£60% F10H/2023 FE5 B/ B EXBFEHE

It Bl St FFIHE

HRJee O CT PR 119 2 IL L A L B HE oy B 51

mAEL", 285 BIE
U AR R A B R T AN A R, i 201318;
TR EUEE TR T TR SOEE AR ERE, LY Miat 210014

ME MERWERECE M BN Z — UL T2 IR R (OCT) , AT 52 BUR U R B Y 4 BLAN K R 9T
JE T 0 W B AT 30T Br o ek B AR B9 TR TR 0, TS OLA B2 W BORE W 32 B OCHE o AR, 32 PR IR OCT £ 4l fY
FURAPE , TS HLAR B £ R B AT 50 3 T TR AR BB SR T Jie TAE o AF 0 Z IR A R AR B 1 84> 5 2% 19 A TT Y IR OCT %4l
P R ) R IR RS ) OCT PEGURRAIE JE AT M 88, JF: 015 16t 64 Jf 6 T 1k SE R30I A0 33 (LA I 0 12k ) Sk, 2026 1 ik
TS TARRY TTRK o S IE 52 BB ALA B R R 7 RN 53 05 1L 30132 Wi 04 I PR BE T, 2R 38 AT LA B2 #8 IRJIE OC'T & Y
NG B A 26 iy R vk T B R M AN AL RE ) B XIS OCT B 143 B BE J7 35 5 313 0L 4 B 8 10 vl fige e 1k = i

LR
KEIF OLFMTIENA; RIHKA; AR, k%
FESES 0439 XERFRERS A DOI: 10.3788/LOP220794

Public Data Acquisition of Optical Coherence Tomography Images of
Fundus and Its Analysis Algorithms

Wu Xiupin'", Li Juewei', Gao Wanrong’
'School of Medical Instruments, Shanghai University of Medicine & Health Sciences, Shanghai 201318, China;
*School of Electronic and Optical Engineering, Nanjing University of Science & Technology,

Nanging 210014, Jiangsu, China

Abstract Fundus disease is a major cause of blindness. Early detection and timely treatment of fundus diseases can be
achieved using optical coherence tomography (OCT), which is an effective approach for preventing blindness. Computer-
aided diagnostic techniques are gaining attention as they relieve the pressure on physicians to read films. However,
researchers studying computer-aided technology cannot access fundus OCT data owing to privacy concerns. To address
this issue, in this study, we searched and combed eight free publicly available fundus OCT databases, interpreted the
OCT image features of typical fundus diseases, screened 64 papers based on these computer-assisted algorithm data, and
categorized the contributions of these studies. To facilitate the clinical application of computer-aided technology in the
early diagnosis of fundus diseases, future efforts can be made in three aspects: improving the stability, repeatability, and
generalization of high-precision classification for fundus OCT images; improving the segmentation ability for fundus OCT
images; and improving the interpretability of computer-aided algorithms.
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Table 1 Free public data

Number

Dataset Devices Eye disease . Country Link to dataset Year
of images
https://people. duke. edu/~sf59/ 2013—
Duke Home-made AMD, Normal =>38400 USA
RPEDC _Ophth_2013_dataset. htm 2021
AMD, CNV,
) https://www. kaggle. com/search? 2017—
Kaggle CSR, DME, DR, =>3000  Melbourne . o
q=Retinal + OCT +in% 3Adatasets 2021
Drusen, MH, Normal
Cirrus 500, . http://www. varpa. es/research/ 2010—
Varpa . . 353 Spain
Cal Zeiss ophtalmology. html 2019
Cirrus 500, DR, AMD, https://dataverse. scholarsportal.
OCTID . 519 Canada . 2018
Cal Zeiss CSR, Normal info/dataverse/OCTID
Cirrus 500, ) https://zenodo. org/record/
Zenodo ) Glaucoma, Normal 1100 2018
Cal Zeiss 1481223#. Xr06Q2gzblU
Spectralis, DR, Drusen, USA, https://data. mendeley. com/ 2013—
Mendeley ) . 84484 . . .
Heidelberg CNV, Normal China datasets/rscbjbr9sj/3 2017
Spectralis, https://j als. plos. org/plosone/
OCTRIMA ~ Pee Normal 10 USA PR/ JOUIIAS. DIOS. OTR/PIoSOne 2015
Heidelberg article?id=10. 1371/journal. pone. 0133908
Pascal Spectralis, . http://pascaldufour. net/
] AMD, Normal 310 Switzerland 2012
Dufour Heidelberg Research/software_data. html
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Table 2 OCT devices for data acquisition

