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Retinal vascular segmentation algorithm based on full scale
dense convolutional u-shaped networks
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Abstract: A dense cascade convolution and self attention feature aggregation network was constructed for the segmentation of retinal
vascular images, addressing the difficulties in segmenting small blood vessels and the occurrence of fractures during the segmentation
process. The network utilizes multi-scale dense convolution combined with self attention mechanism; To better extract complex feature
information of retinal small blood vessels, a dense aggregation module is constructed as the backbone network of the U-shaped network ;
Embedding self attention patches and multi-scale aggregation modules at the bottom layer of the network to enhance receptive fields and
obtain high-dimensional semantic feature information; The feature aggregation module is used in the skip connection part of the model to
improve the segmentation accuracy of the model. The experimental results show that on the DRIVE public dataset, the F1 score of the
network reaches 83. 19%, the accuracy ACC score reaches 97. 11%, and the AUC value reaches 98.94% ; On the CHASE-DB1 and
STARE datasets, compared with Unet, DUNet, SA Unet, and FR Unet networks, the AUC index of this network has achieved the best
results so far. Using this network for retinal vessel segmentation, the accuracy and robustness of segmentation have been improved to
varying degrees, achieving excellent results in small vessel segmentation and its generalization ability.
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Table 1 Evaluation indicators for retinal vessel segmentation performance
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Table 2 Comparison of retinal vascular experiment results

Dataset Method Proposed time Param/M F1-sore ACC SE SP AUC
U-Net!:* 2015 34.53 0.828 1 0.969 5 0.843 1 0.981 8 0.987 7
DUNet!%! 2018 0. 88 0.818 3 0.969 1 0.800 0 0.9855 0. 986 2
SA-UNet!®/ 2020 0.48 0.818 8 0.966 5 0.869 5 0.9759 0.987 4
DRIVE[' SGLY 2021 15.53 0.8316 0.970 5 0.838 0 0.983 4 0.988 6
RV-GAN'®! 2021 59. 44 0.869 0 0.979 0 0.792 7 0.996 9 0.988 7
FR-Unet”’ 2022 7.37 0.8316 0.970 5 0.835 6 0.983 7 0.988 9
N-UNet (ours) 2023 7.32 0.8319 0.971 1 0.819 3 0.9859 0.989 4
U-Net!* 2015 34.53 0.8112 0.974 6 0.864 5 0.9822 0.990 3
DUNet!3! 2018 0.88 0. 806 2 0.974 6 0.8373 0.981 8 0.986 5
SA-UNet!®/ 2020 0.48 0.778 1 0.967 8 0.899 6 0.972'5 0.988 9
CHASE_DB1!" SGL 2021 15.53 0.827 1 0.977 1 0.869 0 0.984 3 0.992 0
RV-GAN'#! 2021 59. 44 0.895 7 0.969 7 0.8199 0.980 6 0.991 4
FR-Unet!”’ 2022 7.37 0.815 1 0.974 8 0.879 8 0.981 4 0.991 3
N-UNet (ours) 2023 7.32 0.820 6 0.975 8 0.879 2 0.982 3 0.992 0
U-Net!* 2015 34.53 0.7515 0.970 9 0.808 0 0.980 5 0.9825
DUNet!%! 2018 0.88 0.7153 0.962 2 0.885 0 0.966 7 0.985 0
STARE!'®] SA-UNet ¢! 2020 0.48 0.664 9 0.950 7 0.910 3 0.9529 0.983 7
FR-Unet'”] 2022 7.37 0.694 6 0.9559 0.910 6 0.958 0 0. 986 2
N-UNet (ours) 2023 7.32 0.790 6 0.974 4 0.856 6 0.980 6 0.99 13

IR N-UNet 2SI INAT 00092 fkaE F1, MR AR A I 3 T oAt D7 9k 0 &5 41 Hod, AUC 48
1€ STARE £Hla4E BIZiiRY | 78 DRIVE %4 4 ik ; Frik®] T 0.986 8, # [t T U-Net,DUNet . SA-Unet il FR-
1E CHASE_DB1 %44 -4 AU 5, 76 CHUAC 1 Unet MZE B4R THT 1. 26% .0. 80% 0. 63% F1 0. 20% ;
DCA1 B4 AT, 3 3 Frs, BEBI7E DRIVE Ak, ACC il SP 48RS T Fedf ny 45 4 .
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Table 3 Comparison of experimental results

