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Retinal lesions graded algorithm that integrates
coordinate perception and hybrid extraction

Liang Liming, Jin Jiaxin®, Feng Yao, Lu Baohe

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

Abstract: Aiming at the problems of unbalanced sample distribution and difficulty identification of the lesion area in
diabetic retinopathy, we propose a retinal lesions grading algorithm that integrates coordinate perception and hybrid
extraction. This algorithm first processes the retinal input image and the Gaussian filtering to enhance the
difference between the image lesions and the background of the noise, and then the hybrid dual models composed
of the backbone network of Res2Net-50 and Densenet-121 will be enhanced. The image is extracted layer by layer
to achieve the full capture of the multi-scale feature texture, then the multi-layer coordinate perception module and
the attention characteristics fusion module are integrated at the mixed dual model connection to achieve the
purpose of eliminating the characteristics of the lesions and the realization of different lesions. The weight of
semantics is reshaped, finally uses the combined loss function to relieve the uneven distribution of samples to
further supervise the training and test of the model. This article is experimented on the IDRID and Aptos 2019 data
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sets, with the secondary weighted coefficients of 88.76% and 90.29%, respectively. Accuracy rates were 81.55%
and 84.429%, which provides a new window for the diagnosis of retinopathy grades and intelligent auxiliary

diagnosis.

Keywords: retinopathy grading; image preprocessing; hybrid dual model; multi-layer coordinate perception;

feature fusion
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Fig. 1 The overall framework of the algorithm

€D: Channel-wise concatenation

—(@l' Stage3 guOaud Stage4
2x512x56%x56 Conv 1x1

X, 2x1024%28%28
L/

VAR

o—

ﬁ%*'%!’@‘ Stage3 gté¥

(©): Element-wise addition

2x2048x14x14
Stage4 —EB—

: Concatenation

B2 RAERAEA
Fig. 2 The hybrid dual model
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Fig. 3 The multi -layer coordinate perception module
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Fig. 4 Different DR hierarchical images pre -processing comparison. (a) Primitive images; (b) Pre-processing images
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Fig. 5 The training loss curves of the proposed algorithm on (a) the IDRID dataset and (b) the APTOS 2019 dataset
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Fig. 6 Network feature hot pictures. (a) Initial images; (b) Thermal images
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58 DR 2320350 s M3 Hl M6 X He 45 a1, JRA
RUAH AL T B4 Res2Net-50 A BI7E MER R | 5PN
TRIMAL kappa REL A BRI, 73010 1.94% .
5.88% F12.63%; M4 5 M6 XA AI, XF Lk Densenet-
121 BAILE WA R R B A BRI, 4330
0.97% F17.25%, A ST FH A4 TR A SURE B 25 1) g
% A A TR (18— SO R A DX R 5 MS R
M6 BB AT T, B SEERhRERA — e R
HOIE, FRUILG 8% RS B2 T 190 RS 722 43¢
HIPERE

TH RO L SIS TRVEHEFE Q] 7 s, AL 7 e
BERENS K I M6 RVEHFE , B 2 fmfext sk - H
BEAK . MR AR ARSI B A3 A tEXT
LRI, A AR ST S A A Xof 08 PO s A [X s
WA BEVEH, GENSHGIE DR /r9HET] .

%1 /£ IDRID %35 & 4934 akss R
Table 1 The ablation results of the IDRID dataset

Model Accl% QWK/% Sel% Spl%
M1 78.64 88.30 94.20 94.11
M2 78.64 87.13 91.30 94.11
M3 79.61 86.13 94.20 91.17
M4 80.58 88.54 86.95 97.05
M5 79.61 88.44 91.30 97.05
M6 81.55 88.76 94.20 97.05