Company Model Central wavelength Resolution Field of view  Line rate  Pixel number
Cal Zeiss, US Cirrus 500 OCT 840 nm 5pmX 15 pm 2 mm 27-68 kHz 1024
DRI OCT Triton, 1050 nm 8 um X 20 pm 100 kHz
Topcon, Japan 3D OCT-1 Maestro,
3D OCT-2000 6 pm X 20 pm 50 kHz
Heidelberg, Germany Spectralis 1 pm 40 kHz
Optovue, US RTVue-XR 5 pm 2.3 mm 70 kHz
Bioptigen, US SD-OCT <3 pm 5.4 mm 32 kHz 1024/2048
Leica, Germany Envisu SD-OCT < 2pm
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Table 3 Segmentation algorithm for retinal OCT images

Type Method Eye disease Dataset Research institute Year
U-net and SegNet""” AMD, DME Duke Towson University, USA 2021
U-net and DexiNet'"”’ AMD Duke University of Florida, USA 2021
GSH DME, AMD, Normal OCTRIMA University of Miami, USA 2015
GSt AMD Duke Doheny Eye Institute, USA 2017
ERR-net and GS' AMD, DR Duke Xiangtan University, China 2021
CNN' AMD, Normal Duke University of Towa, USA 2020
CNN and LSTM ™" AMD, Normal Duke India 2017
CNN* AMD Duke University of lowa, USA 2017
CNN™ AMD, Normal Duke University of lowa, USA 2018
CNN-GS™ AMD Duke Duke University, USA 2017
GDM™" AMD, Normal OCTRIMA University of Nottingham, UK 2017
Fuzzy histogram and . . .
Different (o) Glaucoma Duke Brunel University, UK 2018
graph cut methods
layers Based on fluid potential L ) ) .
. AMD Duke Tianjin University, China 2020
energy equation -
MT and probabilistic )
) AMD Duke India 2018
maps
Bayesian deep learning'™”’ DME, AMD Duke Australia 2018
Non-parametric Isfahan University of
) . AMD, Normal Duke ) . 2021
mathematical model ™" Medical Sciences, Iran
o3 OCTRIMA, International Institute of Information
CRF" DME, AMD, Normal . 2018
Duke Technology Hyderabad, India
Ensemble-learning-based ) ) .
() DME, Normal Duke University of Coimbra, Portugle 2021
method"”
Structured learning Pascal i
. ) DME India 2016
algorithm Dufour
U-net™" AMD Duke Austria 2021
- Heilongjiang University of Science and
U-net+ -+ DME Duke . 2020
Technology, China
Multitask learning'™” AMD Duke Medical University of Vienna, Austria 2019
CycleGAN-based weakly DME,CNV, Drusen, Suzhou Institute of Biomedical
. - Mendeley ) ) o 2021
supervised method Normal Engineering and Technology, China
) Structure tensor guided AMD, CSR, DR, CNV, Duke, ) ) ) .
Lesion ) Bethang University, China 2021
approach™ MH, Normal Mendeley
zone
RASP-Net™" AMD Mendeley Bethang University, China 2021
Unsupervised learning' "’ AMD Duke Medical University Vienna, Austria 2019
Gradient-weighted class DME,CNV, Drusen, Wuhan University of Science
o e Mendeley o 2022
activation mapping Normal and Technology, China
Encoder-decoder network'* DR, Normal Verpa Shenzhen University, China 2021
) Southern University of Science
BSDA-Net" DR, Normal Verpa 2021

and Technology, China

Bt — o bR RS V3 2 AR S IR R DK R (L B9 7 A B
ey BRAE AR 0 SRR AR AL, TR I K PR 3 1 i i R
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AR5 S BB A IE 7 i v A 1 4 BB 2 P 4 AR A%
HEAL 1 25 /N T 1.5 pixel, H TP B3 B (MT)

