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Abstract

Fundus images play an important role in the diagnosis and treatment of ophthalmic diseases (such
as hypertension, arteriosclerosis and diabetic retinopathy), and the morphological infor-mation of
retinal blood vessels can be used as an important index for the diagnosis of these dis-eases, so it is
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very important for accurate segmentation of retinal blood vessels. With the con-tinuous develop-
ment of computer technology, deep learning method provides a new idea for medical image seg-
mentation. Due to the complex structure and different scales of retinal blood vessels, the existing
U-Net model still faces significant challenges in dealing with these tasks. To solve these problems,
we propose a retinal vascular segmentation network MDA-Net based on multidimensional atten-
tion mechanism. Based on the U-Net structure, this method optimizes the network design by re-
ducing the number of encoder-decoder layers to three layers, and intro-duces the Coordinate
Grouped Feature Fusion (CGFF), multi-dimensional feature enhancement (MDFE) and multi-scale
convolution enhancement (MSCE). Firstly, CGFF module integrates mul-ti-scale features by group-
ing convolution and multi-dimensional pooling, which improves the adaptability of the model to
uneven distribution of blood vessels. Secondly, MDFE module com-bines channel shuffling, mul-
ti-dimensional attention and pooling operation to enhance the ex-traction ability of micro-vessel
features, especially in low contrast and complex back-ground.Experimental results show that the
accuracy (ACC), sensitivity (SE) and specificity (SP) of this method DRIVE 0.9825, 0.9842 and
0.9895, 0.8211, 0.8342 and 0.8452 respectively, and 0.9840, 0.9872 and 0.992 respectively.
MDA-Net proposed in this paper provides a new idea and scheme for improving the performance
of retinal blood vessel segmentation.
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1. 5|1

FEGIREE 5, WL BRI K 28 RIS, A& AR PE B B AR 1 (AMID) 9 PR 12 40 I 593 % (DR ) 1
PRI JE55 ik A1 26 (RVO), R IR g 4g BRAG R 1 7™ S5 e[ 1] 4 BKYEHIA, AMD Al DR 52 $BCEE AN
WA R FZIR, oM E )7 A (2] IR LRP I 5 3 SO I I I 45 K R A 25 AR A, X
AEACA AT LA B R AL AT RLHIZ W, B Re F T 1 WA 7 RO IPAS 3], flan, ke sk A= i
(CNV) [TERZ AMD K FERICERENLE], % FEBC™E AT E[4]: & IERES T, PR B
M P ZE 23 51 R R R I, 3 — PR A AR LA AR 5] IR B AR AT e S B I 28 L, &
AT AR FE L I[6]. SR, AN R A (1) 52 A 540 S AN FR A, AT AR HE 1 20 o — DU A Pk ik
PERAESS[7]. AR L R ZAERTERS, S0 00N L B TE 51881 IUA 11 73 BT VEAE
XX L PRI AT T — e R, AAEAE AR AN S (0 ), 3 DAAE SRR I PR B FH o 2 4 (7] 4,
B MEFEARRYMEFAELEER, K PERSBFIEREN SRS, DIERIX 31X
M8, Klt, A TARMELETTERAI N B0 B 8 73 FE 55 Hh () U A G, JeA 192
— i 2 A S AL PR X FES L 1] Y 2% MDA-Neto MAD-Net #0070 E046 DL T Ses i .

(1) ABFRAT AR IE R A AR (Coordinate Grouped Feature Fusion, CGFF) : il i £ #EFF LR AL,
T ME S ATALIE LT ) EIVERE . PR N RHIE Bl 3@EE 4, (2R R E R,
g5 G LB A N U R AR UM, JF @ IR B, 5% M I A X

(2) ZYERFIEY 58 5L (Multi-Dimensional Feature Enhancement, MDFE): 5| Nl yt i /E % R
JEGAR, 4 R A SOEE AR, SRR ERHIE, A RO SR MU RRE (SR I, R AR IR EE
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FL S RO DA R L 5 2 350 92 2 B T AR G i) BB AR B BOR, ndiEint s BB 20 B AN ZAerl - il
Liu A1 Sun [914/ Hi 1 38 1 A J52 58 52 A iy < A 7 06 oo ) MU BRI D 05, RV 2 VAR I 9 L 1R U 55
ERARGEREEE, El TR TR, RN R T A . 93RTH S EIRBCR, Roychowdhury S5 A
(10145 & TE A2 A B R A R KT 028, BARSGE T 0 FIPERE, (HIXLT AR T TRHRHIE
FEATF] B 5 T RIS S AL . Khan [11]22 350G SO RIVLEC 3D SN HI 2t I 5 vk F- i 7
F AR A AR, SR A, (BT 2 2% 2 R PR A R PR PR S PR OR AT B, 2 BE R DA R T R A
ST, LB ARG . R AR GE M SRR B BERF I, A A3 AR 55 S Rk . BRI LB
Mou 28 N[12]JF % T CS2-Net, (HITAEGi &% - MRS as HEZE TSI EHVER JI0LE], 198 X th 2 4544 1Ky
fiE%%>] . Arias S8 N[1314RHH T — Rl BB BRAL,  TERDRE B T SR 3R 21 I A8 B 1 R B SR e 7 B RCR,
{ELPE e P 5 b LR REAR RS2 IR

