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Fig. 1 Grouped channel Transformer and modulation fusion retinal vessel segmentation algorithm
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Fig. 2 Dual-dimensional collaborative attention module
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Fig. 3 Grouped channel Transformer module
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Fig. 4 Grouped channel-wise self-attention module
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Fig. 5 Modulation fusion module
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Fig. 6 Preprocessed image. (a) Original image; (b) Grayscale image; (c) Normalized image; (d) CLAHE image; (e) Gamma corrected image
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Fig. 7 Comparison of segmentation results with different algorithms
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Fig. 8 Detailed comparison of segmentation results with different algorithms

GTMF-Net HHXHF At B 22 AR A (5 B, {3 GT-  3.4.3 HEEEFEIRXTEL

DLA-dsHFF f#7E LA I 7 FIA RIS, MILZ T, H T VG TR R TR R, A A R S 50 R

GTMF-Net REE T iR o> F1 ARG, /#IZ5RS 1, 4 GTMF-Net 55 3¢k [8] & 3Tk [21-23] £ DRIVE

ShRUEREARW) &, LI KB, GTMF-Net 7£ DRIVE,  CHASE DBI fil STARE ixX 3 ¥4l 4 k7 b#,

CHASE_DBI1 fil STARE $(##4E [ SCEUXT LA M MERR I BEFEPRXT LLEE SR A2 1 PR,

i, R LU LA AR A A F I M B WZL4 1 A1, 7E DRIVE %0484 |, Attention U-
1 RRE RS AEA

Table 1 Comparison of performance metrics of different algorithms

Dataset Method Acc Sen Spe AUC F1
U-Net" 0.9704 0.7954 0.9872 0.9871 0.8250
Attention U-Net"” 0.9710 0.7963 0.9878 0.9882 0.8282
DRIVE FR U-Net"” 0.9705 0.8013 0.9867 0.9876 0.8264
GT-DLA-dsHFF™? 0.9710 0.8006 0.9874 0.9881 0.8289
Ours 0.9711 0.8026 0.9873 0.9884 0.8298
U-Net® 0.9747 0.8085 0.9859 0.9885 0.8015
Attention U-Net""” 0.9760 0.8037 0.9876 0.9899 0.8091
CHASE_DB1 FR U-Net"” 0.9742 0.8043 0.9856 0.9878 0.7975
GT-DLA-dsHFF"”” 0.9758 0.8075 0.9871 0.9897 0.8081
Ours 0.9762 0.8219 0.9866 0.9901 0.8136
U-Net™ 0.9753 0.7924 0.9903 0.9903 0.8305
Attention U-Net"” 0.9756 0.7880 0.9910 0.9905 0.8312
STARE FR U-Net"” 0.9748 0.8039 0.9889 0.9901 0.8299
GT-DLA-dsHFF™? 0.9756 0.7997 0.9901 0.9908 0.8335
Ours 0.9758 0.8042 0.9899 0.9911 0.8350
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Fig. 9 Comparison of ROC and PR curves of different algorithms on the DRIVE dataset
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Fig. 10 Comparison of ROC and PR curves of different algorithms on the CHASE_DB1 dataset
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Table 2 Performance comparison results on the DRIVE dataset

Dataset Method Acc Sen Spe AUC F1
ResDO-UNet"! 0.9561 0.7985 0.9791 — 0.8229
DS2TUNet”? 0.9664 0.8071 0.9823 — 0.8195
ISAM-UNet"”? 0.9565 0.8243 0.9758 0.9807 0.8284
PGU-Net"” 0.9572 0.7915 0.9814 0.9812 0.8250
DRIVE GCC-UNet"™ 0.9574 0.8032 0.9821 0.9813 0.8278
RCAR-UNet"™” 0.9537 0.7487 0.9836 — 0.8047
RSF-UNet™ 0.9574 0.7995 0.9805 0.9816 0.8270
AttUKAN"" 0.9549 0.8393 0.9721 0.9795 0.8250
Ours 0.9711 0.8026 0.9873 0.9884 0.8298

% 3 CHASE_DB1 # % M At 15473t b8 R
Table 3 Performance comparison results on the CHASE_DB1 dataset

