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Abstract: In addressing issues such as feature redundancy in traditional U-shaped networks and the eomplexity of retinal
vascular morphology, as well as challenges in segmenting fine blood vessels, this study proﬁases a multi-flow retinal
vascular segmentation algorithm based on improved U-Net. Thejalgorithm inéorporates two feature flows, a global
segmentation flow and a boundary-specialized flow. To reduce feature redundancy, the global segmentation flow replaces
the traditional U-Net convolution block with a fastextraction module based on partial convolution and constructs an
improved U-Net model that can efficiently extract vascular features and accelerate algorithm inference speed. To
minimize noise interference and enhance the segmentation accuracy of fine blood vessels, the boundary-specialized flow
utilizes morphologically génerated boundary annotations as guidance. Multiple boundary extraction modules, in
combination with the high-level semantic features from the global segmentation flow and boundary attention, are
employed to more selectively extract vascular details, thereby strengthening the feature representation of fine blood
vessels. The effectiveness of the algorithm is evaluated on the DRIVE and STARE datasets, yielding sensitivity values of
0.841 5 and 0.836 9, accuracy values of 0.970 1 and 0.971 8, and AUC values of 0.987 7 and 0.990 9, respectively. The
overall performance surpassed that of existing algorithms.
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b A, AR SR Y — Rl R T s U-Net 192 A
J I A Ay B Bk, R E DT .

1) ) 28 22 R AAE I8 A AL TR 1L 37 3 ) B vk, 7
AR IR b, SR S L B B X A
FFEME 2, 3T R AR E R L.

2) W4 4 #)3 (global segmentation flow,
GSF), W THR A PR 52 SUBEL 1) B50dE U-Net 4544, k2>
FRIESE G AR 15 B UAR, IREEHE .

3) f Il G (boundary-specialized flow,
BSF), Pl 12145k 2 b M R 16 B 0 5 G 15
SR FH 0 4 P 9 25 TR, Db 75 57 7 3,
Y AR

1 HHRIAE
1.1 U-Net

U-Net!" 75 2 2 UG AL BRATUS A 45 )32 (N A, 3L
TEE A S5 K H G 0 2 5 AR 2% 2EL R, AR R AAE PR KN, O
a8 588 AT 73N 4 =, RS 4R E0 7, SRR
ROV e AE B 3x3 B RZE . tEIH—1k
/Z (batch normalization, BN) PL & B £ 1% B0E 2
(rectified linear unit, ReLU) ) & 1 FI 2 B & B 1R 2%
FHIEE B, £t Z (max pooling) HEAT T RAE, FHIE
B RN R R B — 2, IEN N JZ M. FE RIS 25 7,
R B R 2o 3x3 93U BN UK ReLU
B G B ARSI, R T 22 [y %% B 50
(transposed cmv"‘qlution) SEULRRAE B R, BRIk
SR R /N TR 2 15, K5 SRR (BT
EIREON 2 1914 24T 9% 5 RIS 28 2 ], et B B3
Fe 1) 77 2R EUR R RS B 5 s PR RS BAH
gih, R Z S EE B LR UE R, M
i, MU 1x1 BB RURT Sigmoid B B HUR 15 i &
FRIME R IR 1.

U-Net 7E R W 5 IfiL 8 43 EAE 55 AR 2 732 1)
N, B FEATL G U-Net BRI SR B, YRR
FERL PR TSP T U-Net BIUREE 22 )R8, AR
TAEE IR
1.2 FasterNet

FasterNet! "' Ayt FH (0 T W0 4, S H B i 36
AR, A RO RETOAR IR R HE R T A
0] FasterNet Block R #7358 ri B HRINA 5,
X T4 NRHIEF 35053 6 Al BCGHS 4) 38 T8 R E F i3k
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MeFERFL£iEIERE S, Bk, FasterNet Block A T 68
% ) 4 I TE RFAE AR B, SR IE B A S Il E (S
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Hp, FRREHRAE, S REFBIEHF 5, Convas (K
3x3 (B, CHREBIEPHE, Convix REZE B,
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23t 3x3 MBRZR R BR T RIEY R, Ikik&d
4T R AR T REAE ek M R P 1) 30 i B
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221 LRI

HRE G el R 60 2 A L6 1Y AR AR T A A A 2
DR SHL0F b P AR T A AR HR, W AEER L (boundary
extraction module, BE) o B o0 3 X R 1 1
ﬁl#‘, A7 D0 TR R {25 5, AT 42 T 40 L A5 11 43
K52 4BE b 2R B 3 FioR, A T SRk HUR R
SRR A, L PSR RN SR b 2 R i Y )y, € ROV
54 J5) o B 4 AT HR ) R R SURRAE F g € REHXW
Fp 258 3x3 W E TR REE, @i WGk
(boundary attention, BA) 55 F, #H il & 13 21 & 2% (8]
BHIINBUFE R A € ROV H 251 BN 25 ReLU
WO 2 F) R 2 o 2 A .

