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Classification algorithm of retinopathy based on
attention mechanism and multi feature fusion

Liang Liming’, Dong Xin, Li Renjie, He Anjun

School of Electrical Engineering and Automation, Jiangxi University of Science and Technology, Ganzhou, Jiangxi
341000, China

Abstract: Diabetic Retinopathy (DR) is a prevalent acute stage of diabetes mellitus that causes vision-effecting
abnormalities on the retina. In view of the difficulty in identifying the lesion area in retinal fundus images and the low
grading efficiency, this paper proposes an algorithm based on multi-feature fusion of attention mechanism to
diagnose and grade DR. Firstly, morphological preprocessing such as Gaussian filtering is applied to the input
image to improve the feature contrast of the fundus image. Secondly, the ResNeSt50 residual network is used as
the backbone of the model, and a multi-scale feature enhancement module is introduced to enhance the feature of
the lesion area of the retinopathy image to improve the classification accuracy. Then, the graphic feature fusion
module is used to fuse the enhanced local features of the main output. Finally, a weighted loss function combining
center loss and focal loss is used to further improve the classification effect. In the Indian Diabetic Retinopathy
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(IDRID) dataset, the sensitivity and specificity were 95.65% and 91.17%, respectively, and the quadratic weighted

agreement test coefficient was 90.38%. In the Kaggle competition dataset, the accuracy rate is 84.41%, and the

area under the receiver operating characteristic curve was 90.36%. Simulation experiments show that the proposed

algorithm has certain application value in the grading of diabetic retinopathy.

Keywords: retinopathy grade; multiscale features; attention mechanism; graphic feature fusion
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A1 a5/ IDRID 4% & F 69 R0
Table 1 Performance of ablation experiments in the IDRID dataset
Model QWK/% Acc/% Sel% Sp/%
M1 84.83 71.84 88.48 88.23
M2 85.08 74.75 89.80 94.11
M3 87.70 77.66 92.75 89.80
M4 89.59 76.69 96.10 88.23
AMMF 90.38 78.64 95.65 91.17
Hi#e | M1 AT AMME BESCE a0, ZRE @A E k.

RO | EERHIE AL A BRI A P 2% R gk
REAS A —UOmA —3hE R4k, MERR . REBUE AR
PEX BEFEFR > FNHRTE 5.55% . 6.8% . 7.17%. 2.94%,
Ut I AR S ) 4% A R T AR X i A LA 8 v ) Al
ARBETT; M2 FE AMMF B v ffi B A% 45 119 38 S i
JpREL, TILLE R AMME B S 2.94%,
B A FEFRER AR T AMME RZ8 R 300 T 44
R TITAS A5 2 B BSORT 00 TN B 2 - BORS JE _b 1) A 3k
FH M3 1 AMMF S 565 Eb A 26045 T4 A 2 55 K s
(T, B2 RIS SR BT LI RO 4 AN R 2
UIRHE, DA I 26 IR 32 Y 4t 2 X 2 Al PR R i A5 2,
(BE 15 1 M4 Al AMME 5256 7] LA H R FHAE fil
AREHE S REEEEACT 0.45%, (B HABFEAREA —
SEFEE LIEETE, SEB T RUERHE Al & B AR IS4 2L
HHETE DR PERE. DARSCIRIARRM, ASCHLAEA

4.3 Hfth DR S RE LT L7

KT FE3 U B AR SRR AR B 0 P B A
MPERE, ¢ 2 AL 3 g T AR SCR AR 5 H
fit DR 34088 {E IDRID F1 Eye-PACS $0#4E I
SEH AR

Wz 2 frs, 7 C7E IDRID ol 4 % e 05
SR 43 SR LA b FroH B s 1L I 20 B 1 1
IYREER, H QWK Se I Sp SR T A S
SCHiR [18] SR FHUR I 2 W £ R BUIR RS PG AR AE I
L HLaR 2 2 ik g A A Rt R T DR o gtERE,
P AR SO B HERR S 0.82%, {H Se i Sp $8FR#ERILAR
TASCRL . SR [19] SR AR EE 9 2% 22541 5 RIS
UG TS 7R, ) FH 20T T D00 245 X AELARE 5 0o 245
(TR 235 SR i — 25 e R0, B4 58 T AR AR AE I —

k2 TFEHEA £ IDRID £035 & & 04 R
Table 2 Performance of different models in the IDRID dataset

