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Scale feature representation learning network for retinal

vessels image segmentation
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Abstract: Objective Retinal vessel image segmentation refers to the process of separating vessel pixels in a color fundus
image from the background pixels. The morphology of retinal vessels is closely associated with various ophthalmic diseases
and plays a crucial role in computer-aided diagnosis and smart medicine. Additionally, retinal vessel images provide impor-
tant biological information that can be used as a basis for personal identification systems in the field of social security. Fur-
thermore, segmented retinal vessel images can serve as a priori for other anatomical sites, such as the macula. Currently,

retinal image segmentation methods can be categorized into traditional and deep learning methods. Existing methods for
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retinal vessel image segmentation demonstrate good performance in segmenting large-scale vessels, primarily due to the
ease of capturing features related to these prominent structures. Particularly, U-Net can effectively handle the complicated
anatomical semantics involved in retinal vessel segmentation tasks, fusing adjacent-level features to learn additional local
and global semantic information for highly accurate segmentation. Although remarkable progress has been made in retinal
vessel segmentation with the advancement of deep learning, several challenging issues remain. First, current methods do
not adequately represent vessels feature at multiple scales, resulting in poor segmentation results for retinal vessels with
large differences in size and shape. Second, thin vessels, particularly those located at the ends of extremely low-contrast
branches, are easily missed by current methods, resulting in incomplete vessel segmentation. Additionally, the medical
semantics surrounding retinal vessels are complex. Specific regions, such as the optic cup, optic disc, and lesions, can
interfere with vessel segmentation and seriously affect the accuracy of retinal vessel segmentation. Moreover, most images
in the STARE dataset have severe lesions, and the information in different datasets notably varies, resulting in lower sensi-
tivity of vessel segmentation results. To address these issues, a scale feature representation learning network for retinal ves-
sel image segmentation is proposed by introducing the following three modules : scale feature representation, texture feature
enhancement, and double contrastive learning. Method In this study, the images are first inputted into the retinal image
set, and the initial layer of retinal vessel features is extracted using a U-Net-based backbone network. Hierarchical repre-
sentation and stepwise fusion strategies are employed to fully capture the scale features of the vessels. This strategy is real-
ized by introducing average pool operations and a spatial self-attention mechanism, which enriches multiscale information
and generate a vessel scale feature representation. Then, based on the vessel scale feature, the last four layers of scale-
encoded features are obtained through downsampling. During the skip connection process, the scale-encoded features are
combined with deeper features to create intermediate features using three types of convolutions. These intermediate features
are further enhanced using contextual information-guided texture filters, resulting in enhanced texture features that effec-
tively focus on the edges of thin vessels by supplementing texture information. Finally, the vessel scale and texture-
enhanced features are sampled to obtain vessel pixels, background pixels near vessels, and other background pixels in the
two feature space domains. These samples are used as inputs for double constraint learning to calculate the double con-
straint loss. Double constraint learning helps reduce intra-class distance, increase inter-class variance, and substantially
improve the segmentation of thin vessels and vessels in specific regions, such as the optic cup, optic disc, or lesions
regions. Result The illustrated method is validated on three challenging retinal vessel image datasets : digital retinal images
for vessel extraction (DRIVE) , structured analysis of the retina (STARE) , and child heart and health study in England
(CHASE_DB1). The accuracy (Acc) , sensitivity (Se) , specificity (Sp) on the STARE and CHASE_DBI datasets are
(0.976 5, 0.841 5 and 0. 987 4) and (0.978 4, 0. 886 4 and 0. 992 3), respectively. These results indicate that the pro-
posed method outperforms most competing methods and remarkably improves performance in extracting thin vessels in
regions with lesions or near the optic disc. Compared with other methods, the Acc of the proposed method in the DRIVE
dataset is increased by 0. 67%, while the Sp is improved by an average of 0. 48%. In the STARE dataset, the Se value is
increased by 6. 01% and the Sp value is increased by 6. 86% on average. In the CHASE_DBI dataset, the Se value is
increased by 1. 88%, and the F1 score (F1) value is improved by 1. 98% compared to other methods. The advantages of
the method are visually analyzed by demonstrating the vessel details, demonstrating its capability to achieve better results
for thin vessels with fewer vessel breaks. Additionally, improved results are obtained in dark and unevenly illuminated
images. Some existing methods struggle with inaccurate segmentation results for crossed vessels at the optic disc and often
fail to segment thin vessels around this area. In contrast, the segmentation results of the proposed method for crossed ves-
sels at the optic disc do not show the phenomenon of vessel rupture. Notably improvements are observed in the segmenta-
tion of vessels and thin vessels in regions such as the optic disc, lesions, and other regions. The results indicate that the
constructed retinal vessel image segmentation network effectively represents the scale features of vessels and enhances their
texture,, enabling accurate segmentation of complete retinal capillaries, especially in challenging regions. Finally, the find-
ings from ablation studies and analyses demonstrate that the combination of the three modules is essential for simultane-
ously addressing the variable scale and anatomical semantic variations of retinal vessels. Conclusion This paper presents a