IR X BB 7 )2 235 ) %) AR 56 (81 1) 7 vk S 1 HEf M
98 % 11 431 M 3 F Bayesian ¥ 2% 21 (19 4 #) 7 ik
TEME RSO RB B AT HE . Monemian % E S
BB A TS BUR R S TR B
B 1% ZAE R ih B4 %, 7E AMD Fll Normal 52 5 4
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Y 9E T HoA %t . Chakravarty 28570 F) B W B X &4
B AL & (CRF ) HE ZE X 40 W I R AT B8R 2 )2 o 1)
25 2 301 P 5 R A 4 FRLE U 4 B A R TR
B R AL, M CRE BB B S S 5L BE A
SVM 53k 47 U1 2k, 7 ¥ R R o il 07 B iR 25K
1. 11~2. 04 pixel, 8 a2 > By 43 #) 7 37 5L F 45
A2 2T 1 4 0 AL R R R AR Ak A 1 By )
8, A SEILZ 1 pixel B 48 0 iR 2%

U-net ¥ B 2% > J7 15 [A) Bt 98 107 1 210 HIR DR 952 9 1Y)
95 A8 X I A E TR Y Gao ZEU R 1 Uqnet++ L A 36
A3 1) 8 B g 728 DX e, 14 0 ResNet 2%, 98/ 4 B /£
T 190 265 1 R AE R SCTR) B, AR R T 4 e 1 R AR
ROWMKHE S TXHAFERAEMN S HEFE, S5
ReLayNet Sk AH L K5 BE 42 %5 17 0. 01, Asgari % 3k
F LA 55242 )7 vk, FH 2 i 45 8 58 AMD 2r 51X,
FEREAS H AR AN (B KA — A 65 2% R i) 7 e
SE Ay SRV S i 2 2 18] 5] EE &R, NI 48 AT
55 1 IE AL SR R BE AL (01 43 515K 0. 84 1 0. 67,
Wang %577 3R H1 5 F CycleGAN (1) 55 Wi 24 > [ 2% 43
# DME . CNV , Drusen ., Normal 4 OCT & 1% %5 74 IX
W, 12 2% 4k B Ak R HUTE 0,039 s, T 43 1 45 3R 1)
Dice F B 32 i 3 TAE #¢# iE (ROC) i 4 T B9 1 1
(AUC) 4> %4 0. 82 1 96.94% ., Hassan 25 F] J] 5
TS5 M ok & 5 J ik 0y 4 1A Ab 3 AMD .CSR DR,
CNV .MH Normal EI{% , 528 T 5 & (%) Dice RE, N
0.93¢ ZEbr b, 2 5 50 A1 2 H B e A2 XK RS Fi g
RS IR S 0 C R, 0] LU E AE bR B W .
Hassan %5 I F 35 F 58 A 2% 2] (0 HE 42 58 il 48 1 b AL
AH T T80 Ak B A 5 b BEAL ] e A ) 4RI, AR T 11
Bl A W bn B, 3RS B A 91. 6%, 1% B 5% 1T LA Bh
BRI W AR, R I AE %L . Seebock
IR A W B 2 > RS ARSI 05 A8 48 3 2 W Al i A
TR ol B I A 5 A= e BT B A8 AR iR . Sk e i
ST B RAY 2805 95 19 JR BR A L U G vy 2 rh 2R 2] 3]
Bfs BB ET S P, LuSE BB ETEED
2 ) B 7 TR S By B R4 2