BE 55 b (130 2 0 ) FH T 1 9 2 I )RR
TEZR I, RIS 5 75 5 2 18] (1) 25 1) 22 ek, i) E
TR PSR, WG R WA GRS 7 TURHE,
ZFAN <1 KRR EE L, R SR, RN
TR I8 T O 2 M AR (k2 M @@ﬁfJ‘% T5W%
BEAE b2y, b 025 E 1549 T R AE 05 A 1] B ¢
X, % MultiRasﬁNet“é]H@E K, FIF 1x1 5 3x3 HBRAK
SR — 2 7] ARFAE 22 B 7 5 /- AR 45
LABETE 3K (25 A A E M € ROHXW )y T Bl o il
B, AR 1x3 5 3x1 AR AT 7 B G AR UK
V5 HARRE, R 3x3 (AT 2 255 AL B X J5k
REHIE, B = F 854, R 1x1 B AR SR I A [a) 73 & 04
HW e ROV 5 MAHFSRIUINBURFIE I A, 5 2 %42
PRI ENE.

BE FEH 1) S R AT R IR
F}, = Convsy3 (Fp)
M= C(Conlel (F;)) , Upsample (Conlel (Fg)))
W = Convix1(C(Convixz(M),Convsx1 (M),
Convsx3(M)))
A=M+WoM
F =o@(A))
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Hoh, FpyREFILGHFE, F AT REFIE, Upsample
T FRFE, Convis R 1x3 B, Convsxg IR 3x1

LI, Convas K 3x3 B, oRRITTEAMTE, ARR
NGIEE T, yRatA—1, o FoR ReLU #UH %K.

i
—(1x1%H 33BERD)O—C
|

K3 LGRS

3 SEERaE R
3.1 XWEE

AR AR A Ad B PyTorch SZH, 76 48 GB i
1f RTX 8000 AT YIZE, 4 5k B A A N — ki, 48
I Adam RALERFATIEA S HGRAL, IG5 1 28R
0.001, Bl & REELE N 0.9, BUE T R E R 0.0005,
WZRaFeHOR B 200 56, 8 T Y Re b8 58 T i AL A7,
[Tt 20 %2, 5 21 BN FE KT 1/10.
3.2 HIEE

9 T B MBI (A B i A SO DRIVE.

PA K STARE P> 23 JF AL I J i 57 40 U800 B L 3k
et >

DRIVE 4% 8" 82 — AN 20 FF 19 00 )5 i 5 3 1]
a4, ZHE A A 40 TR IR B IR K K1,
Kk EUE KN R 584x565, BUG AR, A 3 MEiE.
Kb LRI 4> AU R4 5 MR A W3 4y, Hor il 24
55 20 KRR MR, 541 20 5K %15 76 MR 2 o,
— 5K IR UG R A 5 Z A X L AR 3R GobriE 1.

STARE #4421, 8 20 5K 3 338 1% (0 iR s &
1%, FEKEME KN A 700x605. %5040 4 5 X Il 2R 4
MR AT RI5), TEAR SO SE50 H, MR 4 Hh i %
T 15 SRR EBAE R IIZRER, Fl 1 5 5k EHEAE il

TR, 53 PR R RS 0 IO AU L5 3 4
FRE.

N T R IR PR B0 S, SRSV b e,
SRR FBERLBAE . BEHUER: . AR LR R
R P KPR YR 10 KRR R e 52
D7 RS G b (R P TRA ARV 1 I %, %
bR MR a1 4R

(a) BEARYE EIE (b) L ZhriE EE
Bl 4 GLZbna 5 briE BUE Al Sbrik IR
3.3 iFERR
J9 1 B UL M G A ) M R kAT VR A, AT
R LT 5 Fhdebs e N A S K YE, 7 ) /2 UK
(sensitivity, SE). ¢ #FE (specificity, SP). #Effi%
(accuracy, ACC). Fl-score (F1) LA} ROC (receiver
operating characteristic) HiZ& FH ! AUC (area under
curve). LL T2 & 4abr ik H 77, K 7P AR H IE
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#l, TN R, FPARRRIES], FN AR A,
pi, n AR IE S SOREARTNS 2>, Py N3N
1B POREAREL, TR TE7R 3

TP

SE = 4)
TP+FN
TP
SP = )
TP+FP
TP+TN
A = 6
cc TP+TN+FP+FN ©)
2XTP
Fl= @)
2XTP+FP+FN
Zl(pi’nj)p,->nj
AUC= —————~ 3
PxN

