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Abstract

Retinal diseases are one of the most important problems threatening human visual health, and their
early diagnosis and intervention are of great significance in preventing visual impairment. Optical
coherence tomography, as a non-invasive imaging technique, plays a key role in the diagnosis of
retinal diseases. In this paper, a deep learning model based on improved DenseNet is proposed for
the automatic classification of multi-class retinal OCT images. Experiments on the OCT-C8 dataset
show that the improved model performs well in the classification task of eight retinal diseases with
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an average accuracy of 99.41%. Compared with other existing methods, the proposed model shows
better classification performance.
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LI S A S 98 6 RRCA) 224 11 a4 BR AV R 1) 2 82 v, AN S 5 BRI R 3 T A 05 R R R TR
71, B E AL S 5[] ERZ BB, B PRI PR X R0 A2 (DR) A8 A S 1 3 B AR
PE(AMD) A H WL A FL 7N, DR EFAR 5] B 450 3 Lol ik 32%, UIRIA F] 60% [2]. 1 AMD
YE)9 50 % LA E ARSI B EER 2 —, Hiit5) 2040 FE4 5k ANBCK A F) 2.88 12, 35 H E X it BEM
BRI A (NHANES) I #r B, #8id 70%f DR &4 Al AMD B 3R T E Gt & B B3],

Y6240 T 2 9 3 (Optical Coherence Tomography, OCT) &4k 2 N F T IR BHTUIE 1) 3-8 A1k
BER, BRSSP JIE 285 44) 1) v 20 R R W T PR, R 5 J2 1) S S AR JREBE o IX e S0t T Rt
TR IR B KA LA O E LAV 22 R R ) L TR [4]

OCT AR ML BB ia 2 Wi R it 1 K &1 i i s 2 80, Rkt b, BRI Z st 7 A R
FHGR R T R B e AR, DA E OCT BUE M M et . Wang %5 A2t 3 I B A R AiE 5 1 D) e
) CliqueNet W28 4544, 76 AT OCT Fdia 4 1 SBl 1 AFEES A S ME T BEARPE W JR S 1k 35 B /K b R IE
FEARM =0 2AT 55, BRI T 98% LA ERIHERZE, (AR IRT =Fh 28510 52151 [5] . Subramanian 55
N VGG16 M4 45 R SEIL T OCT KIE I 8 MM S50 73 H4T 5%, 7E OCT-C8 Hdli 4k HUIF T 97%
MR R, (AR SRR HAIGRI K [6] . AHIF R TIRE S I BR, MR T — ARt 8 A
1 OCT MG/ 2R 4%, il Xt 24,000 5K OCT EUE ISR ANIGIE, SLHL 1 Xt 25 S0 9 B9 11

A LA
2. WESKWHZE
2.1. BiEsE

FEAWFEH, A 7okH Subramanian &8 NEE IR A/E Kaggle 1 & HI A E#E4 “Retinal OCT
Image Classification-C8” [6]. 1Z&#hi £ 10 2 J\ M AN [RI S R PR M JIEOIR 8, 4 B A 5GP 3 B 32 1% (Age-related
Macular Degeneration, AMD). fik % I8 2 1fiL % (Choroidal Neovascularization, CNV). 5t 2 35 14 400 ) i
J#i7% (Central Serous Retinopathy, CSR). % JR Jii 14 15 B 7K Jift (Diabetic Macular Edema, DME). % SR Jii 4L I 5
J#% 7% (Diabetic Retinopathy, DR). I%3#/E Yt (Drusen). 5 5t % fL.(Macular Hole, MH) LA &% 1E 7 IR J&S (Normal) .
F 1 R REAR BEORIET OCT-C8 Zudii4E, 435 A\ 8 Fh A I LR 15 1 I 58 BEATLIE Y, A3 A 28 51 Y
5k, RAMEGTIRN. XEFEATEMWHARIL 7 A FAL R BORBUAE OCT BUR H IRHIE, MRS it 1
HUMZSE,

FHARE RS T 24 kI, 4 AMD. CNV. DME. DRUSEN AHl1E % HRJE B4 R4 1 Kaggle
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Table 1. OCT-C8 dataset details
%< 1. OCT-C8 HiE&Ei¥HE R