B AN, A0 IS £y AR 783 G i A5 DX 38 1) T 25 R 58 JE 1Y)
STt 2 BT FR R ) B B A bR A . IR K EE
Guo 8L 2 5 - A% 1) R T 2 20 N 4%, R s A %o
Fr A5 HLALE it AT D) 2% 119 IS )2 B B4 R A BRI IE i AR
SR Je P 300 5 B A AR Oy i A 8 ok 8 S A EN 45 S L E
b R RN i W T B A AR Ay E RS HE A E T
6.3 o7 fet B Xt G2 1 17 457 5 PR 9 40 Do) B i 2 i R JES OC'T
B, 3T 0 BRI B AR 0 B A 2F ) HE 48
(BSDA-Net) [ J7 % BT fift R 5 TR A 8 110 00 1) JI85 HIR 783 G
A5 XA 43 0 1) 8T 2 7 3k ) T A 4l B 43 32, B3
S e NN E B K R S R O F S S L e &
BSR4y EN S B B R 5 T LA X AT IR R
5 FUHE 55 04 BE B b (5] 5 43 2% 00 AN TR AR AR R AT 4
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SRR JE ST 99, 31% M4y Kok N,
4.2 BREOCTEBWHEXE X

TCAE 2 B0 W B2 38 2435 OCT BUZ i 9
AR X 8, A S B 5T R TR B R S 360 TE L SV A 2
RIS o SRR B I o 2SR Al o AR AR Y o
Bl TS R A G R R B BT DL R R S
OCTEME AT R BEL ., RAOLEBT 242K 5E
I K HORS B Hor ONIN B3 RS2 3 1) 2 AL (SVMD B
PLAH DG SCHR 5 4 B8, REHEEEHR R T 9000 0 ik 2k
TR B ISR 5 B A 2013 4F 81 2022 4F ok [ ENEE
W e N E I E N R R
HAPE R ERZ .

i AR e R 24 1 25 Y CNN 43 2828 15 31 7L
Do JEE T FELTR v S S A PR T PN AT 4 O e R
b R VR S A W bR A, LA SE BN AMD DR, Normal
PTG A5 1 4 2% 12 B 1 1 SF- S50 B L 28 M e 5
PE 3591 R 889 .0. 80 F10. 96, KT CNN By & 2 ik 1]
PLGE A I R A 8 B B D S o A, An e CNIN 3 i
LB AT f# B Lime AR ™ . Das % 2 ) % 1 1
) ONN W7 R B [ R E 5 R EE )
B B 2R A Il R 12 W7 ok SR 6 ik SR REAE , SE B T R A
0.951 AUC, I4h,Fang Z“F] A Lesion-ware CNN
RIS BB AR X, g RN ST,
I Ja 3505 95 72 A G DX 35k A £ 2R R A I 485 )11 2, G
ik 93.3%. % F Densely connected CNN HY % JF 2% ~J
I AR CNV . DME #1 Drusen 432% |7 523 98. 0%
FIREBE . T 6 2B RUZ M 2 ¥ fil £ 48 CNN
BT AW R AMD, HEZRELEHERAAR
R38N N Wl e P A M S R 8 (T A
R AE 2 BOCR T 28 B0 A Jey 350 435 48 F0OAS 40 0 4 Ry 45 0, 1%
BRI T 99.02% BYKEEEYY . Tayal &7 43 1 R H
5.7 F1 9 JZ CNN 25 44 > U510 AS [m] 40 ) g5 2, 5 30 %)
DME ,Drusen.CNV Normal [ 432 , 45 & | 5 i & fn
RS PE 2 50 A 96. 5% .96 % 1 98. 6% . Ff CNN & ik
A B RO 4R AR 2 AR B B B PR
FRAE ] &, AR5 R SVM #4743 26, JLF Al 3k
100% FYRERES S

SVM & —Flew I o0 26 8% o 058 38 A H LS o)
2 2 82 4 AR Wiener 38 I 28 XF R 2847 WAL B, 4
SET — N FEIR P RRAE AR AL FE T L R B R 22005
B A% % B i, R SVM BE AT 40 25 5B T 95 % AU KG
BEEY S Khalid 2877 0] F§ SVM 432 g8 5 2 AR 10 09 1R IS
OCT BEIM& #4725, AR 8 U 25 4R A5 19 9 A R AiE Sk X
2189 3k CSR.AMD . Normal # I’ i [ 4% 35 4773 2, 1%
SRR BORG BELRRIOBE LR R R AR 99. 9296 .100% i
99.86% .

