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Abstract

e In recent years, artificial intelligence (Al),a branch of
computer science based on deep learning and machine

learning, has advanced rapidly in the screening and
clinical management of ophthalmic diseases. Its
application scope has gradually expanded from the
posterior segment to the anterior segment of the eye.
interpretation frameworks
incorporating multimodal imaging modalities, including
slit - lamp photography and anterior and posterior
segment optical coherence tomography ( OCT), have
demonstrated considerable potential in the identification,

Automated detection and

early diagnosis, and clinical decision support of common
anterior segment diseases such as keratitis, dry eye
disease, pterygium, and glaucoma. As a fundamental
instrument for anterior segment examination, the slit -
lamp microscope remains indispensable in routine
ophthalmic practice. This review summarizes recent
progress in Al - assisted anterior segment research and
discusses the prospects of integrating Al with slit-lamp
imaging in clinical ophthalmology.
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UTAER B Sk kAN B e g K SR RE
T, LLVL 2% 22 > ( machine learning, ML) F1¥% & 2= >J
(deep learning, DL) & F£EH AL E G (artificial
intelligence, AD) 7E R 15508 9127 Sk b FFRE BT B A2
HIR 8y g £ F1I2 1 v JRE AR PR U LR A, T 57 Ak
AR RS HT AL T R IRE Y . IR 5E R W, B
AT 55 ZLBR AT b I BRORH 285 T 52 30T R A7 77 0 ) PR
i, IR T T RBCR 52 W B, AN AT R
TCRE BT BRGSO BT BRI PR A e o R
7R S5 , HHE Bl R 7 i e A0 b £

AL ZHIT RN AN Y e NZEE RE 1 BEIE 7 15 R R
TR . ML E R B o - 50 I B IBCRR AE R, DA 52 1
XGRS WA 53 2 0 SR ML 25y R A% GEbL & 2
>J (classical machine learning, CML) 1 DL 2% . CML @i
SZFF ) & AL (support vector machines, SVM) | Ff HIL 2§ Ak
(random forest, RF) #R3EH ( decision—making tree, DT) 5§
S FIH R REA YN R IBCRAE 5 38 1] T 56 T B2 97l
SN DS B AW AT 55 LR R W SR 2 2
2% . DL D)2 N\ T4 25 ) 4% (artificial neural network, ANN)
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Y BB B BY B 2%, LA 3sk U3 B2 B 4% ( recurrent neural
network, RNN) . # FH #f 25 B %% ( convolutional neural
network , CNN) S5 AL 26 AR K AL R 5 & 55
Z AR, S H S 2 2 AR IE SR B, TR 8
PR

1 HET BREEE SRR E

o O ) AL BUKT PP B AR B 2 B s S R T M Al
BT R B, ST AER  BIFSE N DB OC T AR S
Tia] 4 BUAT ER A R AR A 3 5 3 i 3 R AL RS e SR A
RO A H AL AR | H T 7E ERRRAE O A0 R o £ 45 1) O 1
BT 50 25 e L S50 35 7 HR 3 fige i) 285 49 g B
ik, TP & T —#4 R Visionome” B8 B S A& AN 4325 R 4
ST BT EUR AR AR B AT A . 5 — S A
BAHEE Hh MR BT s 4 i R 45, R B SR 55 OB RO M
i 2 A A BUAT TR 0 Jo = [R) AL, A I DR AL 4l B 12 B 4
e R R TR R e M4 4 S L 5
R AL HR 5 125, 52 0% £ R Tl o i 1) G M DE Ay, HE B 36
iKF]99.03% "7 XLy kR I 3 i bR o Ak RO 1k 24 B
JTEME, T i R AL %6 B2 o7 4 fb o o i) B 0 DR B, oK
Bt A EUGAL B A Sk B P i HAR 1 K g, 2
B AT G AE B i A 43 78 R 28 P v 8 1 P 5 v
R, AL YT R R By 7 B A I S RE Al
2 Al BEARBITERERMBERI T ERPRIZA
2.1 AERR
211 B miEs YA LR (infectious keratitis,
1K) J& 43Kk 2 B A0 20 TR I B A Ay Ja e e 1 05t 97 B
FARSIR I, AT 53 R I AR ) A B4R (microbial keratitis, MK)
(NP | ECPE Ph ul 2 A ) s b AR L A
TS I o 17 1 SR TR, 5 AN BB Y 2o BN AT 3 A
PE,

MEAER , AT BR -G SLRRAT 5 f i AR 7 A7 B 48 S5 1Y
WIS E AL TRA RIS F 2 R A T X B M IS HoA
FRESG AR Bl S & R B T AL 4 A 4 S R
R SR — 2D S G AN [ 2K B S AR 1) RS A Ak 4y
LTI T i A e B R X 3 ( region of
interest, ROL) B9 ¥E 6 15 1 5 43 &1 S22 W7 F 23 B 19 DG S,
Loo %' FF & iy — R 3 T IR BE 24 > 10 4 [ sh B3k SLIT-
Net, REAEA R H1 2L BAT EZ b i IR PR 25 44 F Mk =9
PR, T Yang 26" Sopr 4 00 1 A Bl A A2 1) 4 122 A
5 Transformer A9 B 2% >J A1 H: G B A5 75 W 43 B P BE
BN TARELGIR IG5 22 5, 0 MK ARifEALi2 I8 i I
PPAL AR 7 Wi pE e e T B, XSEmR FERET
MK A= bR 59 A8 o 23 31, AUOE AL 5805 0 B PR BE, R &5
A PRI s W kb TR R BE 3 10 3 R 45 1005 PE Al