Dataset Method Acc Sen Spe AUC F1
ResDO-UNet"" 0.9672 0.8020 0.9794 — 0.8236
DS2TUNet™ 0.9741 0.8101 0.9869 — 0.8362
ISAM-UNet"”? 0.9667 0.7779 0.9900 0.9888 0.8372
PGU-Net"” 0.9658 0.8051 0.9817 0.9857 0.8099
CHASE_DB1 GCC-UNet™ 0.9659 0.8123 0.9815 0.9850 0.8086
RCAR-UNet""” 0.9566 0.7475 0.9798 — 0.7470
RSF-UNet™ 0.9672 0.8126 0.9826 0.9874 0.8179
AttUKAN"" 0.9631 0.8061 0.9811 0.9821 0.8134
Ours 0.9762 0.8219 0.9866 0.9901 0.8136

% 4 STARE ## &M AR LR
Table 4 Performance comparison results on the STARE dataset

Dataset Method Acc Sen Spe AUC F1
ResDO-UNet"! 0.9567 0.7963 0.9792 — 0.8172
ISAM-UNet"? 0.9660 0.7811 0.9880 0.9864 0.8298
PGU-Net"” 0.9654 0.7368 0.9901 0.9862 0.8062
TARE GCC-UNet"™ 0.9658 0.7806 0.9877 0.9856 0.8282
RCAR-UNet""” 0.9594 0.6979 0.9905 — 0.7850
RSF-UNet"™ 0.9719 0.8002 0.9882 0.9899 0.8318
AttUKAN"" 0.9643 0.7688 0.9868 0.9796 0.8114
Ours 0.9758 0.8042 0.9899 0.9911 0.8350
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Table 5 Comparison of model parameters and floating-point computations

Method Params/M FLOGs/G
U-Net" 34.526 4.091
Attention U-Net"" 34.877 4.160
FR U-Net"” 7.375 3.682
GT-DLA-dsHFF"”” 29.819 7.407
Ours 11.360 3.901
%6 HAEBLER
Table 6 Ablation experiment results
Dataset DCA GCT MFM Acc Sen Spe AUC F1
0.9704 0.7954 0.9872 0.9871 0.8250
v 0.9709 0.8004 0.9873 0.9882 0.8284
v 0.9708 0.7976 0.9874 0.9880 0.8272
DRIVE v 0.9709 0.7943 0.9878 0.9881 0.8272
v v 0.9710 0.8018 0.9872 0.9881 0.8289
v v 0.9711 0.7963 0.9879 0.9883 0.8285
v v 0.9710 0.7986 0.9876 0.9883 0.8287
v v v 0.9711 0.8026 0.9873 0.9884 0.8298
0.9747 0.8085 0.9859 0.9885 0.8015
v 0.9754 0.8046 0.9869 0.9875 0.8050
v 0.9759 0.8230 0.9862 0.9900 0.8118
v 0.9758 0.8073 0.9871 0.9896 0.8078
CHASEDBL v v 0.9758 0.8186 0.9864 0.9898 0.8104
v v 0.9760 0.8094 0.9872 0.9900 0.8096
v v 0.9761 0.8151 0.9869 0.9899 0.8116
v v v 0.9762 0.8219 0.9866 0.9901 0.8136
0.9753 0.7924 0.9903 0.9903 0.8305
v 0.9755 0.7906 0.9907 0.9907 0.8310
v 0.9757 0.8022 0.9899 0.9909 0.8344
STARE v 0.9756 0.7939 0.9905 0.9906 0.8323
v v 0.9755 0.7965 0.9902 0.9906 0.8324
v v 0.9759 0.7945 0.9908 0.9910 0.8339
v 0.9756 0.8005 0.9900 0.9907 0.8335
v 0.9758 0.8042 0.9899 0.9911 0.8350
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Grouped channel Transformer and modulation
fusion retinal vessel segmentation algorithm

Liang Liming, Wang Lingliang’, Cai Jinhui, Wang Chengbin
School of Electrical Engineering and Automation, Jiangxi University of Science and Technology, Ganzhou, Jiangxi 341000, China

Abstract

Objective Changes in retinal vascular morphology serve as crucial indicators for diagnosing various diseases, such as diabetic retinopathy,
hypertension, and cataracts. Traditional diagnosis of retinal diseases primarily relies on manual assessment by clinicians, typically
involving the analysis of retinal vascular curvature, width, and branching patterns based on imaging results from fundus examinations,
optical coherence tomography, and fluorescein angiography. However, these imaging outcomes are susceptible to interference from factors
such as illumination and noise, which increase the difficulty for clinicians in distinguishing retinal vessels from the background.
Furthermore, inherent ocular structures like the optic cup and optic disc regions, as well as pathological alterations such as hard exudates,
soft exudates, and the macular area, can also impede clinicians' judgment. Diagnostic results often vary subjectively among different
physicians, potentially leading to misdiagnosis due to insufficient experience or fatigue. Automated retinal vessel segmentation technology
can not only significantly reduce the time and effort required for manual annotation by clinicians and improve diagnostic efficiency but also
minimize the impact of human factors to the greatest extent, providing more objective results to assist physicians in decision-making.
Therefore, developing an accurate and automated retinal vessel segmentation technique holds substantial practical significance.