BEAh, Liskowski 258 A[14]151 N T &1 53 10 W0 IR G 0 Ry e Bl om0, R s TR & pe bk,
{HHZ A RE S AE HoAt B 37 5t R AT RE A IR » Yuan %5 A\ [15]18 111 AACA-MLA-D-U-Net, 7F 2% B I8 4>
H R A, HEtEEREAEEESTTERIEEE 5.

i bprik, BARCH IR 0 BUES LB 7 gt iE, (BRGNS FRS A 2 BT A
FEAR . Ak, FATRE T MDA-Net, ULBE— 55 740 0 L8 PR 10 23 RS FE

3. Bk

AEAR I EE T 2 4 LR RO AL IR FERF AL AL BB 2 B SHE (LUR K MDA-Net) , fEXf £ it
] U-Net S5 BEAT T8t . MDA-Net fEAL S 10 /2 gt - i s 2SR O BEAE B, /b 7280 K gt & Al
fEhd s RS R AR E =R .

MDA-Net ) RIZ5 5k (&L 1 FTs) 73 9 2c O ) G B 80 20 FUE 00 B AR 2 8 2, 2 el /ML
A ToRFERIHL, FRFERIEL ARAR AL S ER . ZARRAICIE s KB A AR, 4F
X IS G AE 2 o ARROKT L B2 MR 7 PRI ol A AL 00 TR e 5 (v, DAL TR E SR B S Rl A A AR bRy
YRR AAEE (CGFF) # A E| U-Net §i )2, CGFF {4 R 2 4eib At (L3655 77 [ 1R °F- 1)
WAL RRMARILEBRD e AFRREZRRE. Z4ERERE RS (MDFE) R AF] U-Net 5
=)z MRS EIEIE YA R A AR L], e R E R T

B Rk, MDA-Net 7£ 3 2 U BIgs#9 A0 3 dlBkiRiER &AL F, 784 %H CGFF #1 MDFE 1)
P EER S 2 UG AR VEIE T ME B E R 8, T T 78 8 4475 o AU LU BE 3RS R I o B HERE

3.1. MDA-Net Bk 424y

MDA-Net FIVY 2 4ufidgs - 2 S50 itk N =2, PG B2 R IR B B 2 K5 1iE . MD-Net %%
ERIEFEIYARE L, FORFER ., FOREERR . ARBR O HAFME R SR (CGFF) . 2 4E4SME B smAsith
(MDFE) . FRAEEBHE AL R EZ, Bl s K AR Z B R R E S, ff
FHER REFBAR AR . R U 75 A A 4% 08 o DUk MR B R R B0 I R R B 4 9, &
AT o ARAR AT LR IE Al S5 (CGFF) R AN Gifidas 1, 18I 2 4G R 2 4 ik Bl & 2 RO RFE,
TR BN R, $ETHEERINS ML A5 AN RS N . 2 4ERFEE SRR (MDFE) R N BEERIE#,
ShEMIE YR I RN 2 () R AT B R A R 2 ) B 1A RURFAE A T RRRAE
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Ak o3 AURFE Rl & B (Coordinate % 4 F5AE B4 558 B B (Multi-Dimensional Feature
Grouped Feature Fusion, CGFF) Enhancement, MDFE)
Downsampling ( FKFE) —_— > Skip connection (BkEKi%E ) Upsampling (_FRFF