3.5 SHfth DR S RE XHIXTEL

IDRID FI APTOS 2019 %4 85 76 A [ 5% h 52 55
XSS R 7 2 FiFe 3. %2 FH QWK Acc. Se
A Sp ME NP HE bR, 520 HLiZSE 56 9 2 24 /i DR
IR (NSCHR [7]) R Z BB #8542 7
2, REBCRFEEE P REIORE B, RIS S s
YRR, AR SCE B ISR . SR [19] 45
IFTL DR T (CNN+SVM), Jexf 5 g1 11y
FOHBRBA, A CNN AR B EMR R AE -8 1t
SVM AT HLER 22 2 2, BRAREEG T A RS,
ABRWIEE, (HIR LT AR Y. SCHik [20] F9 4
— PR AL 20 P LS RSN D, ML 4 R T
OYRAERT, AN W SEAFANor 252, e LI 543
R, SARSCHEAAE AN R ZA4b . SCEk [21] &R
H ResNet-50 =T W44, HKEAH A AFELE |
FEAE B A A AR ERORI A FE 43 2S5 R AR i 2 R 8K
ﬂ@&%&ﬁﬂ,%%ﬁéiﬁﬁt%ﬁﬁ$7¥
iy, & DR P RACR, Se FIASC—FE, HHAD
BRI TAS SC L . 48 2 il STk [22] ATk [23]
JE KT IDRIDECHE S B, SCHk [22] & 4006 5 43
25, LA ResNet-50 i T I Z& I AFFAERE S8 . J0 A5
Yoz Bl GBI R, AR T2 0 40 fom A8 HE
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Fig. 7 The confused matrix
%2 AR Ak IDRID 38 £ 694 R &I
Table 2 The results of different algorithms in IDRID data sets
Methods Model QWK/% Accl/% Sel% Sp/%
Shi et al.” Efficientnet-b5 87.63 79.06 — —
Bhardwaj et al."! ResNet-50 — 79.46 82.85 76.98
Wu et al.”” ResNet-18 — 56.19 64.21 87.39
Liang et al.”" ResNet-50+FCFM 88.70 80.58 94.20 94.10
Song et al.”? ResNet-50+FDM 89.11 80.58 92.75 94.10
Liu et al.”? ResNet-50 84.42 75.78 92.75 91.17
Ours Res2Net-50+ Densenet-121 88.76 81.55 94.20 97.05
¥: ReMISel[ S AN —5, fesHlH &,
A3 TRRAER £ APTOS 2019 #4869 2 R RN
Table 3 The results of different models in the APTOS 2019 data sets
Methods Model QWK/% Acc/% Re/% AUC/%
Shaik et al.” LA-NSVM 75.64 84.31 66.16 —
Bodapati et al.”! Xception+VGG16 — 82.54 83.00 79.00
Bodapati et al.*” VGG16-fc2+Xception 70.90 80.96 — —
Kobat et al.”” DenseNet201 78.37 85.93 69.72 —
Song et al.”4 ResNet-50+FDM 86.34 84.28 85.32 92.78
Liu et al.”” ResNet-50 86.08 81.96 86.43 92.46
Ours Res2Net-50+ Densenet-121 90.29 84.42 87.40 93.60

1E: RefiSeitfAs—2, A
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Retinal lesions graded algorithm that integrates
coordinate perception and hybrid extraction

Liang Liming, Jin ]iaxin*, Feng Yao, Lu Baohe
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F,: 2x1024%28x28 MCSM: Multi-layer coordinate sensing module AFFM: attentional feature fusion module
F;: 2x2048x14x14  F,. (i=1,2,3): MCSM feature output FL: Focal loss CE: Cross entropy loss

Densenet-121

Overview: Diabetic Retinopathy (DR) is a kind of eye disease caused by diabetes. Patients have been in a high blood
sugar environment for a long time. It is very easy to damage the retina. If the disease fails to find the disease in time, it is
easy to cause blindness. In recent years, with the development of deep learning technology, it has been widely used in
DR intelligent grading diagnosis, but there are still deficiencies: there are small lesions such as micromiel tumors, yellow
and white hard exudation or a small number of bleeding spots around the retinal images. The differences between the
comparison with normal areas are not obvious. The difference between each child class is difficult to distinguish the
difficulty of identification. At the same time, due to the impact of the diabetic disease stage and cure, the number of
patients in different stages of different lesions is inconsistent. The sample distribution is unbalanced. In order to solve
the above problems, this article proposes a hometown lesion classification algorithm that integrates coordinate
perception and mixed extraction. This algorithm first conducts pre-processing operations such as IDRID and APTOS
2019 dataset images, Gaussian filtering and other pre-processing to enhance the differences between image lesions and
noise background, then a hybrid dual model composed of the backbone network composed of Res2Net-50 and Densenet-
121 backbone network extracts the enhanced images layer by layer, realizes the full capture of multi-scale feature texture,
and enhances the robustness and generalization of the algorithm, then integrates the multi-layer coordinate perception
module and attention characteristics fusion at the connection between the hybrid dual model connection. The module
achieves the purpose of eliminating the characteristics of the lesion, realizing the weight of the semantics of different
lesions, ensuring that the small lesion area can also obtain sufficient weight, finally using the focus loss function and
cross-entropy. The combination loss function composed of the loss function relieves uneven distribution of sample
distribution, weakens the accuracy of the hierarchy of the retinal lesions due to the sample, and further monitors the
training and test of the model, thereby improving the accuracy of DR grading.

Experiments on IDRID and APTOS 2019 data sets, the accuracy, secondary weighted coefficients, sensitivity and
specificity in IDRID are 81.55%, 88.76%, 94.20%, and 97.05%; The area of the second weighted coefficient, sensitivity
and ROC curve was 84.42%, 90.29%, 87.40%, and 93.60%, respectively. The experimental results show that the
comparison of the algorithm in this article still has a certain degree of superiority compared with the current
mainstream algorithm, which provides a new window for the diagnosis of the hierarchical meta-cooked intelligent
auxiliary diagnosis.

Liang L M, Jin J X, Feng Y, et al. Retinal lesions graded algorithm that integrates coordinate perception and hybrid
extraction[J]. Opto-Electron Eng, 2024, 51(1): 230276; DOI: 10.12086/0ee.2024.230276
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