RhR , JCEE I i 17 7™ B R B O 1R T O 2, A g
GERB— O NIRRT IR AR S X T AR
SRR A AR DGy I, Li %1 36 TKSLI-2021 $4E 4242
i) CAA-Net 517 S2HL T IK (9 AT A8 Ak 5 8 HE 12 W, JF
TELZ TS b DAL T A BEAY | (E X 240 B PE £ B 9% (bacterial
keratitis, BK) BIRBE A AR, Gu %[”] T Inception—
v3 SRR R ROy R IR L 2 ST HE SR K AT 55 W8 0 e dn
if)‘lﬁﬂﬂﬁlﬂ%ﬁﬁ&ﬁﬁﬁﬁﬁ@T%‘*%TE}RE'J,J‘fFEE Hong
SV HE 2 R 2 A R LA T BRI 1) AR

832

4325, Koyama Z5!™ R JH B B $2 TF Pt SR M ( gradient
boosting decision trees, GBDT) fill & 22 It Ik F 15 R 5t
TRAFAE | VR i 2 o B DU S A BB R 2 W7 v oRG 1 8 5 A
T R & A=, It S ol T ok 2L A S A o R
92.3% (AUC=0.995) , B4, Li %5 #J 8 Y DeeplK 2 il
TEI3HT 2R G0, 76 F T 46 22 26 R0 20 1) P9 AN A <7 96 0 4 J%
TR PR B0 F 45 v 35 e 3 A S5 12 Wi s RE (T AUC>
0.96) ; Hu 251" I64IF EfficientNetV2—M A5 751 7 8 {4 7 2 v
P L 1 P 40 L BK 3 2 80 50 5 22, 1 3 01 O 5% v
Satitpitakul %'} & LA DenseNet121 b HE Rl (1Y B — f
FIAE B | A A BUFE R 1] FKBK A IE 7 A 15 9 1 1
K 83% , IE A TR F S BERILE 1K ()43 28400 vp Jié
PR LG B e AR R e fEL X BK IR BIAT A TE B B A
JE o BKAE R RS o UL 95 72 1 e g UG A TK 2R H
HYPE W A2 2H8CR SR E TR, Xt
ZE M TS AR RR A 43 700 o A B RN AGE P L 22 R 5
BB AE, AW I N E— 25 A% BK 1 4RAF S B AE
J1, Y KEEAR Z R A SRS B s 2
FIBIVE R 4 STAT 55, HHE SRR 1) 1 AGE P o 8 4 A
3T A ) ) R

I PR I R4 BK 5 BB £f 98 (fungal keratitis , FK)
HESE S, HFK 2 5 ELA SR R g W 0 7 1 B2 1
B R BIE IRIT FE 2T W BT AN ® FHEUR
B AR BRI, 5T A TR BERY FKORS iR 51
B BRI IR RIS W BIAZ 0 T 0] Wei 23T 1 916
TR ZABAT MG, 3 3 LASSO 8] 5 G 2 1 AR A AE I Y1 ZR 4L
A TR Hod 08 B (A DS 7R 22 HP S PRI
FR TR F MBI H: (AUC=0.903) , HBp R EE A
B, PRSI FK AR 010 A 512 W, o 3638 i 3L 2
BRI ML B8 BN PR 37 55, H & i v 1) I IR S B
Soleimani 25" JF & T = R AR AU s AL AEHRE 12 W IK ( #E
B33k 99.3% ) K51 BK Fl FK, 14 BE X 43 2L 195 151 (1) 22 4R
AR RE A | STBL T AL Yt A1 598 12 W 4 7 A 19 4
HB, I Z A RSB T IS T TK A 1) 56 1) L A 1 784
SRS S B2 W, 5 PRI2 YT I 4 R T oR 3
A3 Kuo 257205 15 47 28 Y UE 52 B B Uk 92 B T A R
PRSP P B 2 5 B M T e 5 AT 53], (EL IR
PR f1 B R A L s R IR T FK 53558 BK,
Sl K ERIZWIT KA E AR, BK & MK s I
kR IGE A 2E R B S FK R I PR AR AL, DA o v
ity 245 ) 8 2 % o S B BRYA YT 7 26 M By 1 ™ B I R (U
AL IR N R %) EREE™ | Hung & BT
DenseNet161 CNN 9%, XF 1 330 9% IK KR #F 47 18 BE 43
BT, 20 58 URHIEJ5 SEEE T X 43 BK Fl FK)F 349 o 1 %6
1 80% , M RAEBE T B LA B W T E, Won %%
PEH T =Fh#r B Vision Transformer ( ViT) HEZR | 45 & 7K L
SR R 2 = Tl 28 R A R Y IR RS A
W WL VIT BiEI7E BK 5 FK 2302 B g 3%
TF(AUC=0.93) , Wang %7 fy g 73 T4/ X &
BINZRAY AT B e 24 B0KT A R FAHLEME X MK #Y
PEAG R B A ; Ueno 255 JF & 191 A 36 T8 e FHLEZ
B ZBIREE A IS IR B 2 S AL CorneAT, 76 24 BT B4
KB e FHLIEE b AE g bk v o 12 Wt (1 9 B e A S
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Mo Lk EWFTEAT LURIR AL S 0L 25 G R T R TE 1K K
I BE 8% A S AL SR Wi R B, -4 Bl AN [ 2 2 £ s ¢
BT AL SRS, Tl i) 2355 8 R T AL ], Bk T 15 B
WHRISTT Yt , L heli /& 582 T HILM S G200 20 T A 1Y)
oK, EAESEI T AT HORRSF Tl PR g i PR 552 o ) 75
L B,
2A2 RIREGM AR M5 (comeal ulcer)
£ TR ( corneal opacities, COs) F&= 2Bk 35 ) B PR
I3, 38 F AT BR 0 R A AR U R Y BT O A
K2 WA GRS R R B R A RO . ITAER,
AT HOR 52 BTAT B 45518 T A £ IR 15tz TR Dl i) 1 400 12
Wi Ak T Q0T 4 % e 7 2. Qasmieh S5 R T F
Hough 754 (1) KR40 34 AR Fl ResNet18 TR i 2% > 1 L 43
PR RS B e L P HERR R KT 90%
Wang BRSNS R P&, % M XGBoost
LightGBM Fa 7544 1 11 £ R 15 7 190 J A 700 Wb /s i R 47 114
IRE , JEIHXS 3 mo Ji5 3t 977 57 £L S A0 R ) T AUC
43 3355 0.97 F10.98, Ly 07 1 T —Fh BAT R 2%
SV THEE AT B 4 25 26 MIF —Net, T A 5 5 97 40 2%
Wang 35 JF & T2 MBS 22 R [ AR 4 A OB 45
W EARTE TR RS R Y b £ BBz 4 R BE
RIEEARTT 7 SR E AR ST SR EEXT A R i 1) B
FEATIAHAS D B Tz RTS8 )
2A3 HittmiRER A BBORLRE I A R (granular
corneal dystrophy , GCD) J&— & G4 (8 (K i 1 352 %95 , Bl
5 15 R AT R IR AR S BRI 72 | R I 2B KT PG ) A 3
PR 5 5 o AT B G R M E . Deshmukh
ST U-Net 1Y CNN BEEISEEL T B DR 401, 1E
PRI P R B R (ToU = 0.81) , (HIZBERR A0 A A [F]
JRFERT B, HA 5 A IR 1oh 25 3 RH S ), oK 2 P A 45 5
ST R Z A, S BRI R L5837 5 b i i v
RE 50T 8 X LA T 5 2 B 7 LA sl o O e 1 1 DR 5
3R Kenji %5 i I 445 2 S5 00 ( smart eye camera,
SEC) 5 URBE: 2] #d 57 A BROR R I R 4, 43 S ME i 320k
0.96, JIitFEZWHERHE Tl AT 5. HRTEE TR =T 1
H LT EAE GCD 12 Wr 5 i A vp HoA 1 W 1, (BRI
PRI FHIEAFAE 1 22 Jry BR AT 5 2 — 25 0 Ak LR T i PR
IR 8

