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Abstract The health of retinal vessels in fundus images is of great significance for the early diagnosis of various
ophthalmic diseases and diabetic cardiovascular diseases, etc. However, the retinal blood vessels are delicate,
distributed irregularly and the boundary is ambiguous. Therefore, it is difficult to accurately segment them. Based on
the characteristics of retinal blood vessels, we propose a U-shaped network—rough channel attention residual U-Net
(RCAR-UNet), which combines rough neurons and channel attention mechanism. Firstly, the network introduces the
concept of upper and lower approximation in rough set theory to design rough neurons. Secondly, the rough channel
attention module is constructed based on rough neurons, and the module uses global max pooling and global average
pooling in U-Net skip connections to construct upper and lower approximation neurons, and performs weighted
summation between neurons to reasonably rough the established channel dependencies, which not only contain global
information but also have local characteristics, and can effectively achieve accurate rescaling of the extracted retinal
vessels features. Then adding residual connections to transfer features directly from the lower to the higher layers, to
help solve the network performance degradation problem and effectively extract richer retinal vascular features.
Finally, in order to verify the effectiveness of the proposed RCAR-UNet model, comparison experiments are
performed on three public fundus image datasets with traditional network models such as U-Net, Attention U-Net, etc.
The results show that the RCAR-UNet model has high superiority in the accuracy, sensitivity and similarity of blood
vessel segmentation.
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ReLu FEAR T 8 B2 11 2 (R BE %, 34005 oA 2L Sigmoid fi C
Hh R IE T )RR IEAUETE 0~1 Z [8], £33 Attention 5
By bR BRAEL, 435 3R Ry
F = Sigmoid(W, « ReLu(W, * F'*")), (12)
F* = Sigmoid(W, * ReLu(W, * F™" )). 13>
HpW, eR7CW, € R 73 IR 2 A4 i 52 2 AL
L B
R TSRS A 2 A R OC AR B A R R R
AL SRy R AN {5 B X BT A5 2 1 3 1A R -
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Fiaue, =@ * Filiy 48 Fione . (14
Hrha, 53R L F Mo EE L.
I i 1 0% 38 T 22 [ AR G 2R X R AR B AT
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F ;eature‘. = Frauwre, * Licawre, - (15)
B F e, 50 FR 2 HAT A (6] 48 2 19 F R AR HRIE
RT3, FE M T — 2 A
E U-Net B R (4 FFAF i B 58 43, 1 et g — A&
RO PRI FEAE B AL G . — N2 x 2 bR FE R Fgk 22 1%
FERY 2 43X 3 PR SR 5 RO IZAT: 55 60 3 1L A8 26
AR M 328 2 35, BT AR R & e AE RS I il 2 4>
1 1 4 FRUZ A7 & B RS 3 — s A0k 2 19
FROE ], — A8 18 2R A 28, I — 438 18 F s JE il
2 i fd ] Softmax 2 4 th B MR R R T L4 2R
) A 4.
R G PR 43 0 A aok AR TSRk 1 B
B % 1. RCA-UNet #5570 (18 400 X 5 1L A8 43 31 35095
A« R 0 R RSP ) il A5 1] R input € RS
g & mask € RV,
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gt e AL D0 B8 1 A5 53 5 5] ouet put € RV,

1) % #0190 2 1L A8 5L [l imput € RS 34T IR BE Ak |
3 1 24 A6 A 45 T A B A9 0 A0 I 6 ot 4 1 Ak
input’ € RfPW1,

2) LA K patch_stride I\ AL W 55 if 45 191 Ak 3 5
input’ € RV hfEf PRI GS EHE TS patch_image e
REW XUy R] 43, DRI AR 19X BEE 1t 457 RS 7 B o 0 1)
5 i 7 11 5

3) K AL 09 62 1 8 LR - Bk patch_image € RY V™!
gy A\ B Y1 25 4519 RCAR-UNet #5750 v, 45 39 0 [50 5 1ft.

