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A diagnostic method incorporating multi-scale feature fusion and hybrid domain attention

mechanism for fundus diseases
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Abstract: In view of numerous subtle features in fundus disease images, small sample sizes, and difficulties in diagnosis, both

deep learning and medical imaging technologies are used to develop a fundus disease diagnosis model that integrates multi-

scale features and hybrid domain attention mechanism. Resnet50 network is taken as the baseline network, and it is modified

in the study. The method uses parallel multi-branch architecture to extract the features of fundus diseases under different

receptive fields for effectively improving the feature extraction ability and computational efficiency, and adopts hybrid

domain attention mechanism to select information that is more critical to the current task for effectively enhancing the

classification performance. The test on ODIR dataset shows that the proposed method has a diagnostic accuracy of 93.2% for

different fundus diseases, which is 5.2% higher than the baseline network, demonstrating a good diagnostic performance.
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Figure 1 Overall structure of fundus disease diagnosis model
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Figure 3 Fundus images before and after CLAHE processing

b:CLAHE 232 /5 19 8RR B 1%

2
Input 1x1 £
Features convolutions | . §_ +P—*{conaienstion
-
| g
1x1 [ %] 1x3 - 3x1 2| 4
convolutions convolutions convolutions g
=]
| g
x1 A 3x3_ Ll Sxa‘ 2| 4
convolutions convolutions convolutions §
-
33 x1 g L4
maxpooling convolutions g
=)

El4 FIAFITE D XEMIN S REFERME

Figure 4 Multi-scale feature fusion using parallel multi-branch architecture
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Figure 6 Examples of fundus disease diagnosis
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AT HE G Ml U 5% R4 T Backbone . BackboneA |
BackboneB } A U7 ik 2 Wit BE , K] 8 45 th 4 By
IRAEDAAE A0 S0 25 IR VE JE B IR VB JE R 40
AR R RS LA, 6 A bR s TN AL, &S A b 2R
16 A X, bR BCT S WA SR AR . X Lk
R BUE K, T X A R AR TP (G2
FIRE R IEZE ) FTN (B 250 Sy 17128 B2 W iE il %
B Z T IE R IZ W RE R AT X A 2 A ) B A D)
RIS 5%, 91 ] 8a KE R TP 275 2 4755 4 S I BUE
0.06, M F /=4 TN B (C) iR 2 W A 75 OEIR (G) Y
P 0 6% DNIET 8d AT LA H , 7 SC 7 ¥ X 1E 4 R
(N FI A B (C) W5 R 9L 9 RS 42 (D) F 5 SR (G)
3 20 TR HRLJEC 5 1) 12 BT Y 5 2 430310 0.95.0.94
0.92 F110.90, #1535 # 90% LA I, A SCJ7 3% T 3 R
B IZ W e e I W UL T I 3 Fh 7 vk .

o )| TR 5l Y N i R e R O Y TR e Y =

14 AT I HETR R KSR (F1 2041 . AUC
Mz TS Re B . R 1ATLLE Y, H AL M
4% Backbone J7 V& #H LU, Bl A& 22 R 4 IE A5 B )
BackboneA 77 1212 Wi i < 5 15 0.8% , 4 JiniE 5 4k
T & I HLHI AR B 1) BackboneB J7 ¥ Vi R 41 5 1%,
Ui I 22 RUBERRAE Fl A5 TR 5 3 = AL g 5 | AT
P2 e MR S B 2 W PR RE A R, AT A — e R B
B o AR B FEAE AR ICRE ) | SR TR Y12 I 43 2R Pk
fEo ARSI T RIS G T 2 RERHE RS AR
BB B IPLE] X2 Wt N 28 A5 R A7 Ak A
HvEne s 200 WA 2T, 5T 3 Fh O o L,
BR RS0 R (F1 %0 AUC Rz 17 ] 5 4~ T
BRI M B AL 5 55 R 2R X 2% Backbone J7 i 4H Fb , HAfERf
R 5.2% NG R P R 5% F1 20 $dE 5 0,052,
AUC $25 0.021 3z 47 I [8] 98 0> 25 min, 3845 T+ 3
Tz W a1