A RET A2 1148 ( corneal neovascularization CoNV) ZHE
T3 119 H S AT | AR B AT i Wi 15 i e 5 3R 97 AL
HEARK BT R AR R T 5 T G B 5 TR B2 2T 1Y
H Ak 53 B 05 R JF & R A, % WY € B IEAE TR Kim
ST RGOSR S B S # N T A SR BT R,
TR AR St EAL TR G T I & hy il PR s ) 4
PET A EEPE . Chu 5 HE Y TrerNet 57 8 1% 5
BRI & CoNV 1Y A 3173 #1514k, 7E R 1R 52
FRIT RN  AHXR 2 B2 R B 14 A 1 457031 2 85
BEATTA PR, S SO R 7 P 14 Ry B LA il 2 2 s 1)
B PEAR 755K 5 S RRE, Mergen 25 3£ U-Net 224971 %
Y Bl Ak CoNV 411 I 2 A5 Jr& 88 1 65 v 1Y) 0 0 ot e
FE7S 31 28 5 Ak b XF g R T AR Y 4 FI A2 O L
(intersection over union, loU) f &1k 95.5% , F5 5 Mk f &

% 98.6% , A CoNV Il IR &AL AL 5 B bF e 341 T %

WM 5 H AT 250X CoNV BIFFE A1 25550 S A v 22 it
KTEVE, ARG DL AR R 8 A 5 HAth A s A 1) &2
FR B, SR E SIS 7 ST 3T AT 52T -
AEBREY F S AL PEAS CoNV B 77 35 38 45 28 e i % 48 F o T
HREIS | = X0 i 280 A O o PR A

2.2 FHR  FHRJE—Fh LLTH PR 45 26 i M R AE 1 IR % £
R 2 e, Hop 2% e A B ol DL 3 5 G RO T e e A
AHSE G R B 2B E TR B A PO R AN A
R RS Y I R FE I, AL 254 LR AT BUAS AT S2 I E
B 40 [A] (tear film break—up time, TFBUT) F1 £ J82¢ 56
F YL, ( corneal fluorescein staining , CFS) 1Y H 334k,
M E THRIZW &S — 8o, AR MG 58 3%
LY E 24 A DA, Shimiza 257 F) #4520
SEC ¥ £ RE W CAMN , S TFBUT 558 5 T IR 27, i
SN RS S IR B B K 5 Vyas 281 26T CNN A7
SEEL TFBUT H 8439k, HER R 1K 83% ; Yokoi 45 45 & ffi
I b 2 [P 5 AR 0 7 TR 3 2 ) A ST R AR 432
FEARUER R 78.4% , T FE F5 /K B = AU HR (1430 51 R 5 ik
92.3% , 45 Tl R o HR AR AL IR 7 FIIE 28 2 43 00K 1
Y55 E1 Barch 450 $2 A0 RUAT: 45 205 A4 19 4 24, ] S BR
PRAT T R 246 0 O 5 N TohR 1 8 BE AR O (r = 0.81,
AUC=0.87) , CFS & 1Ak HR 7™ 2 15 R 65 - 7 6 475
FEEE (O AE br i , e B s A PPAl 2 I PRAVE 73 17 3 05
Jil), Feng 4V B AL ROEIRFMFFAE CFS H 314344
LRI e s S s R R b Ak s IR W e W
Il R AL IS 55 97 35T Al 4L T 3 B % Kim %507 3
FRIAE CFS BRI & T — &4 A SR B2 ) &
G5 AEZ2 P NANKIE RN & S50 2 B A i AR DG 1k (3
r.>0.86) . % &R G0 0 TR ™ ERR Y & I PEAS BA8E T AT
HEEMEATE AR08 T AT HEMEWRES, BT
AR I R 20 RN 2 1] B 1 IF 98 4008 T BT IR 4,
Ab AR BE 5 16 R A 2 T IR 2 WA S5, Wang
SRV BL T U UG A £ 2 B HE 4R | SEELXT DED A 56
6 2% S8 10 A SRl RIS R AFERE . B ST L [R 4E
B T L — TFBUT 60 1] YH 5 | ) 68 % W6 W 55 22 2 %
WAL 2K 8 | 9 DED 20 BRI 7R o 424 173 T2,
Ak, 5B AT AG N rh O KB 1) TR B 2 2] A
A B ST IS YT 1) RS e S Ay T R