R A B AR 5% 22 1% 32 2 BCHIR JFS 400 19X 6 it
ERHIE.

I FH 5 A b A Xof FIR TP R IO S 1 57 T 2R A 3 4

(3 1) FH R s 38 T8 1 5 0 ML SR A5 8k A B
Attention F& B0 W 4 % A5 B2 B0 A A0 10 1L A5 AR A
AT HER H bR E .

@R 2R B A S22 R D 1 5 R A ] £y IR
1, B 0 288 i A B PR T A P RO PR — O E.

O K 24~ 1 x 1 45 B A7 B AR 15 31 8 oy
2 18R D) B i 5 AR A AL

©FI| 1 Softmax J2 15 21| 40 [ B 1fi 487 47 i 151 v 1)
AR R mUB T4 2800 A i A8 28 0 AR

DV [ H6=0.5, 4n 500 1) BEE il 457 A4 AiE 1] v i
B F SE T IS R K T, W s T i 48 28
RZ, & TARmAE .

4) P A0 D RS 11 45 (K15 7 3k patch_output € RV
2 RE B 0 47 R DR, 15 3] 5 % 09 40 99 JBE it
&y E| K out put’ € RV,

5) % A0 P R 1L 4 4 B mask € RV AT 38 18 1Y
16 e, it JH 3 T8 H5 5 A0 D R i 4 I 4% 3 K] ot put’ €
RFWORLR Hf — B, A5 3 L W L il 4 HE 17 (5] mask’ €
RHXWXZ;

6) 1) FH A DX B 1L 7657 4 i DA IR0 B i 5 1) 265 i 113
P v 4XH HR BR P 43, 15 3 e 2 0 I it A 3 ) R
output € R>W<2,

RCA-UNet 15 #Y % s} [6] & 2% 2 0] DU R IR A

N
T~0| > FIXK!xCiyx G- (16)

i=1
I 1) 52 % B 5 4 — )2 Y a1 R AE I RSE P
— BB ARCT K, b — T2y R 1] B9 38 18 %
Cit LA KH BT JZ iy 5 A 121 A4 38 3 B oy 56, 5 L [R]
R A — J2= Ak P Al 1 RS P S AR XL B R

W20 K stride, T FE R B padding UL K A B R
SPKEFRDE, WK N
F =(X-K+2Xpadding)/stride + 1. amn

3 % iy

3.1 HIEEMmAE
3.1.1 s

DRIVE 4 5% % 7 F 2004 4%, 4055 40 7k 4%
W tif. RoF ok 565x584 1 (4 MR I %, & ik EIMZ
WE2MERT ThEN SR, IF 5 B H M
I 1t 7B ) P ]

Stare %k 2 £ " & 1975 4E Michael Goldbaum %
AT H Sk AT A 0 I A 4 7 B R e IR IS
Bl 2, AL FE 20 A% 2 ppm. RSE 2R 605%700 4%
o BRI EIG, [R)RF g ak EHG X B 2 1 & KT TARTE
(18 4 s 76 TRT, R X N7 1 4 G 2 1 L A AR A A T
T 1) 188

CHASE DB1 $4s 4" 4 45 D\ 14 4 24 5 1) SR
HAAEERY 28 5K AE 0N jpg. RST R 999x960 FY AL I I
B, A5k BUR AT 2 (0% AT T EIAR S, AT R
R 5 22 1 3 o AR A T R 1) 18 . — MR
TR 20 TR EMRH F U0 Zk, HoAx 8 sk MG Tl

3 A HR VA0 o9 8% 1 PRGBS B AN 35 2 .

Table 2 Information of Retinal Vessels Image Datasets
*2 REVNMELEEGEEEEDS
i sk JE A ARifER]

