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Abstract

e With the continuous development of economic
globalization, the relationship  between artificial
intelligence and medical decision - making has become
more and more close, and it has shown it’ s unique
advantages in the field of ophthalmology. At present,
artificial intelligence is more widely used for diseases of
the retina ( diabetic retinopathy, age - related macular
degeneration, retinal vein  occlusion, premature

retinopathy ) and front section disease ( cataract,
glaucoma, anterior segment ) in the diagnosis and
treatment. The purpose of this review is to understand the
application progress of artificial intelligence in
ophthalmology, and to point out the potential challenges
and prospects of artificial intelligence, so as to provide
more information for the further development of artificial
intelligence in ophthalmology.
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TEREN) B R B oy B 4 R A, o %) i 2 AT T
T B VR A 3B T 1 M B, 50 A (1 3 2 R
it B8 RN WA AR 2% Tz A8, ML A — A 7 1Y 1 40
3 —¥R 2% > (deep learning, DL) [ WE A | DL F 24
H TR 28 ) 2% ( convolutional neural network , CNN) A1 A T
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W, DR, B R 3 o 28 ) 4% W L ) B AUA T 3K 6 A
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2016-09, ¥ [F John Radcliffe B[ f¥) Robert MacLaren
P T PR AT AN b 45 5 B AE AL A8 NI BR TR Bill
Beaver 45 R 2% 5E 58 J& FE AV 0.01mm A8 A1 R I Rif i, 1 &
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RS R R B LA 505 S A T DR AR AE
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F 8h U R 5, B8 42 1% ] Messidor £i4i 22 11 1200 K HR
JRE R, B —17 20a % D1 IR IS & R I kR I 45 58, R
T 93.8% 4% 5 94.5% , Gulshan 25" Q)57 L CNN X
FEAM B TR FE 2 A A R GE X 12 T3 5K DR AR IS fi gk
AT, REE 87.0% ~97.5% , K551 90.3% ~98.1% , H:
T 1o R BRE R e 5 S FE PR E DDA R AR BB, oy
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PRI AR RGO . Eoat R XG5
CNN PR B RT3, BROR 2% 3T, %k 4 A s e 00 R ufe
A [r) R, 4 R BR R P I A RR AR & 7 3 (feature pyramid
networks , FPN ) 2% ¥, T} 2% 5% 25 I’ 4% ( residual networks,
resNet) iy ResNeXt, & ot X #5 A= il % 2% ( region proposal
network , RPN) , 37 A A0 5 1938 T H broar il (1) 4= 45 B 28
2% ( region—based , fully convolutional networks, R—FCN) %5
EVUIREAY L 3998 SRR JIE IR A 75 S U3 DR 1028 432K
BIR A | 45 A AL S AY R-FCN A6 5 % (92.92% ) 75
FJF#A R-FCN Faster R—-CNN Hl VGG-16 & L) 200 5k
B VR AR AR b i B R 4 25 RO AR IS B9 R—FCN 77
SN B A AR DX A o B M 55 U 4R R—FCN Al Faster R-
CNN &, W 2 R A% 7 I ke 52, T 22 T 4 Bl i K12 .
Takahashi 25" F] FH 2l 37E 1) GoogLeNet T4 JBE 27 > #1 25 W) 4%
XF 4907 5K 5 B AT T A0, HER R 96% , B I 4k
SR A HEREEHAER Y 4 A~ 45° BT R IR I e R, A0 48
AR RS B8 L A 380 A9 00 D R IX B, i AL RS T
DR 4344340 7] DL B3R ORI 5 .
4 Al TEE SRR R A

T G AR & — 20 DU A 28 110 574 2 22 4 R AL S AR A0 e e
P A 2 [F AR A 28 | A A BRER RIS E R H IR . R
PAEILL(WHO) i, #1] 2020 4F 3k [H 7 6 IR 8% H ik
2182 T3 BMf 45 AR UEIRYT ,20a N F 2D 27% 1 (5 LR
RS LR W ORIR A EEIG R X, AL 2
W Ot IR 32 2 0 FH 78 A D R 48 A IR AR 28 2 4t )2
(retinal nerve fiber layer, RNFL) J& & FIFLEY (visual field,
VF) 451