23 BRER  FARE N (pterygium ) Z i IR F# WA R
PEIR B0 , L SIS W 2L BT K 4, R S 2R YT
Jral L AR AT 45 A S BRKT B A 85 B AR U A 7R F0R
BN ER LW B TR B B E Y,
Zheng %% 3L F 1T #% 2% ) ¥ & MobileNet #& %I H
MobileNet2 763 (AP fE b fedd | i T 582 0 A Fifg sh &
i S 1 R S -/ T SRl 10 Sl i
TransUnet 15 L4381 0 45 5 i 26 005 B0k M T 30 B
W BNk R G, o AR5 93.6% , i E 1R THT
fhny % W 5 % 5 — 8t (Kappa % %% = 0.8908 ) ; Liu
A58 3 — 5 ) F A I A e A2 RE T HILAG T 45 0
KGR, HLMER Rk 95.24% | M E 12 1T 24 B AT A5 L, Fang
A BT RS Z R PRI o Y DL 4032, SBR[
A R v AL BUR S R SR I 5 I A 4
TR A 1 5 2R, U HGE 3 J2 i 38 b DX ) F 0 7 4
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T Wan %51 $2 1 (1) DBPF-Net 75 3R 8 A 430 5 2458 T
HH I A A T AL B8 CNN, 4 T R 250 B 3h 1k 0 A
Y (H R A A R, AR RIS AN R
2o ik Z2 U R R R A I RISIE | 1 R S VAT 5 i — 20 3
HE, HE—5H, Gan 45" ) g 20 450 A A AE 4 0T A 5
ARAGAE I 52 BT WAL A ; Hung 251 R Z4BRLT ESTF
JrE B TR A e T, (RS AR 1 R A AR S5 52 2 i 197 R EC Al IR
FPN , HA TSN R 4R 0k, i PR B, HTE 75 i — 25
Ak, Moreno — Lozano %' fe L % B 5% W] & B4
Se—ResNextSORR Y 75 55 PRSI H e B e A, TR A R AN i
3530 3K 93% F 92% |, 3X $E 715 Fl - 2R AL 7R IR BH A iR
SIAE 55 b B 35 N PR B I RS A R 7E 2 ol
B AR IR — P RE, SRS A PR C )3
RE AR BRI N 24 EIRR B AL R B RE Tl
SRS  BAERS B iz AL B A T AN 22 O B iE Ty
T APy e 1 — 20 S, R R 2 RS S A0 A g 3L
AR NSYT RIARIEAL S AR A
24 HNE H W (cataract) &2 BR i LY AT 50 1 A0
FIFERIER BN 2 AR A O B, 25 A A |
B BT RIS 3 Y I PR AR SR BT R R 5 5 i
PRIRIE 0 4328 R G T (lens opacities classification system
IT,LOCS M) #EAFIZ W 5409 L JLAEk R 2]
B RBUT USRS G 50T R SR A 43 2 1]
B PRI AR