Train Dataset Test Dataset Method F1-sore ACC SE SP AUC
U-Net!¥) 0.768 2 0.964 8 0.6719 0.993 2 0.974 5
DUNet!* 0.794 9 0.964 0 0.803 0 0.979 7 0.979 0
STARE!'! DRIVE! '] SA-UNet[®! 0.770 7 0.964 9 0. 680 4 0.9925 0.980 6
FR-Unet!”! 0.784 8 0.966 5 0.703 1 0.992 1 0.984 8
N-UNet( ours) 0.786 0 0.967 0 0.697 0 0.993 2 0. 986 8
U-Net[* 0.499 9 0.938 0 0.801 4 0.943 4 0.959 9
DUNet!* 0.341 8 0.8711 0.795 2 0.874 0 0.918 3
CHASE_DB1!1% CHUAC! SA-UNet!®! 0.549 2 0.952 7 0.750 7 0.960 8 0.960 2
FR-Unet!”’ 0.494 0 0.934 8 0.8212 0.939 4 0.962 9
N-UNet( ours) 0.562 6 0.950 0 0.8321 0.954 8 0.973 6
U-Net'¥ 0.684 4 0.959 3 0.847 5 0.965 5 0.978 4
DUNet!* 0.554 3 0.918 2 0.8818 0.920 1 0.970 1
CHASE_DB1/"] DCA1['®] SA-UNet!®/ 0.689 7 0.962 5 0.8029 0.9713 0.980 7
FR-Unet!”’ 0. 680 2 0.956 1 0.890 3 0.959 8 0.984 9
N-UNet( ours) 0.700 1 0.958 7 0.8927 0.962 5 0.986 9

FE—E MG I N-UNet X AR BE#BEERGME M ASE], N-Unet BZTE CHUAC J3R4E L5 /Y 25
AR BB 7 N2 13z AL BE 7, 8 I 285 it FH T etk 3l ik W AUC #8 1t T U-Net, DUNet ., SA-Unet F1 FR-Unet
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Fig.7 Visualization of segmentation results from different network models



59 1

FARYIRERS AR RHER S R 4 1Rk - 43 -

LI CHASEDB1 %45 48 Sy Il 2545 31 85 B A 5 4R 3 ik
A B IR, BR T N-UNet RI48 41, HoAt 9 25 %5 i
T ANFRREE B KR, JU & 7E CHUAC %k 4
b, Al R 248 R T B X R D R I A X e,
BRI 5250, E— 25U B T N-Unet W28 76 Il 5
TR A S B TR S I A S B2 K I
FRAE, B e iR o ik BCHE 55 AR SR B B 1 43 1

SHABIT LA, N-UNet MZEK AR HAGTRSR
B IMLAE 43 B BE T Az AL RE 1, LI 2% S50t A/

3) THRAhSEE

N-UNet %% H DAM Lipool2d , MSAM | Self-Attention
I FA SERCRFG I, D9 S IERE R 1A 2, £ DRIVE %1
Pt FEATIHRAL SIS . SR U-Net Sy S2gmBbgk . Wk 4
iR A T B BH S, 5 U-Net 41 H, Fl-sore , ACC ,
SP fl AUC 433277 0.32.0. 07.0. 09.0. 13, F1-sore $%
T, AEREIIPUR M B SE $5 bR B fCT [, H
fBFEPRERA $E T, TR HERT IR ALHI S5 1 1
LR IBUCRRNE I RE 7, {65 190 28 ot = ity AN P-4 10 7 R AR A
WER AR N RE ST, A MSAM #ER Y AUC 545 BRI
AW BT, B ARG R TR R SR N S T
lipool2d 1 FA #EH i £ 71 B4 5 BLAilf