Rasti 2" ) 2 RO # FURE A (MCME) i £ 1
B AY 3 — b BB DK Bl 11 b 22 454, 3 3 K CNIN R
B 2 RO T B L, R A R BOR X4 Fn R
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Table 4 Classification algorithm of retinal OCT images

Method Eye disease Dataset Accuracy Research institute Year
. Pascal . . .
CNN AMD, DR, Normal 88% University of Bern, Switzerland 2019
Dufour
. AUC is Indian Institute of Technology
CNN ™ AMD, DME, Normal Duke . . 2020
0.95 Guwahati, India
ol . Sri Sivasubramaniya Nadar
CNNH AMD, DME, Normal Mendeley 95.7% . ) } ) 2021
College of Engineering, India
CNN' AMD, DME, Normal Duke India 2017
Multiscale and Duke, National Institute of Technology
. s AMD 99.02% ) . . : 2021
multipath CNN Mendeley Tiruchirappalli, India
) . (1o Drusen, CNV, . . .
Lesion-ware CNN Mendeley 93.3% Hunan University, China 2019
DME, Normal
. a0 CNV, DME,
Self-developed CNN Mendeley — 94.87% Bangladesh 2021
Drusen, Normal
. CNV, DME, .
Three CNNs Kaggle 96.5% India 2022
Drusen, Normal
Densely . National Institute of
ol CNV, DME, Drusen Mendeley 98.0% . 2019
connected CNN™ Technology Rourkela, India
CNN and AMD, CNV, DME, , University of Southern
. () Mendeley 100% . 2021
quadratic SVM Drusen, Normal Queensland, Australia
o National University of Sciences and
SVM" AMD, Normal Duke 95% ) 2018
Technology, Pakistan
Multilayered SVM'™! AMD, CSR, Normal Duke 99.92% Bahria University, Pakistan 2017
. CNV, DME, Aerospace Medical Center,
GAN™ Mendeley 93.9% ) 2021
Drusen, Normal Republic of Korea
R CNV, DME, . . -
LSGAN Mendeley  87.25% Hunan University, China 2020
Drusen, Normal
AP CNV, DME, ) .
VGG16™ Mendeley 98. 7% National Institutes of Health, USA 2021
Drusen, Normal
Deep ensemble CNV, DME, .
. Mendeley ~ 98.53% India 2020
network " Drusen, Normal
ResNet'™” AMD Duke 96.78% Institute for Infocomm Research, Singapore 2020
R AUC> .
GLMR"” AMD, Normal Duke 0.99 Duke University, USA 2014
SMO"? AMD, DME, Normal Duke 99. 3% Northeastern University, China 2016
CMoE!"™ AMD, DME, Normal Duke 98.14% Isfahan University of Medical Sciences, Iran 2019
MCME ensemble ) ) ) )
dell® AMD, DME, Normal Duke 98.86% Isfahan University of Medical Sciences, Iran 2018
model
Super-learner CNV, DME, _ .
(5] Mendeley  98.55% India 2021
framework" ™ Drusen, Normal
Vision Transformer ™" AMD, DME, Normal Duke 99.69%  Shanghai Institute of Technology, China 2022
. . . OCTID, National Institute of Technology
Multiscale CNN'" AMD, Normal =96.0% ) } ) ) 2021
Duke Tiruchirappalli, India