H AT B BE A I WE 5T 2 2 e T N R B 3
BWIS %, Li % 5Tl E R AL LS A SV
BIH k@A PE E R A 37 R S, S5 IR PR e 2550 1
Zhao 25T HL 0 o B WA B W 45 5 CNN -Transformer J#
AR AT AERY ST /INEEAS | ARBLREAX 1 N R B 40
9, MERR R IR 91% , IFAE 2 PO Bl 1 3R v e
FATAEYE ) A6 55 —TRFgT v, Xu 45 58 i 2 BGRIR 1A R
FRAS R 5 2 A 1 A R AT 23 % AEZ SR AE S 2% i
PRIREE b AT 7840 BriE , X LA /2 SEPRigyr ik . Rk
e GETE SURFIE Y R BR , A OCHFFE R F CNN-RNN ¥R JEAE
B8 BRI B R AR S BUAR PR 1 P BEORS 143 2%, O O
il HR R 905 12 W B (1L 48— D IR AE 2R Keenan %57 38
it DeepLensNet 255 R IR B 5 308 BEBH [R5 S 1 % = Ff
AR AR O I B Y ) Sl E 22, Ferh o R R AL A
JTPE 1PN R Y 23 2 1 2R S 250 T IR B IS U ( MSE 43 1)
4 0.23 vs 0.98 F153.5 vs 134.9) , LSS GMET
FOI T 2R N B R RS T VTN
LA R BB, AR A3 T ZE A 6] I AN [) AR B 45 1Y
ZHOBHEE PO, HAT, JLE e K N R R A
REEBEEHE, Liv 575 T 2B R CNN FFE
SERSE R A BERY H B9, HAEREIE TG0kt 2
TER AT ELHN Tl R 2 5 5 B2 W, 18] -t 7 IR R
AR G Bl 5 O B T 2 BT R b DX PN B ) O A
5 Hu %7 5 Shimizu 25 4 BIHE 4 60 6T S0k M E1
PRAT IR B 2 2] 7 vk AR sy S I LN B 2 B2 e 5 43
G, BRAR B A AR -4 53 A7 B 58 e, 0 ik ] T Js A i
., ZWSEHE— LT R MEIE R T B IR 2= )
B AL BRI, a5t s & 17 LoCS WA H T4
[F) A 288 1 PN s 1) T 32 DRI R 53 20, kg RS2 0 A B A 1 S i
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A TR ST RBRAT BRI AL A A
%) oA SFe 8 B A AN AL S RN [ A 0 AR ) 4 T 7 i, 44
THIESZ 2RI R 56T A M, Bk — P45 5 2R AR
SimRBERL, Sy N B2 WeRIR T S A T4 T A I R
BORSHE
25 REMHMARSERR FHOCIRE2ERE ARk
HOEMRR , Horp 5L PP £ 2955 YGHR (primary angle closure
glaucoma, PACG) [Hl 5 £ 5 ] S B 218 VE R Fe i, o
7 R R B B HLBCR XU =7, 7RI R IR B2 Y7 v it A By
T R R IR T B R A T S AR EOR KUK
AT 55 2L AT I I B AR 45 G 10 9 A DL 25 B 4B P #1 5C FA]
(primary angle closure suspect, PACS) J /& R & 45 07 ik
ATE R 2 BT PR O B AT HE T A B, HETE A
Z LT BT R S A RIELSS S RR

Theeraworn 2578 JLF 2B 4T K114 M Van Herick’s 432%
HE3r SVM MR SEELXT PACG 1Y H 3h i A5 , 1% 07 ¥ M Ho A%
G5 )5 e R U FIHERRVE EAA TR T AH G RIHOR I
H SR D REIE 75— 2D 58 38 | HLAR S R AR R £
THilG A S R 10 FHRS B 5 Sihota %57 25 & AS-OCT XHE& Si i
Van Herick’s 732 5 BT R (¥ H S Al 5655 5
FARIPPAEIE A T IF 4 . Soh %7 F# ResNet—50 #51
R BRAR BT i BR 5 v T e e i s R B O AE 2 e
RIS UE TR R AT — 80 UEW] R SR =i e S
O mT AT . Shimizu 5550 5 TR BEF AL BT EIR S5
SWSL ResNet 5351 A B i b3 TR L TUINASE B, 78 B3 £ 5% ]
IR i 2 r 7 R A R I2 T ALRE (AUC = 0.923 , R
0.943 , FF 5 E 0.902) o IZWF TR IR 22 ) 5 45 iR
WM G, AR IR+ X T 2 1t T —FhE A
AR TS 58 I -IVEAT A 1 TAE 2 b | 2T REEL
bt — DA, 53 A WEFE AR T BB I TR R BT
S ALARAE , Aloudat 55 B2 H A% 422 i 2 o5 MR G 0 7
TEAE 400 SR IER EHUS 95.5% I HERI %, PACG 910G
BT S TR R . B SLBKT R B AN B T i
AN T 56 2 | LA )23 DA R0 DY R L 0 0 2 P A B R
TR B A H AT Tz HE) T B A B
Ik SRR

MAEREAE AT BF5T 22 48 P 140 I BB 9 20 AT ) AR 3
255 AT A R S BRI J T 20 B Sl A, B
B HZIGRIZTT B SEPR K o A IZ U E U B Bt
R B2 B PR H] Z RT3 A7 7R i 2 1Y IR 5 R
B (1) F it AT BRLE i B4 B %l N 51 58 b |y
MR AL R FEIHC HLBE IR AR, BRI D AR A i3 R
MBI R W i R B E A, (2) R bR
YHEAR IR SR 252 e A BORS e pE ) E 2R BT &
BAFAEN A Fh 22 57 S BOR RV 4R 2 [ A7 7E B 2% S5 Bk
SRR 2l 2B N IR E M E R T SR, R
A RIF 5 5k P AR 0 R T R e A Wa A5 R HY 1 90
BL , BRI 2 ) 1 Uk R G 2L Li 25 °T 42t i PG
FE 5 TR (G R AT 5 S A7 i — 2
MI5E% . (3) ZEWE TR R £ T 5 — P BURR A8 s 78
TIE X ZPIRER G2 W 2 RS AE R E DL R A ) o A2 1
AR RANAT IR . Ah, A Y AL BB AR ZEBAT 2 6l
B P45 v R 5 8 T3 7 A v R I — s ¥ ) B



Int Eye Sci, Vol.26, No.5 May 2026 https.//www.ijo.cn
Tel;029-82245172 85205906 Email :ij0.2000 @ 163.com

TEFR AR | 5 WLAR RS W LA S A2 2 1 PR 3 s v 114
FAAISAAE A R PR . A TK ek, BK 5 FK A% R 401 4 551 e
BPE M ASERARL, 1T BK &R, i R | 3 1 B Ak A
TE—EFEE AR ES T I R SEPRT 5K 5 76 CoNV 17 FIT: 55
A B B R AR AL R R R AT (R R 2 1 A
A I A TR P A5 2R I U 4 E R U RR iR T
FLIY 5 A1 M A 0 A v R T 4 PRI B0 T o % 0 A AR
EL7E R o A THE R B 5 v i 2, (EL L FE RS [R] b i K )
TR [ (4 YA 238 08 AAS 31 0 43 B0 5 85 P T AR 3P Al FLR
Ji B 0 TR 45 R S AR AR o AP AN R, LR =AM R G
UE, Foilfs RS F A A it — 25 50 0F