retinal vessel image segmentation network that accurately segments multiscale vessels, thin vessels, and vessels in special-
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ized regions by effectively representing scale features and enhancing texture features, thereby assisting in the diagnosis of

vascular diseases.
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Fig. 1 Scale feature representation learning network for retinal vessels image segmentation
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Fig. 2 Texture feature enhancement
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3.1 ZERE5ITMHIRE

N T BUEDT ik I PERE , A SO 34 I
4E DRIVE (digital retinal images for vessel extraction) |
CHASE_DB1 (child heart and health study in England)
F1 STARE (structured analysis of the retina) 17 # %]
51 A 43 K152 5 . DRIVE Fi 40 I 565 x 58442 K Y
O PO 5 P 5 2L o, 4 Wk P 500 LW PR 0 194 I g 7%
Fii #5390 H . CHASE_DB1 41 %% 28 i 999 x 960 15 %
FR P TR I PRI AR PR AR R, A A R i 7 DX BB
STARE 3% 20 i 700 x 605 1% 2 i WL W B (€1 1%, 5
FABRHG B A ], 22 8 B 5 o Y, (ELA A ™
AR . XL BE IS 2> FIATE S5, DRIVE Bdfi 4R 1
BTN 020020, 0 T 28X EE X 55 AR A K df
A A SCAR A FIGF BE O 3 400 23 A E B — Eork, n
SCS-Net(scale and context sensitive network ) (Wu 55,
2021) ,CS2Net (curvilinear structure segmentation net-
work ) (Mou Z% , 2021) Fil FR-UNet (full-resolution net-
work) (Liu 5§, 2022) , A 3CH5 DRIVE #il CHASE_DBI
Hds 4 v R 20 1 STARE $ 38 42 19 /i 15 18 &8 1
YIRS 8 3R 1Y 20,85 & 1411553 31
VEiAsE , W 1,

F1 AXXWHEELI

Table 1 Statistics of experimental datasets

2k B RF

GIGEES SIS e vl SR oz
DRIVE 40 2020 584 %565
CHASE_DBI 28 20/8 960 x 999
STARE 20 15/5 700 x 605

SR Pytorch SEBLEE H 19 I 48 HE 2L, Il 2k Al
W2 By B rh % 45 44 2% Intel Core i9-10900X 20 £k 74
CPU AP~ NVIDIA GTX 1080Ti GPU., I Z5 ¥ 4 i}
K H patch YIl 2k 56 W Fl Adam HEATH0AL , BT B4 5
2 Tter-Net (Li 45, 2020) , H i Zf# I 2k 72 b (9 Y
FE I FE , HF patch K /N3 B R A BIAG RSF
0.3 % , DRIVE. CHASE_DB1 #1 STARE %k #& % 1
patch 735124 169 x 175143 299 x 288 {3 Z #1210 x
ISR FR o IR By 2 B0 45 e R A7 15 5
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P2 RULE N 0,005, H T AAEBRA A Ak B
ANBEE N 4, T RS AUBCE N 6 000, O TP TERE
AR A TR g0 Pk #% D = 5, JF AR A W] A 4
T P SR ESE PP e 2 P

P 48 #5>K H ROC (receiver operating character-
istic curve) . fif1 & T T # (area under the roc curve,
AUC) | #E K (accuracy, Acc) . R (sensitivity,
Se) FE 5 YE (Specificity, Sp) Al F 185, A% W 4= 1A
HUAS I A ST R PERE
3.2 KBERSMRESW
3.2.1 EEXS

245 I T A SCHE DRIVE | STARE il CHASE_
DB1 i e b e g R, Horp RSO BT 34
B LI Ace K TF0.976 0. F1 34K F0. 8160,
FWASCOT VAR I 148 4 1 v B 3851 5 Sp
1B 43511 7 0. 986 6.0. 992 3 F10. 987 4, 5 B A S 7
2 X R o0 B PRI 7 S B A 3 v AR TR 558 5 Se {EL S35
470.819 1.0.886 4 F10.841 5, Pl T A Sy v 4
WA A Y RE D e BRI

