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Retinal micro-vessel segmentation based on wavelet and coarse

probability prior dual-branch network
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Abstract: Morphological parameters such as the diameter and bifurcation of retinal blood vessels serve as
important references for clinical diagnosis, and accurate segmentation of microvessels is essential for the
early diagnosis of related diseases. Existing segmentation methods often suffer from blurred edges, fractured
topological structures, and inadequate fusion of thick and thin vessel features in microvessel detection. To
address these issues, this paper proposes a dual-branch segmentation network. We adopt IterMiUnet as
the coarse segmentation branch to extract global vascular features, and introduce Haar wavelet prior to

enhance the frequency-domain representation and edge details of microvessels. Since coarse segmentation
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struggles to identify weak boundaries and fractured vessels accurately, we take uncertain pixels from

coarse segmentation probability as prior guidance, enabling the fine segmentation model to focus on these

challenging regions and boost segmentation precision. A dual-scale probability encoding fusion mechanism

combined with temperature scaling and background suppression is also constructed. The outputs of coarse

segmentation are optimized using fine segmentation results to realize adaptive fusion and reduce background

interference. Experiments on DRIVE, CHASE _DB1 and STARE datasets demonstrate that the proposed

algorithm outperforms mainstream methods, with F1 scores of 0. 825 7, 0. 836 0 and 0. 835 7 respectively.

It achieves stable and reliable performance, and can effectively capture microvascular details while maintaining

the topological integrity of blood vessels.
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Fig.9 Experimental results of different models on the DRIVE, CHASEDB1 and STARE datasets.
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Tab. 2 Quantitative comparison of different methods on DRIVE, STARE and CHASE _DB1ldatasets

Methods UNet™  DenseUNet” AAU-Net” TIterMiUnet'"” EDAE-Net™ MK-UNet** Proposed
Year 2015 2019 2023 2023 2024 2025 —

ACC 0.953 2 0.953 5 0.954 6 0.9554 0.954 3 0.9551 0.956 1

SE 0.7856 0.790 5 0.789 5 0.797 3 0.8016 0.7812 0.8154

DRIVE SP 0.977 6 0.977 3 0.9787 0.9793 0.976 5 0.980 4 0.976 6

F1 0.8104 0.812 3 0.8157 0.822 3 0.817 1 0.8157 0.8257

10U 0.6812 0.6839 0.688 8 0.698 3 0.690 6 0.688 7 0.702 2

ACC 0.959 8 0.960 5 0.960 8 0.962 3 0.947 7 0.959 4 0.963 6

SE 0.754 5 0.766 6 0.774 5 0.7830 0.850 1 0.7753 0.8331

STARE SP 0.9859 0.9851 0.984 5 0.986 0 0.960 1 0.9827 0.9795

F1 0.8089 0.813 8 0.816 8 0.827 2 0.7857 0.8115 0.8357

10U 0.679 1 0.686 1 0.690 4 0.7054 0.647 0 0.682 8 0.7150

ACC 0.964 8 0.9655 0.962 3 0.9659 0.964 3 0.9654 0.966 3

SE 0.756 9 0.7607 0.7752 0.7677 0.7559 0.7827 0.7796

CHASE _DB1  SP 0.990 6 0.9909 0.9855 0.990 5 0.990 1 0.988 1 0.989 3

F1 0.826 2 0.829 5 0.8196 0.8326 0.8237 0.8329 0.836 0

10U 0.7039 0.708 6 0.694 3 0.7132 0.700 2 0.7136 0.7177
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PR URAKE, 2 D150 0% L4 BLAF 0 Tl B b methods
A B F7 . T AT A A I A ) L Metho‘csls Year Params/M FLOPs/G Time/ms
BRI JE1 2 (1 26 1 5 A B s UNet - 2015  34. 553 4.08 3.53
) . DenseUNet ™" 2019 7.55 8.03 7.40

R 2R A N 2% 0% AL R B S I A AAUNet” 2023 6.79 151 10. 35
PERE , 40— R F 6464 BRI P 4R B 1 O 1522 i TterMiUnet ™ 2023 0.28 0.78 9.89
AT IE X LT A B S 40E I e R RS EDAE-Net™ 2024  35.54 3.96 7.34

B PG e BRI, AL N 3 TR . AL MK-UNet® 2025 0.45 0.08  8.95
ﬁ/ﬁiﬂ’\]%‘\ﬁ[%j\jo 501\/[\{%“5\@%‘%}] 0. 29(}’1% Proposed — 0.50 0.29 8.82
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Tab.4 Ablation study results on different datasets

Dataset PGSA WSP ACC SE SP F1
X X 0.955 3 0.503 6 0.984 2 0.5756
DRIVE X J 0.9549 0.5409 0.9814 0.590 4
N N 0.9552 0.547 6 0.9812 0.595 2
X X 0.9665 0.580 3 0.9875 0.6415
STARE X J 0.966 5 0.5836 0.9874 0.6428
J N 0.967 0 0.594 6 0.987 3 0.6511
X X 0.9815 0.3951 0.996 6 0.516 8
CHASE DB1 X J 0.9813 0.469 2 0.994 4 0.556 2
J N 0.9816 0.4724 0.994 7 0.5625
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Visualization of ablation experiment results
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