SAEERTSCRTIR | ST AT 254 ZLBET I8 B A S B 5T
CLR A5 2 e R v s & ELSOR RS s A% O IR, FLRS 43
WG A A IG R I2 7 22 8, BT — 2 I R 52 4 0
KL TR AR ESLSIT G, RE5H 25 1R
BT TR, JU I = I & 9 B 1005 R0 , X 1 PR ke
RINLEA R BIMER IR, 5 2 — 227 RN AR5, A
02 29 R AE AR Ak USRS TR 7E FLSC I IR S b i)
BTN LIy

FRMF ST B W T 2L 2R SRS AR
A U E I e ST 3k 1 vz AL RE 0 558 VS L 38 0
KRG AR R IRFE A5 B LR G i 7 ik, Se i 2 4t
FE ANPEAISYT SR e R b A T A5 0 g i 3
J2 BT HLR) S 30 PR 0 e AR AT AR A [ sff t
AR S 52 2 78 T RG4S 55, Al RO SR Hi it
FORSHER MRS . 2 P A B AR IO =X B br AL F
PRI FHIE 5 22 2456 A SR A a0 @m0 vl 5 1 el B iz
STRZR A 703 sl IR A1 0 3 0 A RS 4 4 B R A1
TR AE FR I %

25 i 5T RS B AR SO 2 R

YEE TBk A B R LI SO S B W RR RS SCHRAS:
B OIS SUE I R TSR AR S 1 SUB M K
W, PR BT R S R 2 M SOR

SE

[ 1] Kapoor R, Walters SP, Al-Aswad LA. The current state of artificial
intelligence in ophthalmology. Surv Ophthalmol, 2019,64(2) :233-240.
[2] BR%, B0, XM, 5. A T8 BEFE IR A1 SIS Wt b it i
15/ (2023). EPRIRABLI4ER, 2023,23(9) ;1421-1430.

[3] Wu XH, Liu LX, Zhao LQ, et al. Application of artificial
intelligence in anterior segment ophthalmic diseases: diversity and
standardization. Ann Transl Med, 2020,8(11) :714.

[4] Liu YH, Liu SJ, Gao LX, et al. Artificial intelligence in the anterior
segment of eye diseases. Int J Ophthalmol, 2024,17(9) .1743-1751.
[5] Li WT, Yang YH, Zhang K, et al. Dense anatomical annotation of
slit—lamp images improves the performance of deep learning for the
diagnosis of ophthalmic disorders. Nat Biomed Eng, 2020, 4 (8):
767-7717.

[6] Li ZW, Jiang JW, Chen K, et al. Development of a deep learning—
based image quality control system to detect and filter out ineligible slit—
lamp images: a multicenter study. Comput Methods Programs Biomed,
2021,203:106048.

[7] Li FF, Li GX, Yu XX, et al. Integrating prior knowledge with deep
learning for optimized quality control in corneal images: a multicenter

study. Comput Methods Programs Biomed, 2025,267.108814.

[8] Cabrera— Aguas M, Khoo P, Watson SL. Infectious keratitis; a
review. Clin Exp Ophthalmol, 2022,50(5) :543-562.

[9] Li ZW, Xie H, Wang ZQ, et al. Deep learning for multi —type
infectious keratitis diagnosis; a nationwide, cross—sectional, multicenter
study. NPJ Digit Med, 2024,7.181.

[10] Tiwari M, Piech C, Baitemirova M, et al. Differentiation of active
corneal infections from healed scars using deep learning. Ophthalmology,
2022,129(2) :139-146.

[11] Gu H, Guo YW, Gu L, et al. Deep learning for identifying corneal
diseases from ocular surface slit —lamp photographs. Sci Rep, 2020,
10.17851.

[12] Yang ZY, Woodward MA, Niziol LM, et al. Self — knowledge
distillation—empowered directional connectivity transformer for microbial
keratitis biomarkers segmentation on slit—lamp photography. Med Image
Anal, 2025,102.103533.

[13] Loo J, Kriegel MF, Tuohy MM, et al. Open — source
automaticsegmentation of ocular structures and biomarkers of microbial
keratitis on slit—lamp photography images using deep learning. IEEE J
Biomed Health Inform, 2021,25(1) :88-99.

[14] Koyama A, Miyazaki D, Nakagawa Y, et al. Determination of
probability of causative pathogen in infectious keratitis using deep
learning algorithm of slit-lamp images. Sci Rep, 2021,11.:22642.

[15] Li JH, Wang S, Hu SD, et al. Class—Aware Attention Network for
infectious keratitis diagnosis using corneal photographs. Comput Biol
Med, 2022,151.:106301.

[16] Zhang ZJ, Wang HY, Wang SG, et al. Deep learning — based
classification of infectious keratitis on slit — lamp images. Ther Adv
Chronic Dis, 2022,13.:20406223221136071.

[17] Hu SD, Sun YM, Li JH, et al. Automatic diagnosis of infectious
keratitis based on slit lamp images analysis. J Pers Med, 2023,13(3) .
519.

[18] Khor WB, Prajna VN, Garg P, et al. The Asia Cornea Society
infectious keratitis study: a prospective multicenter study of infectious
keratitis in Asia. Am J Ophthalmol, 2018,195.:161-170.

[19] Soleimani M, Esmaili K, Rahdar A, et al. From the diagnosis of
infectious keratitis to discriminating fungal subtypes; a deep learning —
based study. Sci Rep, 2023,13:22200.