HET 1A

DRIVE

Stare

CHASE DB1

3.1.2  FikbH

T MR RS AR BR IR 35 5 D) K il 8 595 5t 22 ()
(X5 LG BE AR AR TR 3R, oA 1 Al AR 4 /0N I A Y T 2
IE I w5y 14 0 0 0% VAR P R S A T 2% 1 R
JiE B 4T WAL FEL. 15 e X RGB B E 17338 45 3,
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e B G i B A LA ST S A A A L R, R
RGB FR 1 G 3 38 58 B 15 10 o J3E 728 e, 3of 400 1 Ji
LA A< E PRI BEAT U9 — A5 SR 2R FIA EEJEE 32 BR Y
I3V L7 PR 24 8 A, A A TR R P o0 5 T 15 M
PR B0 iR A I i AR R 2 T X L B
DA R G P 45 P LA 940 45 F R R i B 8 ) 52 310 OG0 5
H o ] Gamma 78 e BE AT PRSI 58, X ad B i
M 1) PR X SRR AT A AR 36 3 73501 7 Jid Pl A i Ak L
2R EE.

Table 3 Information of Original Images and Preprocessed
Images

®3 FEESTMAEEER

e S J G g afiigte An-Eh A

Stare

CHASE DBI1

313 BURSEY R

H R B A UM 28 I 4 1 2 2, IR — IR
JE A B 8 I 245 AT IR 431, G H R B R R bR A
BIG, SR, FAT LAk A0 I RS o A8 A5 AR 3K )
AR 2, PRI, 38 T FH A0 D) i A5 21 ) T B 2 >
B 72 5 S 405 B 4. R it , AR SR FH o R 0k
1550 Yty 77 G AT RO 58, K U1 2R IR DL AR g
FRHE T TR R 43R KNy 48%48 B RIS T B, b AL
TE B — 2 B 0 R sk, 18 7 R TR A
43 08 FEIG 7 B DA SRR 6 B F) R 1 e P&
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Fig. 7 Sub-image and corresponding mask sub-image
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32 ZWRSHIEE
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f77E Intel” Core™ i7-10750H CPU @2.60GHz |-, #ii A
16GB M 7 #11 NVidia GeForce RTX 2 060 6.0GB GPU,
{# F TensorFlow #1 Keras 5 HE 22 #4 22 3¢ v fir FH i
25 AR R AR AU 0 2k R v, SR A SO 4 % R B
VRN ZR B 408 2% R 4R, LK /INbatch_size U 2 32, 15
AU AR B YR BN _epochs 2k 50, 58RI ) I 2 2]
BN 0.01, 4 SGD Bl ALER BT [ kA 0 AL 4% X5
R 1) 2 B0 AT TR
33 iEMIERR

P JEE I A8 A HIAT: 55 19 S B R R R R 2,
TR R AU LA 2 0 2 R 1 2 i A T A T
SrEIR B bR, FRAEIE S R A 28 A9 07, FRAE 2.
S EVE RIS R 5 B AT DU 3R W R
() 3T B M Nep . A BAPE Nep o BT P Now o FCE P N,
MR 4 PR Fo Nepss B 1 45 28 0F 8 43 25 58 i 48 2%
MR ZR AL, Neps2 B AlE M4 2505 50 A R R R
OB N B 3R 055 28 70 28 R R 8 2R 1R 3 8L
Nen S 4 158 284585 53 S JF 1 25 AR 3R s 4

Table 4 Confusion Matrix

=4 BEEF
HIHMH BN IESS (A ) B R (5
FREERIES () Nrp Nen
e (HE) Nrp N1n

T PEAN O IR I A A B R ) AR, i
W5 Acc, RAPE Sen | 5 5Pk Spe . KE 1 % Pre S5 1M
Febr, Ho AccRoBE I 48 T 5 28 03 25 IE 0 1 A
R, SenFrn B LG S 4 K AE W UL 2, Spedk i 75
SR RIEHA LSS, Pre R LN Sy 145 28 AU AR A
rP B IE S i A 2SI o LA R T — 2D b A 4
FEAY Y PERE, FIF Jaccard AH AL BE 35 38 4 b5 1 1] truth
5543 B & resultz [8) 1) AHABL P F1 22 S5 , Jaccard {BBK
58 B A AL 6 = 45 PR 8 AR s SRR