- 1484 - BRIES VR 22y Bl S
Normal 205 00z 0.8 Normal
Cataract 0.6 Cataract
& &
Imy R r
" Diabetes 008 " Diabetes
0.2
Glaucoma 007 Glaucoma
Normal  Cataract Diabetes  Glaucoma Normal  Cataract Diabetes  Glaucoma
TH R4 TR 2
a:Backbone 75 3% b:BackboneA 755%
Normal 0.8 Normal 0.8
Cataract 0.6 Cataract 0.6
&( 0.4 {Eﬁ(
1 . i 0.4
" Diabetes " Diabetes
0.2 0.2
Glaucoma Glaucoma
Normal  Cataract Diabetes  Glaucoma Normal  Cataract Diabetes  Glaucoma
Bl B4
c:BackboneB 5% d: XXXk
8 SUREE RIR B
Figure 8 Confusion matrixes of diagnosis results
=1 REIFHERIMEREHE
Table 1 Performance of different methods
Ttk HER/%  KERE/%  F14MEC AUC @47 [Al/min
Backbone J77% 88.0 88.4 0.880 0.966 195
BackboneA J7 = 88.8 88.9 0.889 0.969 210
BackboneB i 89.0 89.1 0.891 0.973 225
AR5 93.2 93.4 0.932 0.987 170
4 45 iF PRERAE AT DASCEREAS B BT &, A B T4 A A 1Y

AR SRR MR JEE P PRI AR 4 R a5 4R L 22 o St
Jith, 4 ) — iR 22 RUBE R AR A ST S T PL
ARTHIR JEE S 12 Wt I 45 A58 75 9%, I ODIR HRJEE W
Bt b 58 T A IEH IR 3 285 WLIR IS Y 12
Wror2k . SCEGEs R (1) 7ERIBLYIZRHT , XF ODIR
WO S AT XU T U L PR R0 56 AN R g ) 45 Ak

LW TERE 5 (2) 78 BE L M 28 P il 5 22 ROBE R R B
A BT AR R 22 JUBE AR A 2 TR VR A 4
HURE J7 5 (3) 34 IR 5 Sk oy L e B, A B T A8
TSN B Z2 A7 JCBR Y A T A5 L, A A T R O
T B BRI . AR SCITIE R 455 1 22 RO Rk il
A MR A ST T TT B, X2 W 19 28 455 T 47 ek
HEANE AL, AL RERF B W] R A S Th, (HAR SO A HR



12 ,

- 1485 -

JER SRR L Wi T AT IRAFAE — RE R R AL, Oy 1 3k
A2 WP BE , 7 2R MR W 2 T Y
LV HR T P BRI | [ e A 75 208 AR ST VA i
2D AT R

(5% 30iik)

[1] CuiY, Zhang M, Zhang L, et al. Prevalence and risk factors for diabetic
retinopathy in a cross-sectional population-based study from rural
southern China: Dongguan eye study [J]. BMJ Open, 2019, 9(9):
€023586.

[2] Du YF, Liu HR, Zhang Y, et al. Prevalence of cataract and cataract
surgery in urban and rural chinese populations over 50 years old: a
systematic review and meta-analysis[ J . Int J Ophthalmol, 2022, 15
(1): 141.

[3] Jalil NA, Hwang HJ, Dawi NM. Machines learning trends, perspectives
and prospects in education sector [ CJ//Proceedings of the 3rd
International Conference on Education and Multimedia Technology.
2019:201-205.

[4] Muchuchuti S, Viriri S. Retinal disease detection using deep learning
techniques: a comprehensive review[J]. J Imaging, 2023, 9(4): 84.

(5] ZF, K&, X an. S840 2 W% REE A E SIS
Fag 1] B EZHERFE R E, 2022,39(12): 1485-1489.
Wang X, Zhu EZ, Ai ZS. Principle of convolutional neural network
and its applications in medical imaging diagnosis[J ]. Chinese Journal
of Medical Physics, 2022, 39(12): 1485-1489.