Methods In the field of retinal vessel segmentation, existing methods can be broadly categorized into unsupervised and supervised
approaches. Unsupervised methods do not rely on manually annotated data and primarily achieve segmentation by analyzing the
morphological features of vessels. Common techniques include matched filtering-based, edge detection-based, and model-based methods.
Matched filtering methods mainly utilize Gaussian kernel functions or their variants, which resemble the cross-sectional shape of blood
vessels, to construct two-dimensional linear filter banks. These methods enhance tubular structures in retinal images through multi-scale
and multi-directional filter responses, combined with thresholding for preliminary detection of vessel pixels. Edge detection-based methods
capture boundary features between vessels and the background by calculating gradient changes in pixel intensity or using differential
operators such as Canny and Sobel, often integrated with local or global thresholding strategies to extract vascular contours with continuous
topological structures. Model-based methods rely on geometric or statistical models, such as active contour models, level set methods, or
vascular tubular models, to mathematically describe vessel structure and distribution. They iteratively optimize energy functionals or
probabilistic fitting processes to gradually evolve fine segmentation boundaries that adaptively conform to vessel morphology. However,
such methods often depend on manually designed feature extraction pipelines, making it difficult to fully capture the complex topological
structures of vessels, thereby resulting in limited segmentation performance. In contrast, supervised methods require expert-annotated data
as training samples to achieve higher accuracy in vessel segmentation tasks. These methods can be further divided into traditional machine
learning methods and deep learning methods. Traditional machine learning methods typically involve two steps: manual feature extraction
and classification. Handcrafted features mainly include edge responses, wavelet responses, principal component information, and color
intensity information. Based on the choice of classifier, they can be roughly categorized into k-nearest neighbors, random forests, support
vector machines, and Gaussian mixture models. Traditional machine learning methods extract segmentation targets based on vascular
features and fundus image characteristics. Compared to manual screening, they offer advantages such as shorter processing time and faster
segmentation. However, their feature extraction process still requires manual design and cannot adequately represent the multi-scale
structural features of vessels. With the continuous advancement and development of deep learning, it has gradually been adopted across
various tasks in computer vision. In the field of medical image analysis, segmentation algorithms have been continuously updated and
iterated. The introduction of various deep learning models and modules has further improved the accuracy and efficiency of fundus vessel
segmentation algorithms. Compared to traditional machine learning methods, deep learning methods can automatically learn optimal
features and achieve predictive modeling without human intervention, offering higher segmentation efficiency. Nevertheless, challenges
such as limited representation of fine vessels, interference from complex backgrounds, and discontinuities in vessel structures remain. To
address the aforementioned issues, this paper proposes a retinal vessel segmentation algorithm based on Grouped Channel Transformer and
Modulated Fusion. First, a dual-dimensional cooperative attention module is designed in the encoder to enhance the distinguishability of
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vessel features and improve the model's accuracy in segmenting microvessels. Second, a Grouped Channel Transformer module is applied
to construct a dual-encoder architecture, establishing global dependencies to effectively capture detailed vessel information. Finally, a
Modulated Fusion module is introduced at the decoder to enhance feature fusion between the encoder and decoder, thereby improving the
model's robustness against noise interference.

Results and Discussions Experiments conducted on the DRIVE, CHASE DBI, and STARE datasets demonstrate that the proposed
algorithm achieves accuracy rates of 0.9711, 0.9762, and 0.9758, sensitivities of 0.8026, 0.8219, and 0.8042, and specificities of 0.9873,
0.9866, and 0.9899, respectively. The proposed method outperforms other algorithms in overall segmentation performance, demonstrating
superior segmentation capability.

Conclusions GTMF-Net demonstrates robust vessel segmentation capabilities on the DRIVE, CHASE DBI, and STARE datasets. It
achieves a favorable balance between model complexity and segmentation performance, offering both relatively low computational cost
and high segmentation accuracy. However, the algorithm currently exhibits limitations in feature extraction within low-contrast regions,
which can lead to mis-segmentation. Future work will focus on optimizing the algorithm's design to improve the accuracy of vessel
identification in pathological areas.

Keywords: retinal vessel segmentation; grouped channel Transformer; dual-dimension collaborative attention; modulation fusion
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