F4 HEZIN
Table 4 Ablation experiment

DAM Self-Attention MSAM Lipool2d+FA F1-sore ACC SE SP AUC

0.828 1 0.969 5 0.843 1 0.981 8 0.987 7
vV 0.8313 0.970 2 0.842 4 0.982 7 0.989 0
vV Vv 0.831 4 0.971 1 0.819 4 0.985 9 0.989 2
vV vV vV 0.830 6 0.971 1 0.813 6 0.986 5 0.989 2
2 2 vV vV 0.8319 0.971 1 0.819 3 0.9859 0.989 4

Biology, 2024,43(3) :522-533.
3 g:ln: 'L/[,: [2] PARKJC, CHEN Y F, LIU M, et al. Structural and

ARSCEE T — T SR GRS ARES & 11 1 T AL 1)

2% (N-Unet) F T 10 100 JSE 0L A7 109 230 3 3 7 o % vy
ARG P B B9 2 B2 A5 R A SR b T8 A ] i
MRS T RTZBERAG S . g2 2R AN ]
REEFHESR B, 280l 22 REEACERL YA A T AL %)
iy A8 v R A A PR A A TR T Dl R ) ) A
% S8 B B AR B R R — PP TR B . AMER
IF SR MR T J5y S T R0, 4R T 1 AR R 1 5
PPERIE R, SEH A SRR, N-Unet 945 19255 P fE
DG A Y A S R0 o i A PRI 5 0 2%, A v
b AL O FSREL LA P ) B, D2 1 o 24 /D I A 5 03
PO HR G S A R Y], N-Unet W25 RGP BEIR T
AT AR HH R SRR o U P 5 00 P 205, A TR L 23
AL AL 10 A [ B, b 1 X AN IR IR R
Sk AT AR IS LR 100 U SR P 6 B B Ay
A T 32 WA I B0
BETH
(1) B M B, 5. ST 2 2B A 2

HET BRI L OB DL ). AR L% 5

A 12,2024 ,43(3) .522-533.

LI J J, LING Y, TANG H X, et al. Study on the

mechanism of paeoniflorin in the treatment of diabetic

retinopathy based on network pharmacology and

experimental verification [ J]. Genomics and Applied

early-stage  diabetic
retinopathy[ J . Current Eye Research, 2020, 45(8):
975-985.
[ 3] Wi, AL OCTA WA RIFIZE VEGF A i i
TR o P A A 1 R M R R B BT S L A A
SR [ ] P E B AR SR 2R R, 2021, 41 (23)
5239-5242.
YAN ZH ZH, SHI H H. Comparison of the effects of

functional ~ abnormalities  in

different types of VEGF bio inhibitors on macular
morphology and vascular structure in wet age-related
macular degeneration patients using OCTA[ J]. Chinese
Journal of Gerontology, 2021,41(23) :5239-5242.

[ 4] RONNEBERGER O, FISCHER P, BROX T. U-Net;
Convolutional networks for biomedical image segmentation[ J ].
CoRR,2015,abs/1505. 04597.

[5] JINQ, MENG Z, PHAM T D, et al. DUNet: A
deformable network for retinal vessel segmentation[ J].
Knowledge-Based Systems, 2019, 178 149-162.

[ 6] SUN J, DARBEHANI F, ZAIDI M, et al. Saunet:
Shape attentive U-Net for interpretable medical image
segmentation [ C ]. arXiv. arXiv, 2020. DOI; 10. 1007/
978-3-030-59719-1-77.

[7] LIU W, YANG H, TIAN T, et al. Full-resolution
network and dual-threshold iteration for retinal vessel and
coronary angiograph segmentation [ J |. TEEE Journal of
Biomedical and Health Informatics, 2022, 26(9) ; 4623-



- 44 - e R = I O ERRE
4634. 9(24) . 5507.

