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Abstract; Diabetic Retinopathy (DR) is a chronic disease that can lead to severe vision loss and even blindness. The automatic
segmentation algorithm of fundus hard exudates can provide doctors with accurate information on the location and size of hard
exudates, which is of great significance for assisting doctors in diagnosis and treatment. To this end, this paper proposes a new
fundus retinopathy hard exudate segmentation model MDES —Net, in which a multi —scale fusion attention module ( MFT) is
designed to capture multi—scale features, and a new multi—scale dual-branch encoder based on MFT is constructed to effectively
expand the receptive field and reduce information loss. The proposed Enhanced Skip connection (ES) module is used to filter and
retain channel and spatial information to capture more subtle features. The model achieves a recall rate of 81. 00%, an accuracy rate
of 78.51%, a Dyss similarity coefficient of 79. 66% and an intersection—over—union ratio of 66.29% on the IDRiD dataset, and
52.85%, 63.20%, 56.15% and 39.96% on E-Ophtha. Compared with several current advanced models, the performance of this
model has been improved in various indicators, providing a new and better method for the segmentation of fundus hard exudates.

Key words: hard exudate segmentation; deep learning; fundus retinopathy; multi—scale feature; skip connection

EE&TH: EXHRRHERST IS (62402180) ; WIHE 4 T EZRHIFTRIIN H (201901 ) ; 2023 4EH1HE 4t EE 2 RHIFI H (A2023048) 5 ¥
BB B THI 34 (23A0273) 5 WIFGH A AR F RS HAERE 4 (2024116338 5 KT HARFF 34 (kq2402173) 5 2023 HIRE
P 2 K 25T AR QB AL (2023CX136)

EEEN: 2 15 (2000—) , 3 WA, BT . BE2E RGN RIS,

BIEEE ABALBI(1961—) B it B, FTHF5EI7 I BB G Ab 3, ZBHASEA , CAD HAR BAR{F LA A . Email :bjzou@ csu. edu. cn,,

WrRE B E: 2024-12-20 IV ENRE I S AT 52 A




55

e, AF T 20 RUBE XU th & AN SR R BR 1 4 A R8st ) o B0k 29

0 51 §

BRI A A St 5L o el (A8 P =2 —
SRRMEIRI BB R 542 L BE IR R
J7E (DR ) S PRI f 5 DL A0 — Fh Rt A 0 R, J2:
PN PRI 850174 AR Do) R FRA0  A5°92 ls F1 BEL 2E DA 1T 5 1
A — RN IR AR , A AR 32 24 v 70 o
LA 1 R, AL BE S (HM) | 6 8 ko
(MA) P35 Y (EX) AT B 9 (SE) %90
$E2 ) TR DR 0T SHURE W, KL DR
BWAIEST HA RIS S X, B Y
(EX) 221 DR ()—Fp B2kt EX BIFRIE R
SHCRER SRS A S i T P AR B I A
KL O 4 1165 FEL 35 R U RRAE AL IR S P, DT 28 Bl —
Pl (o € ORI s BEHLR A9 AE S e RS
UG KA SEILAY EX Rl g k& DR WA 2507
%=

1 BRERHL M BE B 5 B e kb

Fig.1 Various lesions in fundus retinal images
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Fig. 2 Schematic diagram of the overall model structure
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Fig. 4 Dual-branch encoder

2.4 g BkERE AR

B ER 14 HEAE I SR Bl i) 5% 22 2% 2] A] LU SRR
HoEA TS H AL, R4 i DI [ Y e 1 A
fi 2B BE, Ry T B A b Rl A T SRR — B0
FRAE, AR SCHR Y T — 0BT (9 Bk BR 3% #2455 8k ( Enhance
Skip Connections Module ,ES) ., ES #Heun& 5 iR,
5jit g i fa] PRk R G4 22 AN ) i 2 H ) ES BiHeRE
XPRFIEAS R EATHE— 2D 0R IS HGE R TR AL
Tl e G i 2 R 1 308 0 R 2 R) R O SRR
WURETH BRI 8RR AE AR A5 5 1 8 S, AR RRIE 2
) % Fe A A NI AR B BT 21 1 RS R