Nrp+ N
Acc = LA , (18
Nrp + Nix + Nep + Nen
N
Sen = i 19
Nrp + N
NTN
Spe = , 200
P N~ + Npp
N-
Pre= —2" | QD
Nrp + Nep
truthN It
J(truth, result) = M, 22>
[truth U result|
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F, =0 x LrexSen (23)

Pre+Sen’

34 LWHRHW

AR ST AR L U-Net B 2% Sy JE6ilt (99 2% , FF- 4
Xof 00 ) I A ) ik R T R U-Neet I JE A AR SC T 4
(1% KL RS 38 3 7 S ML A Al A B, T 56 IR S Al
W2 U-Net 1947 200, 9 B H A8 H i i 4 %0 1)
2% FCN F1 Seg-Net™ 7 HR Jic P 1% #0 ) B 1M 45 DRIVE,
Stare, CHASE DB1 £4ls 4 [ i#F 170 L 5250, MAMERf %
Acc, RELJE Sen ., 5 5 14 Spe.. I 14 2 Pre . Jaccard #H
RLRE J 35 PP 4 A 0] 2 0 45 SR AT AL

FCN, Seg-Net, U-Net £ B 75 L ]9 Ji5 1fi 45 79 3 4>
Bs g xS g R or sk 5~7 fras, Nk 5~7 th
A LI I, U-Net #5570 HAT B 47 3R B0, AR e AR
FH A 2 A5 B LR M 13, U-Net HLA 955 1) 43 %1
HEG 2, X AR R A A U R 1, A o)
L 4 s o T LA O o A R BB, X SRR R R
SIBE R A Se 4 10, 56 25 IR o HRS B A
TR, AT B £ Y FAfA

Table 5 Comparison Results on DRIVE Dataset
%5 DRIVE ¥UE&EMLER

ik Acc Sen Spe Pre J Fi

FCN 0.900 1 0.2589 09946 0.8754 0.2497 0.3996
Seg-Net 09440 0.6950 09774 0.8222 0.6193 0.7649

U-Net 09509 0.7031 09871 0.8882 0.6459 0.7849

TE: BT IR RIE.

Table 6 Comparison Results on Stare Dataset

%< 6 Stare HIFEEIFILER

Irik Acc Sen Spe Pre J Fi

FCN 0.9204 02681 09978 09379 02635 04171
Seg-Net  0.9289 03608 09963 09208 03499 05185
U-Net 09526 0.6124 09929 09118 0.5782 0.7327

T RS IR RIE.

Table 7 Comparison Results on CHASE DB1 Dataset
&7 CHASE DB1 #iE&ES LR

WiiS Acc Sen Spe Pre J Fi

FCN 0.9340 04756 09784 0.6809 0.3889  0.5600
Seg-Net 09377 0.5439 09758 0.6856 0.4353 0.6066
U-Net 09517 0.6365 0.9822 0.7667 0.5379 0.6995

T AT IR L.

iR 5 SR B Seg-Net A1 U-Net iX 28 FE F 2 fift 15

S5 B D 25 A 5 A R A3 ) b B AR I SE 4 ),
7 386 0T Bk R 422 45 # Y U-Net 78 b SR AR i 72 o
X R B R AE R EAT 8 GE A PR, S BUIRE FRAE
T SRR 047 2R G (A5 I 25 R 6% £ HRURN {2 B3 B
220 I I A ) 8 4 Y A R, AT v T R 4
R B LT 0L, 36 1 U-Net 18 0 Je Ak o) 2% B — 2 119
AR