3] EAR FEAE o SR MCME X AMD ., DME Fl - %5075 3 T 45 5 Wi 28 okt 51 M9 46 (LSGAN) i 53
Normal BUE AT 7328 P KGR ik 98.86% . SR W I BRIA L FE AR L As 88 Fl oy 28 88 =304y . b3
A4 CNN LM, MCME i B A 5 19 5 266 CNV .DME Drusen F1 Normal 5 # it 2% 5% 3¢ B3% 7 1
BE, ATk 98.14% P T InceptionV3 53 2 05 1k, KE BE AT 3K 87. 2500, A

NRRAEAT PR OCT FEAMS BT AL A AT, He  BF5E & 32 H 38 T A8 OSHIT M 2% (GAN) /D REAR 2 2] T
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2% GANB AL T4 i 45 250 3 OCT KR g 4 3
I K38 42, FE ] Inception'V 13 45 Ky S Y1 25, %of ) 38 %
P4y 0 SRS BE R 93, 9% AR MER2E R 4. 5%,

FE 78 K 2% Farsiu %V 3 F 77 fb 2k 1 451 A0 [m] 14
(GLMR)HEZ &I T 54 A 343 2 4%, IF H 28 X EiE
BV 4> 2t i P RE TR IR 0 T N LB #) Bruch fiE
B2 \RPE J2 % Bruch 5 /4 15 25 31 1E H 38 R AR BRI
AR R B 4 S bR R, R BE AR 0K AMD A
Normal F & 9 43 8, B 00 AUC 35 0.99, T
G 2] HE B 25 A TR R A R 45 AR AE B Y O ik
% DME. CNV . Drusen. Normal 1y 43 2§ %5 J& A ik
98.55%"" . Z At K=2: Wang %R A ¥ 5 i /MG 4k
(SMO) % 3% AMD .DME #l Normal F {4 #4743 2,
SCELT 99.3% WUKS R . BET ResNet W 2% [ 43 28 04 1k
AT SEEL96. 78 %6 WG B T Bk T 4 A ) R 4% (A
VGG16) B4 H L m] 2B 98.53% A ™ . Kim
EUUOR T £ 5y AR Ok 4y R TE] A R R AR,
VGG16 8 #4425 CNV . DME F1H A, F§ VGG19 442
Drusen F1 H: A, ] InceptionV 13 43 2% Normal £ H:Alh
SEPE T R Ik 98. 7% MRS BE AN 0. 98 1 R AR . T
TS R 2% 09 43 25 97 ¥ X% AMD . DME . Normal #9432
KB 3K 99.69% 0 A M Hb , 3 TR RE A9 CNN
G327 B oK 22 A U8 U A R UE BN 25 4 L O SR T Ik
PRBAE Ry o 25, B AR &R 2R B AT /D i S 80

SCH T ERIR 99. 7Y Bk BECT
4.3 BREOCTEGMERE :

U A SR AR JEE OCT G A 25 W A 1 Ry e o 9 FF 55
J7 1) 2z — , H MR B 0 2 5 R . Huang %57 %
FH Noise2Noise (IR BE 24 2] Jr % OCT EMG 47 25

b PR G2 R B T O 1 TR X R A B O B Rk 22
% (AC-SRResNet) , fE AN i Z TG OCT KL 1 = %
FEAETG BT SCEE T S M 2R R A
ZALRE 7, HAE M L (SNR) il ZH AR 4 45 B (EPD) L %%
M L (CNR) FIT T3 3 FE 4351 41. 8 dBL0. 68.42. 0 dB
F117 frame/s. Huang 253 F GAN Y f A7 g H.
5 HER 1) OCT BIMG G # g J: ME FEE 4 BE I B, 5
bR T AL G 3D BT IS 2k 5 VR AR L L % Bk T
SEP B Ry M E (CNR S 4. 46, EPI 4 0.93) ., It 4h,
TZ A BN R R Y 3 T AR B 2 ST i A g R R 5 AR it
XTI 45 (DRGAN) 92 OCT EHMEEEE 5% .