Figure 1. The overall framework of MD Net
1. MDA-Net FYZE{RHESE

328 5R ST HFHER SRR

AR B e 0 R — HRRAE B DA i 7 S AT A 3, XA T DAFS Bh I 2 A 0D TU R TS, 4R
B T T N DE T . RS NAIE R x € RO, Hoh C li@i s, H AW 451 BRI
RIS . I — AR P R AR RSB L, (o, o, w) BRATAT DK PR o 2 1 A (o, ) s
BRI B QAR AT G SRR I 2 (A5 Rk . O 7 B S M AN [A) ROBE T B I AR A, A
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Figure 2. Structure of Coordinate Groued Feature Fusion Module
2. BRSO BHHIERL SR IRBVEEH
3.3. S UEFFAE IR R IR
FEALFRST ZAL AT 55, ANAL I RBE A 70 B, R 5 B R YR ik, AT T 24
FAAEHG s Ak (MDFE) . f£ MDFE 1, JBI&7E & /il 2 VA HAn Sigmoid i sk BUIMAURFAL 1 )
T, AT S8 S0 B S (1) OV, R /N I AN AR 2 A X3 TR . 8 Sigmoid 0 RO A=
BN ETE FOBUE R IR IR LA A B E AT I B B . A SO
X, = X'xo(ChanelgAttention(X")) 3)
Horpr, o RoR Sigmoid WOl BEL, Xl AU FIRFAE IR, R MIZ% C2ehngs 70 B2 A X4k
(o6 JEIE YRS MDFE BEE IG5 3 e ol 4T SLsE BT, R THRHIERIE e
X shuffled ChannelShffled (X ) 4

! permutation Reverse !
EXHXW—>WxHXx0 > permutation| !

/ s

S Channel Attention i ,,,,,,, S

— Q-
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Figure 3. Multi-dimensional feature enhanced structure
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4. KEGE
4.1 LWIREHEE S A% R
ARSI IABIHE T Ubuntu 22.04 #E RS, L5615 #% N NVIDIA GeForce RTX 4090 GPU, 4% % >]

HEZEJy PyTorch 2.3.0, CUDA hitA Ay 12.1, ZwA2i5 5 9 Python 3.12. batch_size W& 7y 16, fift#KH
AdamW (FJHEZESTZHN 0.001, BEIEFA 0.01) o BALIZILIEIT 100 4 epochs.
4.2 BESE

TIPSR Z () 2y EPE RS, A SC{# F) DRIVE. STARE A1 CHASE DB1 =N 7R 94 i 1 5 B 4
B HABEEATHI LG, SR UEFTHE B 0 2 B BE A2 Ak e

DRIVE: 55 40 MERZ AL ES, 73 HER0N 584X 565 143, B & K TFahbrik M /> S5 51,
NNGFVHAL IR 2% .

DRIVE STARE

Figure 4. The first line is the original image, and the second line is the label

B 4. FITRRBEG, BTTRE

435 IEE

W= AT R g s s 20 2 40 5KIEMER, IR EelR B0 TR B2 SRR Rl ki 5 2 2R
AN, M LSRR 22 5] B R R IE R AL . O TR RIX — A, BATBCE T A AR R S
HAREEBE > 48 X 48 AR MHBT & 1, FERHIE R L CARENLIE s K77 b ARpE (B 7)o i
=I5, BAINRSEEIESE AR T2 15000 ASEES, S EGIIRE TR AL 72 FhR%E, M
MR — A TE R AREA . X — IR EY R T IIAEBIR MR, B TR 2, AT
THERFZALRE 1. 75 2R RIBRR S, Hasg ) A BEOON AT T 2Rd, DA DRSS AE I ZRid R v e
A2 2 AL HIREA AT, TR AR A U PR A SRR RS, RIEATAR (TG 8R4, AT ORAE PPAG 45 2R
NS S G T i
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(a)
(b)
Figure 5. (a) the cut label block, (b) the corresponding image block image
B 5. (RFRIMOFER, O)FmxdHaERRE
4.4 T HEER

R T A THIPA X 4% 70 R BRI 43 B 45 R MR RE, AR SCIERR T R Bos I PEREFR FR « HEREE(ACC)
ESCRNIET B SEEAR B EUK L] . ACC EBECE D B MLF, ACC HiHER:
TN + TP
T IN+TP+FN+FP

15 S (SP) SR A AL IE A ) 8 B R REAS IO RS 17, TR EL R RE A N I PERE A I BE f1. SP W 2% FE T
R REA 4y B IR . [RIE, SP Bk, 7 2Rae SEELRIERG S . SP A XN
5o N
FN + FP
REUE (SE) e IERRf 2 — A IEBIREARRIBE 71, TN E IEF A IEFIRIBE ). SE & —Fh A TR —
TR R E R, BEEARoNE R, il L F AR
1IN
" TP+FN

®)

(6)