Horh, SE ARRIER 53 3 RAG R Lo, T i 1

RUTER 4 2 MU A F7; SP L T5 BB TR 5 2575
BHIIAE J; ACC RF EWIIRZ S HOR  B(R2H
B EL; F1 AT DU B PR 5L, = 92K
BURL IR B AUC B 95 VA8 5 B .
3.4 ZEMK

B A R 5 AR R 4 MR R A 2R,
Forb, S8 U AR R Rk, (B y AR L 1R
bR, 5 ARFMUR B . 4Rt o e e

Lossg = —(ylog(§)+(l —y)log(l —?)) 9)

eI G hriE UG L 4% 51 R IR,
K H BEA RO HD ZRRFIE 1Y) Dice loss 5 2k pR B il
Gk, RomN:

N
Zl’igi+8
1

Lossp=1-2X% i
N

¥ N
2 2
,E—*Pi + E 8i
" i=1 i=1

Horr, NERRBER NS Bp Mg 0 R 5 i MR R

=10

(@) R

(b) Shrit

TIE AN SR, e 3ot h i1 R 1.
BARBUR N R IR S GH RN A,
ZIVSE
Loss = aLossg +pBLossy (11)

LEARSCHISLI T, 58594 0.5.
3.5 SHERSIIG

9 T HE AR S B SR W X L 4 A
U, P T TS0 SR 1 AR R AL 2 07 R A7
TN, S8 o 4 AN RIS, 4 52 A
P 36 A B B A3 v M . B FB RSB f
AT B M2 LM S BRI E T\ 0 2
B 2 BT M3~ Ll M2 B RE R I A 47
B P4 B MdL LM R R A 34
YRV B % A BB MS DAL A SR Y B
MU-Net. 7E5% 1 53 2 FER T % /NEE 04 31 A
S E, 78 B 5 T T R RS 4 R B T RAL 4
R, BRI S(a)- 1 5(0) 4RI LR R . SbRdE.
VM1, Bk M2, 53k M4 DL MU-Net. [8 5, &l 6
FE T T X R AR 4 B0 L

#* 1 DRIVE H¥a4E LRyt o 3t

Bk SE SP ACC F1 AUC

Ml 0.7642  0.9807  0.9632  0.7822  0.9762
M2 0.7710 09811 09638  0.7881  0.9765
M3 0.8043 09776 09649 108048  0.9792

M4 0.8132 0.9796 0.964 5% 0.8114 0.9825
M5 0.8226 0.9810 0:966 4 0.8279 0.9844
MU-Net 0.841 !’\ 0.9830 0.9701 0.8324 0.9877

L %2 STARE ¥UR4E FHONmhocs s 3

vk SE SP ACC Fl AUC
M1 07718 09830 09637 07875  0.9788
M2 07826 09831 09642 07951  0.9802
M3 08029  0.9824 09653  0.8033  0.9827
M4 08112 09828 09655 08106  0.9832
M5 08293  0.9830 09677  0.8302  0.9897

MU-Net 0.8369 0.9836 0.9718 0.8357 0.9909

(c) HiEMI

(d) HikMm2

(e) HiEM4 (D) A hiik

K5 RhsR o B4 R
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- FEMAlEMREB
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3 1

(b) RIEANT (c) Ehnitk (d) FIEML (e) FVEM2 (f) 5LiEM4 (g2) Z!SYﬁ

-

Bl6 A1 R L \

ME T 53R 2w LA, ERARERE L, 5k

M2 AT 5k M1 FES A bR LA E /NME R 5T,

XEWE G H FE SRIE S B M fe EZAR T S
B, 1M A 6(d) A (e) B2 FIANEXS HEnT LB, Sk
M2 2 HCE| T 5% M1 ﬁﬁ%‘kﬁﬁﬁ)%“%ﬂml%%ﬁ, f81 H
FE fH45 3 B iF AL Rk . e HIERR |, R 3
FIH T HIEML 5 M2 2HES5ITEERX R, 5
% M2 S EEMET M1 DT 28%, iHH B
T 30%, XK FE BLHUHERHE BRI R, 156

13 S AF IR 3 BIROR. OS2 i 40 HI 50 M3 M4 1)
FAFERR AT LUK I, X ECER I M1, M2 B/, 235
FVERAEBURE EA3 3] T B R AR, M3 B ML S
T 401 ANE A, MA B M2 IR T 422 N E A, X
B 1D G I X 1 245 B R X PRI R, 12
HET B E AR, XL 6(e) AT () tHEEFE H,
220 BN S T A TR AE R A T R o A

%, ARG ) 2 BIROR EA R 2 R HEURE. |

PRI RIS, 553k M3 5 M4 [R5 5 B8 T e, X
F T DX 30T b BE AR, 5 3500 JE 1 X DX IR A, T N
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