Methods Backbone QWK/% Acc/% Sel% Sp/%
Bhardwaj et al." ResNet-50 - 79.46 82.85 76.98
Wu et al.l™ ResNet-18 — 56.19 64.21 87.39
Song et al.”” ResNet-50 86.54 76.69 89.85 88.00

Shi et al.”" Efficientnet-b5 87.63 79.06 - -
Ours ResNeSt-50 90.38 78.64 95.65 91.17

£ 3 FRARA L Eye-PACS 35 & F a9 A I
Table 3 Performance of different models in the Eye-PACS dataset

Methods Backbone Accl% AUC/% Sel% Sp/%
Wu et al." ResNet-18 83.10 89.00 53.99 91.22
Song et al.” ResNet-50 82.25 87.08 61.27 90.21

Kamothi et al.”” Modified VGG-16 77.60 - 77.00 -
Thota et al.”” VGGNet 74.00 80.00 80.00 65.00
Saxena et al.”! InceptionResNetV2 76.68 79.51 50.77 91.25
Ours ResNeSt-50 84.41 90.36 77.85 97.05

220199-8



AL, 4. St TR, 2023, 50(1): 220199

https://doi.org/10.12086/0ee.2023.220199

FERREE AU T BB FEAR 5 1E H REA Z R 3 A ANy
i le) 0, AR RO G A SRR —E 2. X
ik [20] $2H T —FPRFAERG SR . AR ARG B RS
AN B PR o i XA TR B, (R gt )
RS TASCR . SR [21) AR —Fh 2 B BT
RS 5 X R AR 2 RSt B e A T A ISR, 3%
i A RS T REAR AR A2, I 2 5 4340
HITERE, TERRRE A SO 0.42%, (HIR AL Rtk
TR EARIRES A SO B . 2R Es T A, AR
R FVATE IDRID B 48 [Ik3] TRESRCR .
i — DT BT RN A SCSE IR A5 AL, 14 8 45 TR B
R LRSS, A SCRTAIRVA M X AR S A By
£, HRZEORIPIFEATRYL 53 ARSBZE R, MAE
SCHR [20] BTRVE R FE PR AR S A B8ORS A SRS

e 3 Frow, I JUATHE DRI I X RS 28 43 R 831
£ Eye-PACS Bl i SA SCRLZE /XTI . FTLUR

Ho o 2 0 o 30
25
1- 3 0 2 0 0
o] 20
&
w5 2- 3 0 5 0 15
2
'_
3-0 0 3 0 10
5
4- 1 0 0 5 7
0

0 1 2 3 4
Predicted label

WAE AR b, SO R LAl A B
AR EE R, KRBT 84.41%, W HPBUR R
Wu 25" BT 1.31%, AUC H1 Sp 45 St f T 1
SR ASSCRVER BT AUC fH TR 90.36%,
XF T A SRR 3 FERR T o HE RUE R
Mk [23]1 1K 2.15%, 1 Acc. AUC 1 Sp HuH 4350 5
10.41% ., 10.36% 11 32.05%. Xt % B A SCHA k& 78
Eye-PACS il £ FRIREA — & iz ke J1 . A3
FITHE BRI Z AR TAERRIENZR T A AL (AUC), i
% 9(a) FT7m o