(N

5. SSWERS ST
5.1.jHRR SIS

7t DRIVE ##a4E F (W 1D, FEREM L #ER%E (ACC) « REE (SE) « FR:E (SP) Al AUC
539 0.9637. 0.7329. 0.9835 1 0.99798. B 5| N CGFF i, REE (SE) M 0.7329 #2724 0.8384,
KRk (SP) M 0.9835 $2TF 4 0.9875, HERIF (ACC) M 0.9637 #THE 0.9655. AT LIE H, CGFF Bk
TE R AR bk T R0 . ERIE | CGFF B A It J5, AT MDFE 85| NE:Al 4% .
ACC M 0.9637 $#2F+ % 0.9647, SE M 0.7329 $2FF 4 0.7349, SP M 0.9835 $#2£T+ % 0.9866. SARE ¥#i4E I
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(W% 2) , CGFF #iHt, MDFE £ L}z MDA-Net [f)7H i s2i6 45 5 57F DRIVE $d54E R IAa4L.

Tablel. The ablation results on the DRIVE dataset
%% 1. DRIVE ¥UiB&E L HRIEE R

Methods ACC SE SP
Baseline (UNet) 0.9637 0.7329 0.9835
Baseline+CGFF 0.9643 0.7349 0.9866
BaselinetMDFE 0.9646 0.7337 0.9864

Baseline+CGFF+MDFE 0.9735 0.8210 0.9865

Table2. Experimental results of ablation on STARE dataset
% 2. STARE ¥iE5 EiHRASCInEE R

Methods ACC SE SP
Baseline (UNet) 0.9712 0.7412 0.9830
Baseline+CGFF 0.9742 0.7564 0.9880
Baseline+tMDFE 0.9746 0.7331 0.9885

Baseline+CGFF+MDFE 0.9742 0.8554 0.9860

6 &7~ T DRIVE il STARE $¥EHEM# S E 347 I 4 JE7/R T 1 DRIVE #l STARE $#545 F#4
FIE T, SRAE X IAR IR T FRATI SR ARl L X 3. 242K 5] N CGFF Al MDFE i, BR/EHEan (s
BITHRIAL (F 4(a)) - 5l CGFF REHNE T E =R (B 3.7(b)) - 4\ MDFE
Jei, A0SR, MR T RIE AN (B 3.7(c)) o APIANBERE R 51 NI, B g

EAPLRE A B AERCR (B 4d)) -
© (d)

Figure6. The thermal maps of DRIVE and STARE ablation experiments
6. DRIVE #1 STARE jH@hSLL6 4 S

(a) (b)

5.2.%FEE SEI8

A 7E DRIVE.STARE #£47 7 % b S256 . 7F DRIVE #0345 (L3 3), MDA-Net [] ACC A 0.9825,
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AUC 4 0.9893, H# T HAh 7% (U1 TransU_Net #1 CS-ViG-UNet) , HSRRGERC, (HRRIERE,
FRH L ELAA B0 1 e R I BE /7. 7E STARE 445 I (WK 4) , MDA-Net HU#5 T7 ACC 4 0.9842,
SP 7 0.9872, FIL ., SHAEALE, MDA-Net R4 REUEISK T TransUNet, {HE 4RV BE T 4.

Table3. Comparison of Different Segmentation Methods on DRIVE Dataset
# 3. DRIVE E5& _E AR S EI75 AR LR

Methods ACC SE SP
TransUNet[15] 0.9732 0.8235 0.9873
AttUNet[16] 0.9647 0.8258 0.9876
R2UNet[17] 0.9645 0.8232 0.9846
UNet++[18] 0.9739 0.8449 0.9805
CS-ViG-UNet[19] 0.9707 0.8134 0.9765
MDA-Net 0.9825 0.8211 0.9840

Table4. Comparison of different segmentation methods on the STARE dataset
# 4. STARE iE&E LT E 2 &5 AL

Methods ACC SE SP
TransUNet[15] 0.9766 0.8752 0.9855
AttUNet[16] 0.9740 0.8462 0.9811
R2UNet[17] 0.9725 0.8432 0.9836
UNet++[18] 0.9739 0.8449 0.9805
CS-ViG-UNet[19] 0.9707 0.8634 0.9865
MDA-Net 0.9842 0.8342 0.9872

FERE 7 (5E 47, MDA-Net g% HERf 73 H1 HHRLC A 1O T2 F 454, TR T 4/ 23 SOMUR R I A
RN, SEGRGEMNE s, B 7 % 4T (STARE ##4E4E) ', MDA-Net K%
REASAT M 5T, TR I B % 1 I X 2% 4544

Origin Image TransUNet AttUNet R2UNet UNet++ CS-ViG-UNet MDA-Net Ground Truth

Figure 7. The segmentation results of six segmentation methods on are as follows
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