el TGRS LR LAl 56 DR HE BSEi4

RS ARG PE B B AR P AMD 2300 350 350 3000
ik 28 M5S0 A 1ML 4 CNV 2300 350 350 3000

FP P SRR AL D A AR CSR 2300 350 350 3000
8 PR 1 3 B K i DME 2300 350 350 3000

8 PR A0 P9 JEE i 7 DR 2300 350 350 3000
WM Drusen 2300 350 350 3000
PRI MH 2300 350 350 3000

B R Normal 2300 350 350 3000

e ——— |
DRUSEN

e

Figure 1. Sample display of eight different retinal conditions in the OCT-C8 dataset
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tention, ECA)IEHR, ZAL i ik 4% 5 G0 11— AE S RRAE 11 08 M 2% > 38 3 8] F) SR BR P 7]
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Figure 2. The structure diagram of the improved DenseNet
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Figure 3. Efficient channel attention
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ASEEGAERET Ubuntu 20.04 #4F RG IR E 5% ) PR8N #3647, R NVIDIA RTX 4090D (24GB) GPU
HHATERL I RHETE . RSACE S AMD EPYC 9754 AhbFE#2(18VCPU). {3 55K 4] Python 3.8 5
PyTorch 1.11.0 iR 24 S HELE, JFEET CUDA 11.3 528l GPU fini . 7EEURE AP B, KA B g—
VHEE N 224 % 224 KNS, FER P ECHE 35 5 SR M DLER TR A2 A0 R 77 o AR B B0 18 i 1o 0, 48 B ATL /K~ 6
e, +10°BEHLE R« £5%BENL T DL K £20% 1) SE FEFIXT LU RS R B . bAb, X N B b A7 hn kAL b 22,
WEBME N 0.5, FrEZER 0.5,

Wk, RH batch size Jy 32 [F/MtEBENIEEE TRk, B AdamW s, BIga% ) R E
4 0.001, AUEIEIH RN 0.01. KT AR SIE, ] NARYEFE bR R 2 ) 22000 T SR, BG4k
PERETEESE 5 1 epoch WA BGERT, 2% ) ZPEENERA 0.1 £ . IIZRd F2 8 8 s R IIZREe U 30,
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Figure 4. Loss function and accuracy variation curve
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0.3 ifi. BEfaR&aTFFs, 7655 30 4> epoch i, YIZREERIGUEE MR ETE 0.1 i . AR
JiH, FERAENGEIIAR T 95%LL EFKT, HIZREEFNIGUEEE R R il 2o R izl , R B
A RIFFIZALEE S, A BIEE .
3.3. FfrigtR

AT AWM EMAE OCT BB 2 I ELmrtEeE, AR T R =R (Accuracy) A% i R
(Precision). #[a1% (Recall). F1 734( Fl-score ){E PPN fabr. Hr:

WER R SO T RS TSR 1) 3 R UERAFR R, Hi B AR Q2)A:

TP+TN

Accuary = 2
TP+TN +FP+FN

TR FORAE A TN IR SRR A T OO IR R LE ], HAat A (3)

Precision = 3)
TP +FP
7 [l e i 7RO I R IE B AR AR BE ), Mt S A (4) 4
Recall = (4)

TP +FN
F1 A BUE R iR A A BRI AP 394E, HatHE A (5):

2 = Precision * Recall

F1—Score = — (5)
Precision + Recall

TP RSB ARL IE AR R B A O B B, TN ZOoR B R IR R IR S IR S . PP AR B AR AT IR
HbeRs A PEREAS O BE R A B, i PN DU SR AR ARRE B 93 451 U D BA A R B

4. SERGERE R
4.1, AERNTML

N ATTHI VP AR L 43 M e, SR P YR I A O RN M SR R P B R T Ak v R R RS2 4 R . 1
5 J&/N T T OCT-C8 Hln AR FE R, EOWLHE S e T AR AE % 28 3 18] (1) 73 2R I . ANTRR I R B Hp ]
DL 2, AR 25000 AR I A 0 2 KR . AMD. CSR. DR 1 MH ix U5 4R A
BT AR RAOR, TR 350 B, B BT R RS I X 3R W 6 05 1 A e 4
XL R P RFAEVER I . SR, FEICARSRT R WL T — 2R 2RISR . CNV KA F 322 4 1E
W5y, (B4 10 BIHE iR 3N DME, 16 #1125 DRUSEN, 2 {#l#i%¥ 8 NORMAL, X<t CNV
LXK I ] BEARAE — LEAH LT R R-AE . DME SR 7R 1 hr 1) 7 S fe, 336 IR IR 328, (UH
3 FIHRFI N CNV, 3 fl#iRF 5 DRUSEN, 8 fl#i%¥]y NORMAL. DRUSEN &5 It AH 24 A
B, 333 GIHIEHIF2E, DA/ DEFEABR KB AN . NORMAL ZKHI3Rk15 1 343 BlIER/r3E, &
Pt R R RE

Kl 6 JE AR R 3 UFE B S s T &N R R . BRI LIS R B, BEATE AMD,
CSR. DR il MH iX JU/MRE 51 E#A 2] T 100%1I#ERI % . NORMAL K EREIf5, 1A% 98.00%1] &
ffi%. DME Fil DRUSEN K5It AiA 2] T 96.00%F1 95.14%01 R 47 R I (EFERMZE, CNV KA1
AR ARG, 9 92.00%, 1K 5 VA HE B A ML 52 21 (11 4 2RI DUAE X B2 [ P FR 40 68 i 4 3 PR i
B, K3 T 97.64%M KT, IXEe AL EE TR B T OB T S
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Figure 5. Confusion matrix based on OCT-C8
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Figure 6. Model accuracy performance on different retinal conditions
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4.2. SEWEERENTMIERR