Ma %57 BT 4l /NI ZR 1) K-SVD 7 i 3
J7 35 % AMD B 47 2 e ab B, 5 R EA L, I
CNR M 1. 27 25 2] 5. 12, F 445 HE i 22 F (MSR) A
3.2 ] 14, 41, P IO ik R 2 T ok 2
IR 2 1 AE R # In AR i K 7R (NWSR) > Ak 250 )
PG s 5 K-SVD # Fb % 58 2k B 0 10 % 5%
MB(ENL) (W {E 15 2 b (PSNR) .CNR #1 MSR, 434l
11552, 68.27.79.3.45H18. 67,

5 MMBEOCT EUZ A 25 M3k
Table 5 Denoising algorithm of retinal OCT images

Method Dataset Metric Country Year
< T68] SNR CNR EPI Speed Beijing Institute of
AC-SRResNet"” Mendeley . 2021
41.8dB 42.0dB 0.68 17 frame/s Technology, China
. CNR MSR Noor Eye
2D curvelet-based K-SVD" Duke ) 2018
5.12 14.41 Hospital, Iran
. MSR CNR ENL PSNR University of
NWSR™ Duke 2018
8.67 3.45 1552. 68 27.79 Isfahan, Iran
. PSNR EPI ENL CNR Sichuan
GAN™ Duke o , 2019
27.83 0.93 1669.5 4.46 University, China

4.4 EIBZEIERKOCTEGHHMNA
T2 > BALA A 2 — A 3o 3T AT S5
f2 20, ] R I G ae B ML RS AR B rp 5 3] — s (5 BB
JHTE A 2 B | DT i /0 11 i st [ [) s % 2 2T 9
B R K AR T L2 2 20 0 B2 2 R W IR R i 75 R 7
T K 2% Rakoez 25748 H 3 F SLIVER-net 1T B 2
AR 8 3 XF ImageNet B9 K i 2 EG E 17 I 2115
BT B AL, PR N B = 4R JE OCT B4, AR
THIM T AMD 4 RS PR 7, 6 355 R0 0 i P 85 52 5 s
o RE (10 DY 3 R AR AR B B R P A R B A
Sk 4 1R 43 2% o R G e R LA, Asif AT Y 3
F ResNet50 45 #4) 1 ¥ B 5% 4% I 46 51, 78 X6 21 60 4
JEE S A WD 25 0 i %o i A DI 5 L B ResNet50 i 2 )2

B o ET 0 42 )2 X 5 AR RS B I o SR
99.48% . MM K2 XMW 4K MEE T RT L2
WHEHLAL AL 4326 CNV . DME . Drusen fl Normal & 1% ,
] £ 7E ImageNet & 57 1 Yl 2 5 7Y, SR J5 X 207130 5k
OCT EME AT I 25, o 20K BE L 53 08 AR 5 42 43 il
H196.6% .97.8% FN97.4% . HARIZEE R ILE KRR
U B I b B AT BE LR 4R A VI 2 A5 2 Y &5 1 22
TN ZRIS R R R BEAC, HFF 2 h, T J5 & 5 22 L .
4.5 THBBEMEEERKOCTE G EB

