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Classification of Diabetic Retinopathy with Feature Fusion Network
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Abstract Diabetic retinopathy is a serious and common complication of diabetes. Herein, we propose a new feature
fusion network model to improve the accuracy of the diagnosis for the severity of diabetic retinopathy and provide a basis
for its precise drug treatment. A lightweight network, EfficientNet-BO, was used to extract layer information from fundus
images, and high-level elements were combined with three dilated convolutions with various dilation rates to obtain
multiscale features. The multiscale channel attention module (MS-CAM) was introduced to weigh high- and bottom-level
features, which were then fused to form final feature representations and thereby complete the classification of the diabetic
retinopathy. Experimental results show the classification accuracy of the proposed model is 85. 25%; hence, the network is
appropriate for practical applications. Furthermore, the model can play an auxiliary role for clinical diagnosis and can

effectively prevent further deterioration in diabetic retinopathy.

Key words automatic classification; diabetic retinopathy; feature fusion network; dilated convolution; attention
mechanism
T Fi | TAHC U DR 7 55 15 47 490 595 J2 24 B 5 19
=1

L, A I A — TR B P S AE 55 . X W IR
Az DAHR JEC P4 rb W58 21 R BR v 32 3 0 o I 1 AL
7R, AR A DU Y ) g kS A B R A AR R

W DR 995 1 AR T JBE 78 (DR ) 2% % 0L 9 5 35000 ) 7™
LAY T A 00 L O A R R O 1Y = R O

JEZ—" XFTFE &2 N DR A B M5 DR K
TR SE K, 25 A e S B A SO 36 T, ™ B 2 S 30k
B AR S5 AR HE DR 48 25 45 S mT YEAT8S TG

AT PR A I J5 5 A8 43 A7 R AR R B g 2 0 A
BLHTBRIZ W, BT LLAS B T E AL B 12 W (CAD) 7 1 58
BUXE DR ™ B AR Y H Sy 2

Wim A HE . 2022-08-29; f&E BEA: 2022-08-31; FABHI: 2022-09-23; MEEHXBHE: 2022-09-30

HEWB . WAAME AT REREATTRIEB(SDYIG1943)

EBIE1EE . zhaowh0621@163.com

1417001-1


https://dx.doi.org/10.3788/LOP222415
mailto:E-mail:zhaowh0621@163.com
mailto:E-mail:zhaowh0621@163.com

B B R B 2 o A9 B & R G R S B 4
R 2% (CNN) , B A % DR ™ 8 8 B gE 17 0 26 00 1 1
ZEREN L N, LiAED SR AR RS 22 ) 1 7 5% DR ™
R AT 0 45 28 0 I 2 NN ASE 760 ) HIR e
R PE AT RRAE B2 B, PRI 2k S F5 ) &AL (SVM) 7 S2
32, )78 DRIV MESSIDOR U4 ¢ #F 47 1F 4k
J7 ¥ B U 2R 4 95k 94, 12% F1 92.01% ., Gargeya
SV T — FOB Y O vk ok B h X 4 i B IR AN
DR, B 5538 & CNN ST R 2, % T2 2] ) 1 F# 1iE
AL DL 2 A B S E SR R AT AT AL 28 R Ak
AR RS 1A% rb i X8 DRt i — 25 I R o A, P I 45
Iy RS 2, W R T R OR R
MESSIDOR2" #il E-Ophtha"? 2% 3£ ¥ 5 4 |45 2 56
UE, #h£EF i m AL (AUC) 35 0. 97, Krishnan %5 7% H
R 2E 7k A s DR ™ 5 A& B — %o
F kappa £ BOVEAh A 6] B9 CNN 22 8 , 41 ResNet'™ |
Inception-ResNet-v2'" % f )5 76 DR 54l 4 L 17
Yo UE , 25 5 3 n T 4 R A5 A () kappa fH 3K 0. 76, Li
SV S SCmk [ 12 A ) s AR B T — Rl R
T CNN BB W 5 0 S50 Kl Ak J2 85 48 R 40 BBy
B KA AL JZ |, SR )5 38 I TR o 22 X 4% 3R A5 T A X))
PE I 43 R R AE , 45 A R0 TR 8008 R AE I 2 SVM
Gy AR T IE BRI R IK 86. 17% . Amalia 25" #
CNN A 47 3012 (LSTM) W £ 1 b ¥ 3 2 ) 14
RS IS Sl B LSTM 2k i il iR 5 4, i FH
CNN £l DR %)™ 8 #2 £ , /£ MESSIDOR %% 5 %€ I
PEATSE I, vk B HE R R AE 90% 247 . Yang VR
T — BT 1 X 45 4578 TransEye % IR i A% 0E 47 4
%%, TransEye 45 & T CNN Fl Transformer # %" )
T3, e e — e B 2 A Z TR T A 8K
DX sl R AT HR , ORAU AT LA 55 b 4 B PR 1) DS 2 R AE
i AT LA ST AR R G R AR R OC R B R AR OTA 8l
£ B BT T IEAY LR B] T 84, 1% M MEF R . Sun
AV T — Bl R AR A () Transformer 5 AU
(LAT),LAT i & 2 it it 45 44 [a] i 52 36T DR ™ 5 2
JE A 0 2 R A8 A S TR o HE e g A 2 a2 )
18 R Z 18] (1 SCJR AT LA RIGE B BRI A8 4k i 3
T AR 8 B A AR 6 A% T U R AR X Bk, 7E
MESSIDOR , MESSIDOR?2 #il E-Ophtha 3% = 4~ 3
BOPE AR LRSI 45 S R W LAT (T &5 o ik A B A
Bodapati % )\ 22 4~ WY 25 59 CNN AR R e 312 BURRAE
SR 5 R it Ak T 35 R AT R AE @A T 4 DR ™ H R
BT, B A 7E APTOS 2019 88 4 1 #4773
i, E i 2R 3K 80. 96 % Fl kappa A ik 0. 71, Kassani
SRR T — B 10 40 2 Bk L % ¥ PR Xception
W 26 TR ) 4 B I RRAE 88 ) 3 2 I 25 £ 2 R 2
Xf DR = i fE B F A7 0, AT 8RR B AL Y P fE
£ APTOS 2019 4% £ F 45 20945, E# R
83.09% .