N T BAEA SO 1 2> FIPERE , 5 A 10 i [R)
155 B9 5 AT 1 5 B FE MEXT L2 AT , 604 U-Net
(Ronneberger % ,2015) | Iter-Net (Li %5, 2020) |
U-Net++ (Zhou % , 2018) . SCS-Net (Wu %5, 2021) .
CS2Net (Mou 45, 2021) | FR-UNet (Liu 5§ , 2022) .
Trainable Filters( Abdulsahib %,2022) .Wave-Net(Liu

R2 AXERFHEE EHEREST

Table 2 Performance analysis of public datasets

3 g S Acc Se Sp F1 AUC

DRIVE 09761 08191 09866 0.8307 0.9847

CHASE_DB1 09784 0.8864 0.9923 0.8400 0.9902

STARE 09765 0.8415 09874 0.8370 0.9838

% ,2023b) \ResDO-UNet (Liu 5§ , 2023a) il DPF-Net
(dual-path progressive fusion network ) (Li %% ,2023b) ,
Horr, Tter-Net J2 Z2 9 R BE M 45, A2 51> U-Net S
AR o A SR AR ) BS S 204 T 5240
Fe3—R SRR T A5 HADXS Ik
3NBHESE L0y FIHERR, FTLAR 1, A SCHE Ace F1Sp
AR BT AT I VAR S B R A T
BEA S B TASCREE R RR IR
JZ Rl G R R AN T B 42 R 4544, Ace (Se . Sp Il AUC L
U-Net 20 31425 T 1. 27%.3. 91%.0. 56% F10. 79%,
Acc. Sp #il AUC I SCS-Net 73 9l #2 &5 T 0. 64%.
0.28% F10. 12%. LI KRN, AR SCT7 L Re g 1
BRI FPE A8 R W A R AR . Dbk, imad 5| A
SUHRRAE 3 5 FUOBUER X b2 2] AR SO AR B R 4
CHASE_DBI1 F1 STARE 1) Acc ., Se . Sp {ELA#H Lt T4
BESH 2 M LA $2F . Hivp | Trainable Filters
(Abdulsahib %%, 2022) 7£ DRIVE %% 5 v 55 & 4
S5 7 1 3 B X AL I I A5 43 R L T R

®3 AXFESHMTETEDRIVE HiEE EHEEEXT LE

Table 3 Performance comparison between other methods and our method with same task on DRIVE dataset

7k Acc Se Sp Fl AUC

U-Net(Ronneberger % ,2015) 0.963 4 0.780 0 0.9810 0.814 1 0.976 8
Iter-Net(Li%5,2020) 0.968 7 0.8177 0.983 2 0.8250 0.983 9
U-Net++(Zhou%:,2018) 0.968 6 0.8256 0.982 3 0.8192 0.985 4
SCS-Net(Wu %,2021) 0.969 7 0.8289 0.983 8 - 0.983 5
CS2Net(Mou %5,2021) 0.9553 0.8154 0.9757 0.822 8 0.978 4
Trainable Filters( Abdulsahib %5 ,2022) 0.991 2 0.988 9 0.988 6 - -
FR-UNet(Liu%,2022) 0.9705 0.835 6 0.983 7 0.8316 0.988 9
DPF-Net(Li%%,2023b) 0.9570 0.8279 0.9776 0.830 3 0.982 4
ResDO-UNet(Liu%F,2023a) 0.956 1 0.798 5 0.979 1 0.8229 -
Wave-Net (Liu %5 ,2023b) 0.956 1 0.816 4 0.976 4 0.825 4 -
A3 0.976 1 0.819 1 0.986 6 0.8307 0.984 7
T IR T RIS 3 3R & et RIS SR =7 Rom SO AR R .
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Table 4 Performance comparison between other methods and our method with same task on STARE dataset