MIE 9(a) Hha] I, B2EH7E (DR: 0) 1E 0 EXE s
J5, HARAS SRy FERORA L FEAR . Hi 4 DR 4%
F 2R TAERRIE M T i AT DA A
32 AUC 1M 90.36% ., H1IE] 9(b) 24l i 445
T %ol L AR DR L AT LA B 3 i b 2 B AR SR O T
L= RE

1

True label

o
1 1 | |

- ° h M-

N

N

o

o
N W
o O

o
N
w
[oc]

1 2 3 4
Predicted label

B8 RA4M. (a) L#k[20]; (b) AXFik
Fig. 8 Confusion matrix. (a) Ref. [20]; (b) Ours

Test ROC

True positive rate

i — DR:0 AUC=0.907

0.2 A —— DR:1 AUC=0.768
P —— DR:2 AUC=0.911

— DR:3 AUC=0.957
—_ PR:4 AUCTO.975

0 0.2 0.4 0.6 0.8 1.0
False positive rate

120% 1 4 Rt [19] @ Ref. [20] O Ref. [22] @ Ref. [23] @ Ref. [24] @ Ours
100% t
80% f
60%
40% |

20% |

0% Y
Acc AUC Se Sp

B9 sftbA#E. (a) DR & X7 AUCHE; (b) &-4847r%F tbAz R A
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Classification algorithm of retinopathy based on
attention mechanism and multi feature fusion

Liang Liming*, Dong Xin, Li Renjie, He Anjun
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Overview: Diabetic Retinopathy (DR) is a common acute stage of diabetes, which can cause abnormal retinal visual
function; if not detected early and treated, it can lead to blindness. In recent years, the research on the intelligent
diagnosis of DR classification has been a hot topic in the field of medical image processing. With the high-quality
development of deep learning, the technology of intelligent diagnosis using deep neural network algorithms for DR
image processing has been widely used. However, there are still two limitations in the current DR grading intelligent
diagnosis process: (D In DR images, the features of microscopic lesions such as microaneurysms, hard exudates, and
hemorrhages have little difference with the surrounding environment of the retina, and the feature extraction is
insufficient; 2 The distribution of various samples in the public datasets in the medical field is uneven.

In view of the difficulty in identifying the lesion area in retinal fundus images and the low grading efficiency, this
paper proposes an algorithm based on multi-feature fusion of attention mechanism to diagnose and grade DR. The
overall structure of the algorithm is mainly composed of ResNeSt backbone network, multi-scale feature enhancement
module (MSFB), and graph feature fusion module (GFFM), and a combined weighted loss function is introduced to
alleviate the problem of unbalanced sample distribution and indistinguishable differences between classes. Firstly,
feature enhancement is performed on the pathological area of retinopathy image through MSFB, improving
classification accuracy, and optimizing model performance. Then, the graphic feature fusion module is used to perform
information fusion on the local features after the feature enhancement of the backbone output. Finally, a weighted loss
function combining center loss and focal loss is used to further improve the classification effect. Although it shows good
performance on two datasets, this paper also has some shortcomings. For example, the overall number of parameters is
slightly larger, which makes the network more complicated and increases the training and testing time. The average time
per round is 46 seconds on the IDRID dataset and 48 minutes per round on the Eye-PACS dataset.

In IDRID dataset, the sensitivity and specificity were 95.65% and 91.17%, respectively, and the quadratic weighted
agreement test coefficient was 90.38%. In the Kaggle competition dataset, the accuracy rate is 84.41%, and the area
under the receiver operating characteristic curve was 90.36%. The experimental results show that the algorithm in this
paper has certain application value in the field of DR. In view of the shortcomings of the above model, the next key task
is to streamline the network model and further improve the model performance as much as possible.

Liang L M, Dong X, Li R J, et al. Classification algorithm of retinopathy based on attention mechanism and multi feature
fusion[J]. Opto-Electron Eng, 2023, 50(1): 220199; DOI: 10.12086/0ee.2023.220199
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