R Tk 20 B UE A SCIT 4 R R 3 AL
B A R, YEH U-Net, Attention U-Net, RCA-UNet 1F
3™ MR JR PR IR I it A8 S A A vh 2R AT 0 b, DAHE A R
Acc, RELE Sen ., 5 5 14 Spe.. K& 1 2 Pre . Jaccard AH
RUEE J A5 DF 8 b5 % S2 56 25 AT LU AR, SEER 25 A oy
BN 8~10 Fr7n AL 45 R M A8 3 E s L
RCA-UNet A5 2 B EL AT A1 % 45 4f 19 o g HL AR T &
RCA-UNet 155 8 FLAT %5 /&5 19 2 B0 Sen, X 1 45 25 2
A AR RE T, 7E 3 B 4 AR T U-Net #5
AU T 2.97%, 2.9%, 10.33%, A1 %} F Attention U-
Net BRI TS T 1.35%, 1.23%, 0.54% 1% % [ER R BE
14 If e, B4l b 3B SRR BE Pre sl % 2 5% Sen ) $2 Tt
FFEA R KA, TESE PR3 HUE 55, 2455 BT
FEA AT 25 5 PF A, X 00 RS B Pre 5 R A Sen
() I8 FI S 34 {5 F\ T DL HY RCA-UNet 45 78 EL AT 5 b
AIPERE, 75 0.19%~1.43%, 0.88%~2.03%, 1.24%~4.71%.
55 41, RCAR-UNet FIT 15 14 43 F €] 15 4 #5 Ui 7Y Jaccard
AEARLRE T 55, AH R T A 4SS 7R AH DL BE £ /&1 T 0.26%~
1.96%, 1.129%~2.57% F1 1.57%~5.78%. ik 52 5 2%
T 7 b 3% W ) FH 4 JR) i Tt Ak 4 SRy T 2473 £ A 2t
R AT AL A 28 G (v R A 3 VR ML A R
Sy M H R R AE 25 T RRAE 8 1A 22 18] AR R
i Bl R R 4 A bR oL B, ) 4 ) e b b A
4 Ja V- 4 Ak A i A R R M 2T, JFIR T —
RE B H IS WAL, 15 25 A LAY Attention A $L, If
Xof R A L R AT A N B bR E 4R, (AR AR FORFERY
i AR A5 F T A B AR A S

Table 8 Comparison Results on DRIVE Dataset
%8 DRIVE E&EITLLER

Jik Acc Sen Spe Pre J F

U-Net 09509 0.7031 0.9871 0.8882 0.6459 0.7849
Attention U-Net  0.9527 0.7297 09853 0.8786 0.6629 0.7973
RCA-UNet 09531 0.7328 0.9852 0.8788 0.6655 0.7992
RCAR-UNet

T BRI IR R,

09537 0.7487 09836 0.8696 0.6732 0.8047

R T A U DR R T G T R AL A S Y [
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b, F— 25 50 UE 5% 2% ¥ 4 0 A S, AR SORF RCA-
UNet Fl RCAR-UNet 7F 3 /4 4 b i 47 X% b 32 50,
SEHGEE B4 AN 2% 8~10 PR . SLEG A5 SRR, A ST
PRI RCAR-UNet fE 645 21 T8 4 () R D9 A 1t 457 53 1)
BN 3 AR Rl LR B, 7E 30 IS I A A A
AV FE AR A iR . AFR 8 AT IR B
M F Hi7E DRIVE 454 I, RCAR-UNet #i%} T RCA-
UNet f K1, Acci 55 T 0.06%, Sen$ i 1T 1.59%, #H 1D
JETHERE T 0.77%, FAE & T 0.55%; N3 9 il LI E
ili, RCAR-UNet 7E Acc, Sen, J, Fd&#r b #4 B W Yy
PTE, 2B TE T 0.41%, 5.65%, 4.22%, 3.2%; 3 10
WA LU H, RCAR-UNet 7 CHASE DBI1 %45 4 A
XF F RCA-UNet £5 7 {) $2 F+ AN R AR K, (FZ #0845 Jir 2l