WIRZS Ace Se Sp Fl AUC
U-Net(Ronneberger % ,2015) 0.9712 0.8167 0.983 8 0.8118 0.9857
Iter-Net(Li %,2020) 0.9729 0.828 7 0.984 6 0.814 6 0.987 4
U-Net++(Zhou 45 ,2018) 0.973 3 0.826 4 0.985 1 0.8150 0.988 3
SCS-Net(Wu%,2021) 0.975 1 0.840 5 0.986 1 - 0.9899
CS2Net(Mou %5,2021) 0.9752 0.881 6 0.984 0 0.8420 0.993 2
Trainable Filters( Abdulsahib 45 ,2022) 0.970 8 0.847 9 0.984 0 - -
FR-UNet(Liu % ,2022) 0.974 8 0.879 8 0.981 4 0.8330 0.9913
DPF-Net(Li%,2023b) 0.965 5 0.828 7 0.985 4 0.836 6 0.989 8
ResDO-UNet(Liu%,2023a) 0.954 2 0.795 9 0.978 6 0.823 1 -
Wave-Net (Liu % ,2023b) 0.964 1 0.790 2 0.983 6 0.8140 -
AR 0.978 4 0.886 4 0.992 3 0.840 0 0.990 2

T L R RIZ AR B R A S AL AR EES =" FRR SO R

RS AXFHESHMGETE CHASE DB1#EE A EExT L

Table 5 Performance comparison between other methods and our method with same task on CHASE_DB1 dataset

Tk Ace Se Sp F1 AUC
U-Net(Ronneberger %5 ,2015) 0.967 6 0.7713 0.980 8 0.789 8 0.978 3
Tter-Net (Li %5 ,2020) 0.9752 0.830 3 0.9850 - 0.986 1
U-Net++(Zhou %5 ,2018) 0.9753 0.8317 0.9850 0.801 5 0.986 1
SCS-Net(Wu 5 ,2021) 0.974 4 0.836 5 0.983 9 - 0.986 7
CS2Net(Mou % ,2021) 0.972 1 0.834 4 0.9853 0.828 8 0.986 4
Trainable Filters( Abdulsahib % ,2022) 0.964 1 0.830 1 0.979 3 - -
FR-UNet(Liu%,2022) 0.9752 0.8327 0.986 9 0.815 1 0.992 0
DPF-Net(Li % ,2023) 0.967 6 0.8303 0.9839 0.8302 0.986 8
ResDO-UNet(Liu %,2023) 0.966 4 0.828 4 0.982 1 0.8349 -
Wave-Net(Liu%,2023) 0.967 2 0.8020 0.979 4 0.8236 -
AL 0.976 5 0.8415 0.987 4 0.8370 0.983 8

E IR R RIZ TR R 25 S BRI AL R =" FROR SO oR B M

fiE 7 DRIVE %54l 55 1 A5 i pt 9 1 7 43 1808
A5 A DRIVE B0 4 1 1 K 22 85048 b L UG
TRPEEE A W TR, A SCO7 i 3 5 TR
S T A A0 007 B IR AR AL A 0 A S R R DX R ) 43

MK 3—K 5 Al LUF A SCJ7 5 18 CHASE_
DB1 FI STARE M %45 % | 1Y Se, Sp #l Ace fIL T
U-Net Sz HARRSE Ty % S8 MG 1048 43 BN

HER L 50U B RS RRIE e 7 X KN AR (254 55 22
S R T A0 X B A LA 5 1) R A B T, AU R
SR LIRYY ik (5 R N (K= Rk S R S SR V& K
Mg R v I A S A R A
3.2.2  EPEXT AT

& 3 45 i T K SCHE DRIVE . STARE £ CHASE_
DB Btdia & il o UG B rT AR A I 25 2R . AR SOy
RREUEHERN 73 % DRIVE B4 h 2R 2 2L 81
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45 R 200 5 PR, AN SR A% A 81 o il A
T, I RE AR 0L Y FEASE [ 5 AL, £ % STARE
CHASE_DB1 #5484 o A7 1 K i s 22 X 3l 14 i A &1
18, AR S5 TR AN RE WAl i 61 1 LAY i L RE S 4
M FRAF R DI A B B A0 4 B o0 N 45 2R

Shy a2 B UE A S O TR B 1 A8 43 0 4

(a) DRIVE#{ 4

(b) CHASE DBI1#{#is

M AR ST 5 W AR SR AT 1) U-Net AR R 7E 3 4>
ByE 4 EVbAT T Al AR e, G 4 B s . Herp,
FR-UNet(Liu %5, 2022) 45 G A0 4B i B 1) 22 XU H#AE
Bl A g R SUfF B CS2Net (Mou 45, 2021) 7
St Bt 5w ik D s o B B AL 2 T i e 2
M FEEERER T A SO A SRR AR 1