[ 8] KAMRAN S A, HOSSAIN K F, TAVAKKOLI A, et al. (19]  SREAR, Jr A, B 2T GAN B /R A U 190 58 i 4
RV-GAN: Segmenting retinal vascular structure in fundus EEGE L], s S A 2= ), 2021,35(11) .
photographs  using a novel multi-scale generative 132-142.
adversarial network [ J]. Springer, Cham, 2021, DOI; 10. ZHANG S J,FANG X, WEI B. Research on retinal vascular
1007/978-3-030-87237-3-4. segmentation based on GAN using few samples[ J ]. Journal

[9] ZHOU Y, YU H, SHI H. Study group learning:; of Electronic Measurement and Instrumentation, 2021,
Improving retinal vessel segmentation trained with noisy 35(11); 132-142.
labels[ J]. 2021,DOI: 10. 48550/arXiv. 2103. 03451. [20] fIlEz  VFILEE, ROCHE. 2T B0t U-Net 45 (9 RIS

[10] VASWANI A, SHAZEER N, PARMAR N, et al M EUE A BIF 5[ 1], B F il S22 3R, 2021,
Attention is all you need [ J]. ArXiv, 2017, DOI; 10. 35(10) :202-208.

48550/ arXiv. 1706. 03762. HE X Y, XU J CH, CHEN W X. Research on fundus

[11] GAO Z, WANG L, WU G. Lip: Local importance-based blood vessel image segmentation based on improved U-
pooling[ C]. Proceedings of the IEEE/CVF International Net network [ J]. Journal of Electronic Measurement and
Conference on Computer Vision, 2019, 3355-3364. Instrumentation,2021,35( 10) :202-208.

[12] HUANG H, LIN L, TONG R, et al. Unet 3+; A full-scale [21] X, &, 2H, % Bk 2 FHEERLS MOSSE
connected unet for medical image segmentation [ C ]. Tk BB A [ T]. I S g R iR ,2021,
ICASSP 2020-2020 IEEE international conference on 35(9) :112-118.
acoustics, speech and signal processing ( ICASSP ). WANG X, WANG G L, LI Y, et al. Improved MOSSE
IEEE, 2020. 1055-1059. coronary target tracking algorithm based on feature fusion[ J].

[13] KINGMA D P, BA J. Adam: A method for stochastic Journal of Electronic Measurement and Instrumentation,
optimization [ J ]. ArXiv Preprint arXiv; 2021, 35(9) :112-118.

1412. 6980, 2014. 1EEZ®/N

[14] QURESHI T A, HABIB M, HUNTER A, et al. A B 1998 4F T4 3 T k2% fk A
manually-labeled, artery/vein classified benchmark for +2E AL B S KRR, BRSO A i
the DRIVE dataset [ C]. Proceedings of the 26th IEEE B RS B AL AR 2 R A Ry
International Symposium on Computer-based Medical W
Systems. TEEE, 2013, 485-488. E-mail; pxia@ ctgu. edu. cn

[15] ZHANG Y, CHUNG A C S. Deep supervision with additional Xia Ping received his M. Sc. degree from
labels for retinal vessel segmentation task [ J]. Springer, Huazhong University of Science and Technology in 1998. He is
Cham, 2018,DOI: 10. 1007/978-3-030-00934-2_10. currently a professor and master supervisor at China Three Gorges

[16] FUH, XU Y, WONG D W K, et al. Retinal vessel University. His main research interests include Computer vision,
segmentation via deep learning network and fully- intelligent information processing, probability graph models and
connected conditional random fields[ C].2016 IEEE 13th their applications.
international symposium on biomedical imaging (ISBI). EBRE GEEEH) ,2003 43k a7 22 1
IEEE, 2016 698-701. SRR TR ML 5 = Wk 3L

[17] CARBALLAL A, NOVOA F J, FERNANDEZ-LOZANO C, B2, 0505 1) L BSR4
et al. Automatic multiscale vascular image segmentation E-mail; Bangjun. Lei@ ieee. org
algorithm for coronary angiography [ J ]. Biomedical 1 Lei Bangjun ( Corresponding author )
Signal Processing and Control, 2018, 46, 1-9. u I received his Ph. D. degree from the

[18] CERVANTES-SANCHEZ F, CRUZ-ACEVES I, HERNANDEZ- Technische Universiteit Delft in 2003. He is currently a professor

AGUIRRE A, et al. Automatic segmentation of coronary
arteries in X-ray angiograms using multiscale analysis and

artificial neural networks[J]. Applied Sciences, 2019,

and master supervisor at China Three Gorges University. His

research  interests  include  computer  vision,  image

processing, etc.