E, AcciRE T 0.1%, SeniiE T 0.33%, Preftim T 2.11%,

Jaccard FHL 2 75 0.26%, FIE P27 T 0.04%. ik
S 45 SR A8 3 U AR Y v S I B 2 3% 42 S BLURR AR
ST A ROME, KRR RRAE 1 3 A% 3 4 e 2 AR A
B BRI #  2, AFE SRR, JF A B T
YI B Y B 6 B2 1) S ) A% 1, W] A 80 A TR I 245 0B Ak

[Fa) .

Table 9 Comparison Results on Stare Dataset

*9 Stare HIFEEIFILER

Jrid Acc Sen Spe Pre J Fi

U-Net 09526 0.6124 09929 09118 0.5782 0.7327
Attention U-Net 09541 0.6291 09927 0.9109 0.5927 0.7442
RCA-UNet 09553 0.6414 09926 0.9119 0.6039 0.7530

RCAR-UNet  0.9594 0.6979 0.9905 09069 0.6461 0.7850

T WK IR L.

Table 10 Comparison Results on CHASE DB1 Dataset
#F 10 CHASE DB1 #iiE&Et &R

Ik Acc Sen Spe Pre J Fi

U-Net 09517 0.6365 09822 0.7667 0.5379 0.6995

Attention U-Net 09530 0.7344 09742 0.7340 0.5800 0.7342

RCA-UNet 09556 0.7398 09765 0.7536 0.5957 0.7466
RCAR-UNet 09566 0.7475 09798 0.7747 0.5983 0.7470
HE: BARRCT R AL E.

B 5, AR SCiR SR ROC il 28 RN PR il 28 4 47 45
RUEY T . ROC 1 2 2 ) i BH A4 25 0 L B 1 3 19 22
7, B AR RN B A PE SR, GAR R R FL IR MR
PR £ 2 %t A 1] 58 FIORE Hff 3 10 25 5 5 1%, R AR A
Fe7R A 1 Recall(F R AFJE Sen—#F ), YA AL FR £ R
K i 2% Pre il 2k 55 A6 A5 2 LRI T AR 3R 7R AUC THIAR,

AUC{EMUR, R IR AT BAE I PR BE . 4 4> I 25 43¢

T AE A A B 45 1Y ROC il £k A1 PR ph 48 % bE S 36
25 AN A 8 A 9ffi .
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Fig. 8 Comparison of ROC curves of different models on
different datasets

K8 RIABARITEA R RS L) ROC xS b

M8 Ha] LI H, A SCHT #4575 RCAR-UNet 7£
3R AE L ROC £ 4UC {24 0.9759,0.980 1,
0.969 5, AH X T 25 #L U-Net B 7, $2755 T 0.73%,0.93%,



958

HENR SR E 2023, 60(4)
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Fig. 9 Comparison of PR curves of different models on
different datasets
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I8 At 5 B B R PERE. PR T2 IR 1Y 2R
iR AN NI S 2o o PO - N 2 g
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i 2k 5 AR AR 2 B AUC T AR B R 4T3 A, 16 9
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LA 5 E) HA BAF R 43 BIRUR, K 2 5 U-Net, Attention
U-Net 54578 (19 73 1) T HEAT L, 25 155280 3 B g AL 5]
T 10 JIF . DAL IR EE ot 5 43 1) 50 2 T T LA U
i, 7R SC T RCAR-UNet 455 78 (14 43 1 285 5L Fn % 52 4y
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5B A A AR
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FEURE A2 00 1 3T RUE 8 ) A R RS 3 ) e, X i
B RS BT, R4 R KA 1
ZeCE MR R B0 LB, R 42 R O 24 i Ak 4
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Fig. 10 Segmentation effect diagram of retinal blood vessels of each model
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