A T R R 512X 512 [3X3 Conv-32]X3
EHHZE 512512 1X1 Conv
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Tab.2 Segmentation results on the DRIVE dataset

Method Acc Sen Spe AUC
U-Net 0.956 2 0.827 8  0.970 1 0.963 2
DU-Net  0.961 4 0.8327 0.9758  0.970 9

Ours 0.969 3 0.843 0 0.981 7 0.979 5

#*3 CHASEHIEE FHHIER

Tab.3 Segmentation results on CHASE dataset

Method Acc Sen Spe AUC
U-Net 0.953 2 0.786 0 0.962 1 0.968 2
DU-Net  0.961 0 0.789 3 0.970 8 0.972 5

Ours 0.969 4 0.799 2 0.9751 0.980 1
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microvascular. (a) Original image; (b) Gold
standard image; (c¢) U-Net algorithm; (d)
DU-Net algorithm; (e) Our algorithm.
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Fig.10
Original image; (b) Preprocessed image;
(¢) Gold standard image; (d) U-Net algo-

rithm; (e) Our algorithm.
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