(c) STAREH e

K3 ARSCT7iorHIEs R
Fig. 3 Segmentation results of proposed method ( (a)DRIVE; (b)CHASE_DB1;(c¢)STARE)

N
{ 2
~

(a) FAN 2115 (b) A TFIEMEER I

(c) CS2Net

(d FR-UNet
El4 AR U-Net 2447 k@ X L

Fig. 4 Qualitative comparison of proposed method with the U-Net variant method

((a) input images; (b) our method probability map; (¢) CS2Net; (d) FR-UNet; (e) ground truths)
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Fig. 5 Patches’ segmentation results comparison of proposed method with the U-Net variant method

((a) input images; (b) our method probability map; (¢) our method; (d) CS2Net; (e) FR-UNet; (f) ground truths)
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M2 BEXS LSS R o i T X LT A R IT
AR HEZA M4 2 P ECR RS B R, A
RS2 2% FE AR, B HA 5 ¥ p) 2 8 B i/, A
PR (AR vk SRR T R —
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G PG B Ak B T (53 000 3 1 A% ) 4 R 170
] )47 0.833 5.0. 865 s, ¥J/NT 1 s, BRIl % T &%
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Table 6 Complexity comparison of proposed method with
the other methods on DRIVE dataset

Jrik GPU BEls  SHuM
U-Net NVIDIA GTX 1080Ti 0.44 4.21
Iter-Net NVIDIA GTX 1080Ti 41.70 10.80

AR NVIDIA GTX 1080Ti 0.833 9.87

TE IR R RIZ TR 9350 3 7m 25 5 el A4 2R

3.2.4  {HRLSEE AT

B UE R FRIE RN (SO RRAE G 58 X X
5 2] 3B R SR Ace \Se Sp . F1 Fll AUC
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D.B+S+T.B+S+D.B+T+DFHALHEEI|
TH ARSI, 20 2 O0A I 3 1 W 78 321 I LA -
NI —AN R 7E 32 W b S A R R AR
SO, Hodp BARER 1 W U-Net, SAR R R FRIE
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ol Y 3= 1 19X 28 3 SR04 D9 6 1L 45 79 Ace A7 0,968 1,
B+S.B+THB+DHM Acc /3514 0.9700.0.971 8
F10.970 1, 3X UL AATE— MEHS , Ace #6 T
Perm, VR RIRAREsE = HIZ5 . B+S+T. B+
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0.974 8,46 T HAMA — A58 s et e A A B 1)

FEOLF AR SCH B0 Ace M 0.976 1, 3X i H 25 4 i
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B, AU T 3R 2 KRB I FRAE , 3875 18 =)
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Table 7 Ablation studies on the DRIVE dataset

Ik Acc Se Sp F1 AUC
B 09681 0.7879 09854 08141 09683
B+S 0.9700 0.8071 09860 08143 09766
B+T 09718 0.8072 09861 0.8270 0.9780
B+D 09701 08066 09856 08144 09788
B+S+T 09733 0.8167 09861 0.8270 09810
B+S+D 09720 0.8168 09860 08247 0.9811
B+T+D 09748 0.8180 09862 0.8237 0.9820
AR 09761 0.8191 09866 0.8307 0.9847

TE PR FRR & S B AL 2R

%8 7 CHASE_DBI1#iBE FRYERS T
Table 8 Ablation studies on the CHASE_DB1 dataset

Ik Acc Se Sp Fl AUC
B 09676 0.7731 09808 0.7898 0.9783
B+S 09680 0.7801 09806 0.8078 0.9785
B+T 09710 08002 09810 08170 09799
B+D 09715 07966 09821 08104 0.9760
B+S+T 09736 0.8165 09821 08221 0.8100
B+S+D 09740 0.8266 09840 0.8115 09821
B+T+D 09742 0.8380 0.9842 0.8201 0.9830

A 0.976 5 0.8415 09951 0.8370 0.9838

T L P SRR 5 8 R A2 2R
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Table 9 Ablation studies on the STARE dataset

Tk Ace Se Sp F1 AUC
B 09712 08167 09838 08118 0.9857
B+S 09708 0.8321 09841 0.8203 0.9863
B+T 09720 08338 09844 0.8200 0.9860
B+D 09721 0.8301 09850 0.8184 0.9852
B+S+T 09730 0.8530 09890 0.8248 0.9895
B+S+D 09742 0.8522 09901 0.8250 0.9893
B+T+D 09756 0.8601 09912 08277 0.9880

AL 09784 0.8864 09923 0.8400 0.9902
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