7 2 J&78 T DenseNet ATt 5 ) Improved DenseNet 75 %55 E R VELRIE e LI . @I Eb 2 dr
ATLAR I, Improved DenseNet 72K 2 #iT M 484n EHIINAS T — € 52Tt . H#li& DRUSEN 28571 i1 50 2L
R, HAREZMN 86.29%F2 T 4% 95.14%, F1-Score AHMHEm %4 94.60%, B Bk SFuE A AER T T RS
AR RE

Table 2. Performance comparison between DenseNet and improved models
%= 2. DenseNet 5ottt BY A9 M BEXT EE

e} 25 Accuracy Precision Recall F1-Score
AMD 99.93% 100% 99.43% 99.71%
CNV 98.32% 89.76% 97.71% 93.57%
CSR 99.93% 99.43% 100% 99.72%
DME 98.71% 95.64% 94.00% 94.81%
DenseNet
DR 100% 100% 100% 100%
DRUSEN 98.04% 97.73% 86.29% 91.65%
MH 100% 100% 100% 100%
NORMAL 98.71% 92.90% 97.14% 94.97%
AMD 100% 100% 100% 100%
CNV 98.75% 97.87% 92.00% 94.85%
CSR 100% 100% 100% 100%
Improved DME 98.93% 95.45% 96.00% 95.73%
DenseNet DR 100% 100% 100% 100%
DRUSEN 98.64% 94.07% 95.14% 94.60%
MH 100% 100% 100% 100%
NORMAL 98.96% 93.97% 98.00% 98.70%

4.3. {EBNREXTEE A

N T ik RIS UE AR SO I O B (A 2, 5 AR M P 7 AR AL AT 1B, & 3 R
TNFERERE AR [RI KR 4R B R LU IR A B . MSREG 45 S nT UE H, A SCHEH Y Improved DenseNet 57
FESTUTN AR b E#HUS T BRI BAET S, SOEBREIERG T 99.41% 1) T35 #ERfi 2 (mAccuracy), #H
EE 546 DenseNet (1) 99.21% 7 P4 Tt,  [RIIF S 25 00 T~ HoAthoxoh FUAR AL . 7E-F 2 K5 3 2 (mPrecision) A1~ 4 4
6] 2R (mRecall) /71, e #EREAL > BITEF] T 97.67%H1 97.64%, JEHLH A e R #1205 MERE . 5 I & 7R 45
E P FE AR T8 F1-Score(mF1-Score) I, Ut AL A 3 1 97.99% (1) =1 /K ¥, #H LE )i 4F DenseNet (1) 96.80%
AT EIRTE, W T A,

MEEZ T, He 25 A[10]32 H A VRE & TiFe s L¥IER] T 97%A A RI7KT, 1 Subramanian £ A [6]
(R B ARHUAS 1 99.30%I1 5 = HERf 26, (HAE AT AR Fog WAL o Karthik 55 A [11] A4 5L % T 45 )
FHXTEUIC, 7E 92%~93% 2 [A] o 3X £E50F FU 45 B 7 30Uk W 1 AR SCH Hh 1) ek S e (0047 R, AR T 1 A
PIREARPERE, EAE S TR bR LA SIS P4 R I
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Table 3. Comparison with other advanced models

3. SHEMEHEREIIEE

7Y mAccuracy mPrecision mRecall mF1-Score
'Drgﬁ;‘;‘,(lee‘i 99.41% 97.67% 97.64% 97.99%
DenseNet 99.21% 96.93% 96.82% 96.80%
He et al. [10] 97.12% 97.13% 97.13% 97.10%
Subramanian et al. [6] 99.30% 97.25% 97.13% 97.25%
Karthik et al. [11] 92.40% 93.00% 92.00% 92.00%

5. RESRE

AW T — ki) DenseNet V85 5 I8, F T2 MM OCT EIE I H 302, @il 5l
N OB B B I A5 SR8 S M FIE I S BT AR A 55 2 T SOt S, SR I PERE A 31 1 B 444
Fo BudkfE AALE AMD. CSR. DR Hil MH PU 2555 1 73 28 rh #4114 2 100% ) #EfR %, #£% > OCT-C8
BPEEE FEUS T 99.41% T HIUER 2 A1 97.99%(1)F- 15 F1-Score. Y%} Ml xE IR 71 i) DRUSEN 251
WRIH T B M, KA EEMN 86.29%FETH A 95.14%, 7870 50IF 1 SOtk Sms (1A Rk . See 4k g
B, AR O Bt T e e R \FP AN [RI R ISR DL iR RE T, TE 73 R I REAIZ A e 0 L3Ik B T LR K
P, AT CAAAII SRR PR PR 4r B2 W 3 A R B R SR

BARARF TG T RAFHIE, HTE CNV 851 7 S b HErf AR B, HF HAZED & 5 DME Al
DRUSEN HJiR/RIMER . XK, HRLEA B A AR B B A 75— 2Bk, RIS R E T R
FUBAN S 2 AR AL B 48 RIGUE HZ Ak e 7. AL, Wi i e PR Sk S R A5 G, R R R
T EE ).
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