A figf T R T LA A ST ML A 2 3T 1) 2 R A S i
PRAR B A SR E (i TC 8 2 245 SR a8 R o iR i IR AR A R
A G IR, B 1 HLAS 2% 2 AE R A U R oSS B
22 K 2% Ehrlich i@ i A 800 28 AL % CNV .DME |
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Drusen Normal BHE #1770 25, 5B T 99. 79% 1 =i b
BE o Ry S AR AL A AT R, R A R N AN 2K T ek
S 7 1 A R T ke 2 o AR IX R, ISR A ReLayNet
FVE RSB OCT EIMG 110 00 00 J5E 2 4R 25 44 , s 44 5
50 ZEEEE TG 0008 T A8 7R R R 2 v & A A
0 Guo Z R H 6 2 CNN B AL X CNV  DME
Drusen ., Normal B #1743 25, S8 J5 FH Jmy 35 0T fifk g 1%
TR S I 1 A 3 24 45 SR v ) 9 A DX SR R 1R T 45
TR v R R ) DX 3, AT ST R B A Xk CNIN A 78 figt o
B 2 0] 8004 {5 A B 1% 07 Tk A IXCB09E T 4 K A L
R KA . WV R A5 I8 BE B Yan 5573 T
ResNet-34 DL AU K 36 FHUH %€ 7 25 7 85 He 48 il 31 4
A0, HF X AMD 9 B 870 5 88 )5 18 Bl GradCam
i TR AL AR A A TR S A7 T B ) A DX, L ) 4
HIR B L KWL W4 o B — 3, WS K%
Singh 25" % Fi 3 F Inception-v3 ) CNN 451 A > 43 2%
CNV .DME .DRUSEN , Normal # [ i & % , & & %}
Fb T 13 F A b #4051 A i B %, Horp Deep Taylor
79 LI B 3F 43 3. 85 i i 4 6 I e .

5 B4Ry

R JPG 952 s 2 2K B A 3 2 D IR 22— HC AT 00 i s
e S S B & BUAA T 1 OCT wl Sk HR JRS 5 9 A9 -9
RIAZ W LA 7 i H R % . OCT AT DL M 1
IR T R B IX ) T )23 T4, I AR T R B AN ) AR T
JIEE 23 TR 25 5 4, 3 s f0/S T A 2 A Ak ok 0 i AR
FAY R R R B Be o AFIR RS s A8 O R B B L4
5 BB R R R A R VS B T R 55 R 0, R T RS R AR
PEAS SRS B B IO , BERE onFe . Pk, 3 TR
JEOCT EHE, RIRITHAENLE Bz Wi H R 2. K
YIRS OCT EHME R A BB, 44 1 3 22 95 K A4~ N e A
M A5t K 22 0 AN BB JE I BCHE 1 0 ¥ 3R UK K Hb FH
8 Tz AL B B AR R

FFXFIRIE OCT G5 5y FR B[R] R, AR SOk & T
B BT 8 A A o 1Y N JF R BEE L Ok B FE e KA
Kaggle V- & VG 3L F Verpa /N4 . Zenodo F- 5 .Mendeley
B RS R AR B KA (AR JE R 2E IR
OCT EIM& 0 B B E 5 K F 10 77 5K, s SR 4E 1) (8]
2013—2021 4 A SCHfi e H ) 7T 3 26 20 3 58 95k i1
BHLAR Bh Bk B SOk I 64 B, Hodh A BB R 2R
B 2 o keI 2 SRR By 2 A B, O BOE SE BT
SN B R A IR RS i B2 W vh gy niz HT L AT A LA
7 RTS8 .

D& S XTI OCT BRI ok BE 43 2 g e ok
AEEEMZAEE T . WNRAMBIEER , K2R/ %
HB AT S T 90 %0 14 43 HOKG B, (AL B[R] — 2R 45 4
G B 0 R 8 P B ZPEAN AT, IEAh B b HOR
F] 2% 4t %) R T B8 5 DR IE = RS B A 43 St AT 1

2) P2 FEXIRIE OCT KRB HIRE ST o v HIfE
AR BRI C, RA R & HIGE T A GEWE
B AR SR I EE 22 1 AR W AR AR ), O A A R i A A
W JBE 2, AT 2 2 AT 5 45 b 5 1 400 I JE )= ) A R
YRR B A A RS S 5L B RS
o 728 14 L 300 2R TR R T A8 ST AR

3) P2 S LA B B0E Y AT R . ERAR ISR
IR WA A A g AU TR ERR Y . THE DL
B 12 Wy B AR MR IS A2 W vh IR A9 B 0, AR &5
RS I R B P, 8 o B AR O R R P R S R
sk, A S8 AT & U 1 B2 3 LA RERS HLIE b
GEIIVYER

Z % x M
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