Kucur i 78 22 RO 25 18] {5 & 30° 0L 57 T % H
CNN 4326 28 %F 54 300 55 56 B AR 391 358 57 2945 JEE (average
precision, AP) TE/PERE, Y%k CNN 43 55 25 U 1 A0 B vp i)
AR AT Y 8 (mean defect, MD) $5 2K J7 25 °F-
F7#3 ( square—root of loss variance,SLV) . MD+SLV FIAifi
FHEFURRAE A9 42 B 45 (neural network , NN) i) AP 54,
CNN 7E JT A7 P4 e AP B 2 4 45 55008 /K - (0. 874 =
0.095) , K WZ5E 4 H S AL B CNN PUHA ] X IR /N
23 [l B A T A 4 JEEBE . Wang %657 #2187 —Fp
FEF AL AT B G B AT BRER VE AR 46 8987 U7 i, I 2k
RRERE 12 217 IR, 4720 5 AT SERY VE DU &, Bk
It [F] B 2270 6mo, B IS ] Sa, ALME VF 434 16 45
RURE PN (] 3 47 4 M 1105 IF %) 397 IR #AT SR, LA 3
PR L ZIPM o 2 MR ME, J5 B vk i K o 1 2
(77% ) B30 F N F B 3 3 6 IR T 1 i 98 ( Advanced
Glaucoma Intervention Study, AGIS) 341 (52% ) 114 [R] 47 4R
BRI I7 WF 58 ( Collaborative Initial Glaucoma Treatment
Study, CIGTS) 43 (59% ) -1 7% ( mean deviation, MD)
BER (59%) F 5 75 26 1 3 ( permutation of pointwise
linear regression, POPLR ) HE T (60%) 7 1 1 Ui 1 2K
Devalla %5 BFF & B TR BE 2 20 503 0T AKX R4 RNFL+ i
M AR L 2 7 (RPE) | k4 B A 400 23 &) Bl L s o A 7
B JF Ao 5S4, SASRBE B 5
B ERRE 435124 0.92+0.03 0. 99+0. 00.,0. 94+0. 02,
RO IR A 12 W B AL T AR H s AT R R o A M
Asaoka 45" MYEE R DL AR FIH SD-0CT &% 8x8 ¥
& BEEE RNFL JEE 8 R0 2877 200 J 2 T2 B 1) s A R AiE DR 12
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WL O IR, 45 R W, SR DL S AU B o 1 oK
93.7% ,BE HL Fk #k (RF) 4328 &% 1 32 £ ) 22 AL ( support
vector machine, SVM ) 43 28 %5 (14 1 1 58 3 51| R 82. 0% Fil
67. 4% , K LA SD-OCT 1 DL A A0 0] L) i 25 12 w5 12 W
PERE,
5 Al FEE R BER R F

Bl BRI Ak, 1PN B ) &0 R AN BT R
dEERE A 46% " LB A F1 N B 2 B 4080
FETAE, IGRIZWT N B 2 22 BT T A iR 14
TR R 45 B 1IE A T AELTE FORUASE T 0 A 1), 5 2 AR
BREE A 19 Ll R T AE AR 1T RE (8 0 A TR AR 75 TR X
HEE G ALREBI R 0 A N B2 I T A R T A T AR
FIHEAT

Xu 25V A CNN A 3h4r 2838 0 IE % R R
FE H RS 1200 K (P9 R HR R EARIES RSB0 A4 2, LA
RIS I T BN 275 PR R R 81. 86% , IT Al
FH G FR 25 9 2 (DN ) DA H [i] )23 SRR A1 28 46 ] 404k 43 A
CNN W[ 38 )2 R AE AN R, Gao 2512 $i2 H —Fh 35 T L4
221 VeBIRD [ P4 B 75 FLAL IR B AR & JF N T AR AR
AR NG SR RG, TS5 K LB Ka
(KNN) A e REA U i) SVM 432588 (MERH R 96.3% ) 1F
4 VeBIRD 58 S A% A8 B 43 A5 2% | 12 3 Go %o il X 4R 76 MR s A
W FRET B | B S A T 2R 3K 929% , TR IR AR A
R [ Sl il R RE &, A 200 7 FLAL R fa] s fh, (2 it
FARIMET . Yang 2512 B H LT o o 1905 B B 1
W2 B HERTE . BRI RS SR BN | RS
PHANST A 3 ANFRIELE B SFRAESE ST SVM AR ) A& 4%
P25 D0 2 2 ST R TRY A B 43 2R AR % 1 PN e o3 25 1Y IE B %y
93.2% AR IERNZ Ny 84. 5%, i1 F L HR B ey
X2 3R A T AT PR B 2 ) Bk o7 T 5 KM i
ANTHAIZIT T & (CC—Cruiser) ' B T A B2 1Y
Kb E LI A 1, I B B i R G T 886 K HR iy 1Y
HRH PRI ME R 2K 98. 87% , 1 B 52 1Ifh PR TR 1 E A 22 Hy
87. 4% %A AFE i ALEs N BEAE B ik 3] 15a DL EIRBMG 5
K, HALEE AL B RIAT i 5, 24h A2, 5 55 1
BRER R AR LS R I FH A AT
6 Al ZEFE R X ERET RN

AE R A e Pk B OBE AR P (age — related macular
degeneration, ARMD) S — PR X SR AT R, AT S BUR
AL e e . B AR IR S K RPE 2T BE R TE
BB M A FLAS R R i e Wb SR R AR 18 T | M I 2T 4
fb, gt 75 2 VL b B R R IE 40% DL B FE
AT HEERALR AL SIEET | I Ra V)R 2 — M e
Al RGR RIS A TCHE R 19 ARMD, DAE 78 IR B} & R
=230,