[6] Gulshan V, Peng L, Coram M, et al. Development and validation of a
deep learning algorithm for detection of diabetic retinopathy in retinal
fundus photographs[ J]. JAMA, 2016, 316(22): 2402-2410.

[7] Karri SP, Chakraborty D, Chatterjee J. Transfer learning based
classification of optical coherence tomography images with diabetic
macular edema and dry age-related macular degeneration[J]. Biomed
Opt Express, 2017, 8(2): 579-592.

[8] Muhammad H, Fuchs TJ, De Cuir N, et al. Hybrid deep learning on
single wide-field optical coherence tomography scans accurately
classifies glaucoma suspects[ J]. J Glaucoma, 2017, 26(12): 1086.

[9] Grassmann F, Mengelkamp J, Brandl C, et al. A deep learning
algorithm for prediction of age-related eye disease study severity
scale for age-related macular degeneration from color fundus
photography[J . Ophthalmology, 2018, 125(9): 1410-1420.

[10] Zhang W, Li D, Wei Q, et al. The validation of deep learning-based
grading model for diabetic retinopathy[J]. Front Med (Lausanne),
2022, 9: 1-8.

[11] Hodson H. DeepMind and Google: the battle to control artificial
intelligence[ J]. Economist, 2019: 0013-0613.

[12] De Fauw J, Ledsam JR, Romera-Paredes B, et al. Clinically applicable
deep learning for diagnosis and referral in retinal disease[ J]. Nat Med,
2018, 24(9): 1342-1350.

[13] Chelaramani S, Gupta M, Agarwal V, et al. Multi-task knowledge
distillation for eye disease prediction[ C ]//Proceedings of the IEEE/
CVF Winter Conference on Applications of Computer Vision. 2021:
3983-3993.

[14] Jidan OJ, Susmoy P, Roy A, et al. A comprehensive study of DCNN
algorithms-based transfer learning for human eye cataract detection
[J]. Int J Adv Comput Sci Appl, 2023, 14(6).

[15] Sahu S, Singh AK, Ghrera SP, et al. An approach for de-noising and
contrast enhancement of retinal fundus image using CLAHE([J]. Opt
Laser Technol, 2019, 110: 87-98.

[16] Chlap P, Min H, Vandenberg N, et al. A review of medical image data
augmentation techniques for deep learning applications[J]. J Med
Imaging Radiat Oncol, 2021, 65(5): 545-563.

[17] Das V, Dandapat S, Bora PK. Multi-scale deep feature fusion for
automated classification of macular pathologies from OCT images|[J].
Biomed Signal Process Control, 2019, 54: 101605.

[ 18] Fiebelkorn IC, Kastner S. A rhythmic theory of attention[J]. Trends
Cogn Sci, 2019, 23(2): 87-101.

[19] Bastidas AA, Tang H. Channel attention networks[ C ]//Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition Workshops. 2019: 881-888.

[20] Zhao H, Zhang Y, Liu S, et al. Psanet: point-wise spatial attention
network for scene parsing [C]/Proceedings of the European
Conference on Computer Vision (ECCV). 2018: 267-283.

[21] Gu Z, Li Y, Wang Z, et al. Classification of diabetic retinopathy
severity in fundus images using the vision transformer and residual
attention[ J ]. Comput Intell Neurosci, 2023: 1-12.

[22] Ruby U, Yendapalli V. Binary cross entropy with deep learning
technique for image classification[ J]. Int J Adv Trends Comput Sci
Eng, 2020, 9(10): 5393-5397.

[23] Desai C. Comparative analysis of optimizers in deep neural networks
[J]. Int J Innov Sci Res Technol, 2020, 5(10): 959-962.

[24] Corneanu C, Madadi M, Escalera S, et al. Explainable early stopping
for action unit recognition[ C ]/International Conference on Automatic
Face and Gesture Recognition. 2020: 693-699.

[25] Wardhani NW, Rochayani MY, Iriany A, et al. Cross-validation metrics
for evaluating classification performance on imbalanced data [cly
2019 International Conference on Computer, Control, Informatics and
Its Applications. 2019: 14-18.

(%% . TAmE)



