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[ Abstract] In response to the problems that retinal blood vessels end are small and easy to be confused with the background, so that
small blood vessels are not easy to be divided and broken, the retinal vessel segmentation algorithm combining dual residual density
and attention mechanism is proposed. Firstly, in the encoder section, double residual dense blocks and efficient channel attention
mechanism are utilized to obtain features. Secondly, in order to solve the problem of insufficient segmentation of small blood vessels,
cavity convolution is used between the encoder and the decoder to replace the standard convolution to increase the receptive field.
Finally, the adaptive aggregation block combines the feature maps of all previous blocks to form a new feature map as input to
subsequent layers. After the adaptive aggregation block or DDRB, convolutional layers will be used to compress the feature map, and
the output feature maps of double residual dense blocks (from DDRB1 to DDRB5) will be fully reused. Verified on the DRIVE and
STARE datasets, the ACC values are 96.85% and 97.84% , respectively, and the AUC values are 98.61% and 99.45% , respectively.
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Fig. 1 Double residual density and attention network
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Fig. 2 High Efficiency Channel Attention( ECA) module
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Fig. 3 Standard convolution and cavity convolution
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Fig. 4 Double residual density connection block
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Fig. 5 The structure of the adaptive polymer block
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Tab. 1 Confusion matrix
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Tab. 2 DRIVE and STARE data set ablation experiments

A S Methods ACC SE Sp AUC F1 mcc
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Fig. 6 Data segmentation results of DRIVE and STARE
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Fig. 7 Local segmentation results of DRIVE and STARE data sets
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Tab. 3 Comparison of different algorithms

DRIVE STARE
Methods Time
ACC SE N AUC ACC SE SpP AUC
SCHik[ 14] 2017 0.955 3 0.804 5 0.979 2 0.981 2 0.963 5 0.804 5 0.989 2 0.983 2
kL 15] 2018 0.955 6 0.779 2 0.981 3 0.978 4 0.971 2 0.829 8 0.986 2 0.991 4
SCHik[ 16] 2019 0.956 6 0.796 3 0.980 0 0.980 2 0.964 1 0.759 5 0.987 8 0.983 2
SCHk[17] 2020 0.959 4 0.812 6 0.978 8 0.979 6 0.968 5 0.839 1 0.976 9 0.985 8
SCHik[ 18] 2021 0.956 3 0.829 4 0.981 2 0.983 0 0.967 1 0.881 2 0.978 1 0.986 3
k[ 19] 2022 0.967 8 0.810 0 0.987 9 0.982 8 0.957 2 0.736 0 0.994 7 0.968 6
ARSI 2023 0.968 5 0.814 8 0.983 3 0.986 1 0.978 4 0.885 1 0.986 0 0.994 5

TPR(True Positive Rate)
TPR(True Positive Rate)

. . .0 .
FP}%(False Positive Rate) ‘ ‘ FPR(False Positive Rate)
(a) DRIVE ¥k (b) STARE %#dk

8 7£ DRIVE 5 STARE #{#&% F ) ROC #%E

Fig. 8 ROC graph on DRIVE and STARE data sets
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