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[ Abstract ]

ture (UNet) and its variants are widely used in retinal vessel segmentation. However, the UNet network extracts feature information

Image segmentation is a fundamental problem in medical image analysis, the typical deep learning based UNet architec-

from images through local convolution modules, which makes the global information of the images difficult to be correlated and the long-
distance dependencies between pixels difficult to be effectively captured. Considering the problems with the UNet network model and
the characteristics of retinal vascular images, an attention module was added to the skip connections of UNet to capture long-distance
dependencies between blood vessels. In addition, to enhance the segmentation ability of the network, the group normalization ( GN)
was used instead of the original batch normalization (BN) of the UNet network model, and the corresponding groups were selected for
different channels. To update parameters and optimize the network, the final cross entropy loss function was designed using the side
output layer and the final output layer. Experiments are implemented on the DRIVE dataset and CHASEDBI dataset, and the experi-
mental results show that the proposed model has better image segmentation performance.
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Table 2 Acc, Sen, Spe, AUC of ablation experiments

A Ace Sen Spe AUC
R 1 0.953 4 0.676 1 0.987 5 0.980 6
S 2 0.958 5 0.738 7 0.985 2 0.982 8
Y 3 0.957 3 0.738 3 0.984 1 0.982 9
R 4 0.958 0 0.744 5 0.984 0 0.9823
AL 5 0.958 6 0.728 5 0.986 3 0.983 2
iRl 6 0.960 3 0.764 4 0.984 1 0.9853
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Fig. 5 Results of ablation experiments

#3 AEHRKFEH Ace,Sen,Spe AUC
Table 3 Acc, Sen, Spe, AUC of different loss functions

A Acc Sen Spe AUC
L, 0.9534 0.6761 0.9875 0.9806
L, +Lg 0.9568 0.7276 0.9848  0.9809
LN2 +L’_} +
: 0.9571 0.7116 0.9870 0.9818
L, +L
w T L
Ly +L, +L,+
’ 0.9563 0.7084 0.9866  0.9800
LN4 +L§5
Ly+L, +L 0.9573 0.7383 0.9841 0.9829
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