[20] Kuo MT, Hsu BW, Lin YS, et al. Deep learning approach in
image diagnosis of Pseudomonas Keratitis. Diagnostics, 2022,12(12) .
2948.

[21] Hong JX, Liu XQ, Guo YW, et al. A novel hierarchical deep
learning framework for diagnosing multiple visual impairment diseases in
the clinical environment. Front Med, 2021 ,8:654696.

[22] Satitpitakul V, Puangsricharern A, Yuktiratna S, et al. A
convolutional neural network using anterior segment photos for infectious
keratitis identification. Clin Ophthalmol, 2025,19.:73-81.

[23] Kuo MT, Hsu BW, Yin YK, et al. A deep learning approach in
diagnosingfungal keratitis based on corneal photographs. Sci Rep, 2020,
1014424,

[24] Sitnova AV, Valitov ER, Svetozarskiy SN. Application of deep
learning algorithms based on the multilayer YOLOv8 neural network to
identify fungal keratitis. Sovrem Tehnol Med, 2024,16(4) ;5.

[25] Li DJ, Huang BL, Peng Y. Comparisons of artificial intelligence
algorithms in automatic segmentation for fungal keratitis diagnosis by
anterior segment images. Front Neurosci, 2023,17:1195188.

[26] Mayya V, Kamath Shevgoor S, Kulkarni U, et al. Multi-scale
convolutional neural network for accurate corneal segmentation in early
detection of fungal keratitis. J Fungi( Basel) , 2021,7(10) :850.

[27] Wei ZY, Wang SG, Wang ZQ, et al. Development and multi —

center validation of machine learning model for early detection of fungal

835



ERIRRIZAE 2026 FE58 2608 F5H
B335 : 029- 82245172 85205906

https ://www.ijo.cn
BB 31555 :ij0.2000@ 163.com

keratitis. EBioMedicine, 2023 ,88.104438.

[28] Won YK, Kim CH, Jeon J, et al. Deep learning by Vision
Transformer to classify bacterial and fungal keratitis using different types
of anterior segment images. Comput Biol Med, 2025,190:109976.

[29] Hung N, Shih AK, Lin C, et al. Using slit—lamp images for deep
learning — based identification of bacterial and fungal keratitis; model
development and validation with different convolutional neural networks.
Diagnostics, 2021,11(7) :1246.

[30] Wu JF, Yuan ZH, Fang ZQ, et al. A knowledge — enhanced
transform — based multimodal
identification. Sci Rep, 2023,13.9003.

[31] Ghosh AK, Thammasudjarit R, Jongkhajornpong P, et al. Deep
learning for discrimination between fungal keratitis and bacterial keratitis ;
DeepKeratitis. Cornea, 2022,41(5) :616-622.

[32] Won YK, Lee H, Kim Y, et al. Deep learning—based classification
system of bacterial keratitis and fungal keratitis using anterior segment
images. Front Med, 2023,10.1162124.

[33] Wang L, Chen K, Wen H, et al. Feasibility assessment of
infectious keratitis depicted on slit —lamp and smartphone photographs
using deep learning. Int J] Med Inform, 2021,155.104583.

[34] Ueno Y, Oda M, Yamaguchi T, et al. Deep learning model for

classifier for microbial keratitis

extensive smartphone—based diagnosis and triage of cataracts and multiple
corneal diseases. Br J Ophthalmol, 2024,108(10) :1406—-1413.

[35] Qasmieh IA, Alquran H, Zyout A, et al. Automated detection of
corneal ulcer using combination image processing and deep learning.
Diagnostics, 2022,12(12) :3204.

[36] Wang MT, Cai YR, Jang V, et al. Establishment of a corneal ulcer
prognostic model based on machine learning. Sci Rep, 2024,14.16154.

[37] Lv LQ, Peng ML, Wang XF, et al. Multi—scale information fusion
network with label smoothing strategy for corneal ulcer classification in
slit lamp images. Front Neurosci, 2022,16:993234.

[38] Wang TT, Wang M, Zhu WF, et al. Semi—MsST-GAN: a semi—
supervised segmentation method for corneal ulcer segmentation in slit—
lamp images. Front Neurosci, 2022,15:793377.

[39] Patel DV. Systemic associations of corneal deposits: a review and
photographic guide. Clin Exp Ophthalmol, 2017,45(1) :14-23.

[40] Deshmukh M, Liu YC, Rim TH, et al. Automatic segmentation of
corneal deposits from corneal stromal dystrophy images via deep learning.
Comput Biol Med, 2021,137.104675.

[41] Yoshitsugu K, Shimizu E, Nishimura H, et al. Development of the
Al Pipeline for Corneal Opacity Detection. Bioengineering ( Basel ),
2024,11(3) :273.

[42] Kim YJ, Yang HK, Lee YJ, et al. Efficacy of a new automated
method for quantification of corneal neovascularisation. Br J Ophthalmol,
2020,104(7) :989-993.

[43] Chu X, Wang X, Zhang C, et al. A deep learning—based model for
automatic segmentation and evaluation of corneal neovascularization using
slit —lamp anterior segment images. Quant Imaging Med Surg, 2023,

13(10) :6778-6788.

[44] Mergen B, Safi T, Nadig M, et al. Detecting the corneal
neovascularisation area using artificial intelligence. Br J Ophthalmol,
2024,108(5) :667-672.

[45] Clayton JA. Dry eye. N Engl J Med, 2018,378(23) :2212-2223.
[46] Storas AM, Striimke I, Riegler MA, et al. Artificial intelligence in
dry eye disease. Ocul Surf, 2022,23.74-86.