F60EFE 14H1/2023 £ 7 A/ B ERBFEHE

X2 CAD Jr ZHUS T — 5 R, BTl R B X
DR ™ o A5 B2 TR ) 38 52 RS B2 09 75 oK 2 — 20 2 & A))
SR ELHE— 20 BF T LA AR R X DR ™ EE R BE (412 W7 HE
B, PR EG R 28 B TR AR R /INRRAIE 2505 A8 X3
15 J8. 38 20 LR VR )2 2 v (R Bl T AR Xt /)
TE R P2 Bk i v 2 4 2R R o o A8 X 40 799 15 B o
A SCHRE HR — T AR R AR Rl T 2% A5 R IR S PR
1 A h 43 25, R % 64k ) 2% EfficientNet-BO ™ 2 B
AR RO [F) 2 R AE , 25 6 25 I 6 B 1 R R Y
BZ B, 5] A L RO AL (MS-CAM) ™
I3 i K2 R AE B A B, X i (IR R R R AT Rl T
BB 2 R AIE B 7E 2 = 6 DR ™ 8RR FE Y 4 SR
B RN DR AT HEIRIT o

2 WA Tk

2.1 HEE

KB APTOS 2019 $idis 4 J2& B R W F7 SCHR B} =
Bi Ry T AT AR AT N ORI A B2 SRR T
3662 i MR K IR, H K 2 B0 EHR A 38 14 40 J R
V5 W5 PR 98 1 8 04 A0 P R A 1 7 B R B O3 R SR, Oy
7= J5 DR (No DR) . & DR (Mild DR) . ' & DR
(Moderate DR) . # J& DR (Severe DR) Fl 3% {f ] DR
(Proliferative DR) . iy 3IF 32 5 i 2 vp Il 2 45 5 3
S MG B ik 7 vk B B AL A 92 AL RE ) H LB B 82 101
B Bt S BE ML 4r R I Sk 4R L UE 4R R it 4R
APTOS 2019 BHa £ 19 50 A an 22 1 iz, HLAR % 5 28 A
BanE 1S .

F 1 APTOS 2019 ¥ ¥4 (94> i
Table 1 Distribution of APTOS 2019 dataset

Label Number of images
No DR 1805
Mild DR 370
Moderate DR 999
Severe DR 193
Proliferative DR 295
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Fig. 1 Five categories in the APTOS 2019 dataset.
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Fig. 2 Four types of images in the APTOS dataset. (a) Rectangular image, no cropping; (b) rectangular image, lossy vertical

cropping; (c) square image, tight cropping; (d) rectangular image, lossy vertical and horizontal cropping
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Fig. 3 Preprocessed images
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feature extraction module
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Fig. 4 Overall network architecture
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Table 2 Network architecture of EfficientNet-BO (stagel-8)

Stage Operateor rX k Output size Number
of layers
1 Conv 3X 3 256X 256X32 X1
2 MBConvBlockl 3X3 128X128X16 X1
3 MBConvBlock6 3X3 128X128X24 X2
4 MBConvBlock6  5X5  64X64X40 X2
5 MBConvBlock6 3X3  32X32X80 X3
6 MBConvBlock6  5X5 16X16X112 X3
7 MBConvBlock6 5X5  16X16X192 X4
8 MBConvBlock6  3X3 8§X8X 320 X1
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Table 3 Ablation study unit: %

Model Accuracy Recall Precision

EfficientNet-BO 83.92 62.33 78.94
EfficientNet-BO+ Dilated convolution 84.74 64.68 77.08
Proposed model 85.25 68.41 82.20
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Table 4 Result comparison with existing researches unit: %
Model Accuracy Recall Precision

ResNet-50""" 73.778
SE-Net™" 72.873
SE-ResNet-50"" 76.144

Model in Ref. [ 23] 80. 06 80. 00 81.00
Model in Ref. [ 25] 83.09

Proposed model 85.25 68.41 82.20
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