Channel Spatial
Attention Ap}[tennon
Module odule

E5 ES#EHRE
Fig. 5 ES module diagram

HAARAE A SO T FE B X R AT 1 38 18 A
23 [ {5 EAE B, TTAN (AL A5 B A T B A R IR 42
£ CBAM ™ R I WL A4 IR, A i T
PRSI 7 2 (8] 01308 10 24 12 9 T 7 0 B BCRE ), AT
Z 7 LI E Y T B R B X AR R Ak
ARG — P U | LS HY A R A I )
KA BB, Fe)e, 5 i U8 e AR R 7w 9
FAEEA TR, DIRAS A A RFIE SRR

3 LWHW

3.1 #HEE

AHFFEAE 2 AR FFEESE (B IDRiD
1l E-Ophtha ") _EET IS5

(1) B B2 BE PR 95 R0 I RS A8 P 15 %k 4l 4
(IDRiD) , HF 2018 4F [H fr A=y = 22 AR WF T 2
(ISBL) F= I A R0 19X P4 P 5 % v 4 43 50 R 3 AT
55 o ERAR B 81 SRIEMR L, Bk R 1) 73 PR
4 288x2 848, # Ik EX HE MA SE A9 Zhn

(2)E-Ophtha 44, J&—A>2FF 7] 4L
4 H 2 ¥4k : E-Ophtha_EX F1 E_Ophtha_
MA, HAKKE, E_Ophtha_EX A 82 5K 41 ¥ Ji [&]
&, Hoh 47 SRR S REMES A, 35 Sk IEME R IE
WM, W% s 4 WA Ko G AT 4



32 oo ®m M5 M OH

ERRES

DR AR A SC S 36, SR FH 4T 28 S E SR DA BT A
RV RE
3.2 HmKREH

TEARWFFE D R 5, /DRI,
SRR WIS K T FUR R G, XA
SRR X TR AN B EX(REB 1) 4
HESS A SR T Dice 3K BRECR AL B, Dice i1
R R FAE T I AR T X 1 5 A Sk AT
T , 17230 38 DI A AR 1) 38 B 0 O B R 2 v A
RUPERE X (75 B 7 I FE A5 /D A% O T A B 3R
PRI 1) 4 B OR  Dice 35145 BRI KA H AR 2
T

2TP . 2<p,p>
2TP + FN + FP Ipll3 +pl3

Horb, TP FR HBIVE(E; FN ZoR A PE(E
FP RN BRBAYEAE; p BB HIMAE, p e

10,1175 p FRIIAE, p e [0,1], ARBF,
TP Rs B 53 R B RE S R 2R FP 3R 5 iR
SRR YRR E AR R FN R R
FKABEFBRMEZILYIEE,
3.3 FMMERR

AR LI I T LIRS ko3 BT 55
g UL PP AL HE A . BOW AL R L (Dice) A 7]
X (Recall) WGP (Precision) FAZFHH (IoU) , BAK
N

Loss = 1 —

2TP

Dice= - (5)
2TP + FP + FN
TP
Recall = (6)
TP + FN
. TP
Precision = (7)
TP + FP
TP
IoU=— (8)
TP + FP + FN

Hop, TP Fom IEW 22000 MM 3R FP &
TR IR T 2R RS ISR R T AR FN F0R
YRR IS FG BRI MR R, B4 it
BAEBHME(TP) AR FEAYE(FP) FUBRBHTE (FN) A%
g8
3.4 HIETALIEFALGSE

Sk T AE R BRG] s 7 (A B3I 2, AR
SO IDRID F1 E_Ophtha £ 42 o 9 BIG S H X R
F B SRR AT T RS JREE | 3 R 1T 9 K o8 ER s
HG— IR 768 x 512 12 5 (Fex ), 164

IDRiD FHa 40T, Zay i T 2 R 1 B AH 4T =18
2, DA B AT A ) 8, Ik Ah, S 1 3 s
LR ZAEYE R T AL FG BT | iEFE 90° K
V- B RN LR AR 9 I 2 R R SR R | X s
J7 A Bl T B e A5 AU AN [R5 0 %385 Nz i T, AT
HATRABIRY 19z Atk
3.5 XWigEE

T 52 95 2 2 T Pytorch HEZR Hiz 47 7E A
Ubuntu 18. 04 #2/E &% 19 NVIDIA RTX 3090TI .
K Eo gk, it s KN (bateh size) R 4, %1175
>3y 0. 001, F REARREH 10 000, IR H T
Adam PEALF L, BEAL, BN Sk B b fiff FH e vk
T R R Bl A A 2 ST R A RN
3.6 XWERSHH
3.6.1 JHRLSEE:

H T RN AL MDES—Net #5075 i 24 451 H 14 45 %5
P 5 T, A SCHE IDRID 1 E_Ophtha 353546 |k
T T IHRh S 4550 2, Hodh et Fe bs LU HLIE
KFTR, ARFFEXTEL T 4 PSR B A A 4353
J&:U-Net' ™ EfficientNet ZH i (1 4 % 2% (U—Net®) |
4337 2 1 2% (U = Net® + MFT) . U —Net" + MFT +ES
(MDES-Net) , 7E 2 M4 I, X 4 P RVER 1T
T,

& 2 MDES-Net Hi¥4HERIE R
Table 2 Detailed ablation results of the MDES—Net

Datasets Methods Recall Pre Dice loU
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UNet®+MFT+ES 81.00 78.51 79.66  66.29
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UNet® 55.17 56.92 55.98 39.75
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UNet® +MFT+ES 52.85 63.20 56.15 39.96
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Table 3 Results comparison with the baseline model

Datasets Methods Recall Pre Dice loU
IDRiD UNet 77.06 70.98 73.54  58.32
UNet++ 76.59 74.42  75.46  60.61
UNet3+ 68.91  78.45 73.58 58.28
HED 76.20 61.31 67.31 51.42
DeepLap—v3+ 70.89  56.31 62.42  45.66
Attention—UNet ~ 73.79  75.89  74.77 59.74
MDES—-Net 81.00 78.51 79.66 66.29
E-Ophtha UNet 53.19 52.56 52.50 36.39

UNet++ 47.50 43.07 42.83 27.73
DeepLap—v3+ 43.71 50.26  46.05 31.20
Attention—UNet 48.33 55.08 50. 88 35.19

MDES—Net 52.85 63.20 56.15 39.96
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Fig. 6 Tiny lesion segmentation results of different methods on IDRiD
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Fig. 7 Segmentation results of different methods on the IDRiD and E—Ophtha dataset
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Table 4 Results of different methods on IDRiD dataset

Methods Pre Dice IoU
LWENet 78.26 78.15 -
MCA-UNet - 65.91 -
Exu—Eye 83.54 79.33 -
SS-MAF - 72.55 56.93
BCDU-Net 82.01 76.81 -
LightEyes 79.40 79.37 -
RMCA U-Net 82.01 79.65 66. 18
MDES-Net 78.51 79. 66 66.29

TE E _ Ophtha %45 % I, ¥ MDES - Net 5
LWENet , LightEyes, SS — MAF W £&% 3 17 % Ho,
E_Ophtha b AR 77 ¥ A9 45 5 0L 55 5, Arde iy
MDES—Net £& Dice Precision 1 loU PPN T8 45 _EHES
HB A EE— TE Recall N5 L HEZSE =,

ZEA 2 MR SR EE R v LA HH MDES-
Net [ 53#145 5 BN H230E BLSE AR 45, A1 Lk T A s
I 2 T 4F (0 3 B PR fE ., X 2E X A5 SRR SE T
MDES—Net 7EREPEZ H ) 531 5Tl iy S a7k

% 5 E_Ophtha FREFENER
Table 5 Results of different methods on E_Ophtha dataset

Methods Recall Pre Dice IoU

LWENet 51.47 48.12 49. 60 -
LightEyes 54.24 54.09 54.17 -
SS-MAF 57.80 - 52.96 36.03
MDES-Net 52.85 63. 20 56.15 39.96
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Table 6 Robustness experimental results between IDRiID and E_Ophtha datasets

Training set Methods Test set Recall Pre Dice IoU
IDRiD UNet IDRID 77.06 70.98 73.54 58.32
E-Ophtha 80.78 51.32 62.92 45.90
Attention—UNet IDRID 73.79 75.89 74.77 59.74
E-Ophtha 77.29 64.08 70.07 53.92
MDES~-Net IDRID 81.00 78.51 79. 66 66. 29
E-Ophtha 73. 60 76.42 74.98 59.98
E-Ophtha UNet IDRID 72.86 32.43 42.92 27.75
E-Ophtha 74.99 66. 44 70. 46 54.39
Attention—UNet IDRID 61.15 69. 80 63. 64 47.07
E-Ophtha 76.45 68.29 72. 14 56.42
MDES~-Net IDRID 64. 46 71.29 67.20 50. 82
E-Ophtha 71.78 78. 46 74.97 59.96
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