Ting 2 3 FH 3T VGG -19 M 4 1 CNN 3k Il £
108 558 5 I #5543 1 A4 v TUT R P e T 45, 428 0 4 563 i
35948 TRIEMR 45 R W, B  FR S R EE R 40 ok
93.2% 88.7% 93.2% . Burlina 25" 7£ CNN #4285 T {ii
FT AlexNet F1 OverFeat M 2%, i | AREDS % 4 %
120656 5K AR EIZ , U 26 A0 X m LA 18/20 1) 4 1 5% Xt
HEBE X Sk A 7 7505 2 W E R R A 94% ~96% , T
FHT W2 F1 4 (OCT) g I B IR K I A B/ A B 1Y
ARMD 384 10380 A= I 45, Venhuizen 2528 B 4 (1) 7 125 R 40

FE 367 241K 36 UE 1) R BB AR S R AR IR B T 93%
YLk,
7 Al 7EBR 7} H il %% 5 9 K2 R
7.1 MIMBRERBRFEE 5 200 M I & bk BH 2E ( retinal vein
occlusion, RVO) 9 1 32 it DX 1§l 2 {1l 1% 0L IO 5 ) ik
TR IDK , 51RO 0 JEE S T H 9B R K B R
SHAR K 2 BT EE, Anitha 287 W B Kohonen A T i
2 X 4 i AN [) 286 A8 [ AR 3 5 PR W DR o A0 IR g g A8
(NPDR) L o9 5 o i i ik BELZE ( CRVO) | R0 38 T 1 Pk
26 AR IO S A8 | HP O BT A LRSI ] 420 5 40 R 5 S o R
ST RS BE Y H sh4r 2, R i e SR B B /1YY
AL AN B e DA N FUR AL BRF A | SR 5 pE AT 5L T a0 g
PIRFIEBE IR, T35 RO RR 5 B AR R 550l 96% |
98% 97. 7% , Nagasato VR FH AR T A0 BT IR R B2 CNN
YLk DL AL X 237 550 ) [543 57 i Jik BHL2€ ( BRVO) Al
176 3 BRVO fit FEHR IR AT U 2R 300 , 7F 5 SVM
YRRy ML AL LA, DL A2 W BRVO B REE FE 5
JE BRI | 3 S50 R il 2T T AR (AUC) 43 5
94.0% 97. 0% 96. 5% 93. 2% .0. 976, SVM 1 B {1 (& 43 5]
4 80. 5% 84.3% .83.5% 75.2% 0. 857, DL HERILE -3k
SR EAE T SVM A DL 5568 5 00 B IR IS RS 36 4 1o
FH, AT H A Hb 25 S g B HR A BRVO IR,
7.2BFILMMEERT LA B A2 ( retinopathy
of prematurity, ROP) /& JL % 2K B iy 22 5 [, ROP 1) i
A, TCI A L A AR S A A R A P AT IR I 4
SEATAR AT USRI ™ 5 A SRR IR  (HOR TR LA
% Fherfe A R, BRT ROP 30E 1Y 3 2 7 4H 78 T %
WA EZ, Brown % HE T —4~ 58 4 A 3h4L ) i-ROP
DL &G KR B 45 5, CNN 2544 3 FH T Inception— V1 Fll
U-Net, i R G212 M1 ROP HE# %0 98% , B J5 5% & BHL
i-ROP DL R 48 1] LI~ ROP A pli— N AR 14, B
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— 21 R AR AR T B 100 SRIEMR AR L 125
PO 5 g 12 W AT DL Gk B R U 100% , 4% 7 94% 1)
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K (VW) EE 12 B AR B 58 /9 11 55 P 4 B 2
(CAD) R4, B T8 P2 AR (CHT) J7 3% 0L B i 47
43 ) 6 228 SRR FT 1T EIGCR F SVM Bk b 474328, 45
HERR 3R 96. 96% , RIBEH 97% ,F¢ 7 FEH 99% .
8 Al ZERRFI 57 A HpiEB ERI Bk B

X 2 L I PR S 8 8 % RIS %) DL
W2 AT IR R /N H AR F M, B A KT g
FEAEMERROZE SR, BT EA MR ERE L AT 2 BE
T T LA AT TE NG PR ) R R FH 38 A T4, 78 B2 97 I
fatrp, AR AR R R B P RE , T LR AR 2
B FEARERAE  $8 78 AT YA S 0 12 8 6 A TR 3 O 3552
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A FH 25 [ A A %) B 4, T A B e R AT Sk 45 AN A TR
DTG RS2 BRI, DA Ikt 57 b o B3040 4 1 oh 3% [
Al R JRAT G ZRFE AW 5T 1) B AR
IRE

AT FERS TN 2290 I RS 9 7 1T £ 28 S 7w+ I DR T 42
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