[47] Shimizu E, Ishikawa T, Tanji M, et al. Artificial intelligence to
estimate the tear film breakup time and diagnose dry eye disease. Sci
Rep, 2023,13.5822.

[48] Vyas AH, Mehta MA, Kotecha K, et al. Tear film breakup time—

based dry eye disease detection using convolutional neural network.

836

Neural Comput Appl, 2024,36(1) :143-161.

[49] Yokoi N, Kusada N, Kato H, et al. Dry eye subtype classification
using videokeratography and deep learning. Diagnostics, 2024,14(1) .
52.

[ 50] El Barche FZ, Benyoussef AA, El Habhib Daho M, et al. Automated
tear film break —up time measurement for dry eye diagnosis using deep
learning. Sci Rep, 2024,14.11723.

[51] Feng J, Ren ZK, Wang KN, et al. An automated grading system
based on topological features for the evaluation of corneal fluorescein
staining in dry eye disease. Diagnostics, 2023,13(23) .3533.

[52] Kim S, Park D, Shin Y, et al. Deep learning — based fully
automated grading system for dry eye disease severity. PLoS One, 2024,
19(3) :e0299776.

[53] Wang YX, Jia XH, Wei SS, et al. A deep learning model
established for evaluating lid margin signs with colour anterior segment
photography. Eye (Lond), 2023,37(7) :1377-1382.

[54] Baheran SS, Alany RG, Schwikkard S, et al. Pharmacological
treatment strategies of pterygium: Drugs, biologics, and novel natural
products. Drug Discov Today, 2023,28(1) :103416.

[55] Chen B, Wu MN, Zhu SJ, et al. Artificial intelligence assisted
pterygium diagnosis; current status and perspectives. Int J Ophthalmol,
2023,16(9) :1386—1394.

[56] Zheng B, Liu YF, He K, et al. Research on an intelligent
lightweight—assisted pterygium diagnosis model based on anterior segment
images. Dis Markers, 2021,2021,7651462.

[57] Ji QB, Liu WY, Ma QF, et al. A semantic segmentation—based
automatic pterygium assessment and grading system. Front Med, 2025,
12.1507226.

[58] Liu YW, Xu CS, Wang SP, et al. Accurate detection and grading
of pterygium through smartphone by a fusion training model. Br J
Ophthalmol, 2024,108(3) :336-342.

[59] Fang XL, Deshmukh M, Chee ML, et al. Deep learning algorithms
for automatic detection of pterygium using anterior segment photographs
from slit—lamp and hand —held cameras. Br J Ophthalmol, 2022, 106
(12) :1642-1647.

[60] Wan C, Mao YL, Xi WQ, et al. DBPF —net; dual - branch
structural feature extraction reinforcement network for ocular surface
disease image classification. Front Med, 2024,10:1309097.

[61] Gan F, Chen WY, Liu H, et al. Application of artificial
intelligence models for detecting the pterygium that requires surgical
treatment based on anterior segment images. Front Neurosci, 2022,
16:1084118.

[62] Hung KH, Lin C, Roan J, et al. Application of a deep learning
system in pterygium grading and further prediction of recurrence with slit
lamp photographs. Diagnostics, 2022,12(4) . 888.

[63] Moreno — Lozano MI, Ticlavilca—Inche EJ, Castafieda P, et al.
Aperformance evaluation of convolutional neural network architectures for
pterygium detection in anterior segment eye images. Diagnostics, 2024,
14(18) :2026.

[64] Xu Z, Xu J, Shi C, et al. Artificial intelligence for anterior
segment diseases: a review of potential developments and clinical
applications. Ophthalmol Ther, 2023,12(3) .1439-1455.

[65] Gali HE, Sella R, Afshari NA. Cataract grading systems: a review
of past and present. Curr Opin Ophthalmol, 2019,30(1) :13-18.

[66] Li HQ, Lim JH, Liu J, et al. A computer—aided diagnosis system
of nuclear cataract. IEEE Trans Biomed Eng, 2010,57(7) :1690—-1698.
[67] Zhao JN, Wan C, Li JJ, et al. NCME—Net: Nuclear cataract mask
encoder network for intelligent grading using self — supervised learning
from anterior segment photographs. Heliyon, 2024,10( 14) :e34726.
[68] Xu YW, Gao XT, Lin S, et al. Automatic grading of nuclear



Int Eye Sci, Vol.26, No.5 May 2026 https.//www.ijo.cn
Tel;029-82245172 85205906 Email :ij0.2000 @ 163.com

cataracts from slit—lamp lens images using group sparsity regression. Med
Image Comput Comput Assist Interv, 2013,16(Pt 2) .:468-475.

[69] Gao XT, Lin S, Wong TY. Automatic feature learning to grade
nuclear cataracts based on deep learning. IEEE Trans Biomed Eng,
2015,62(11) :2693-2701.

[70] Keenan TDL, Chen QY, Agron E, et al. DeepLensNet: deep
learning automated diagnosis and quantitative classification of cataract
type and severity. Ophthalmology, 2022,129(5) :571-584.

[71] Liu XY, Jiang JW, Zhang K, et al. Localization and diagnosis
framework for pediatric cataracts based on slit—lamp images using deep
features of a convolutional neural network. PLoS One, 2017,12(3):
€0168606.

[72] Hu SM, Luan XZ, Wu H, et al. ACCV: automatic classification
algorithm of cataract video based on deep learning. BioMedical Eng
OnLine, 2021,20(1) . 78.

[73] Shimizu E, Tanji M, Nakayama S, et al. Al-based diagnosis of
nuclearcataract from slit=lamp videos. Sci Rep, 2023,13.22046.

[74] Wu XH, Huang YL, Liu ZZ, et al. Universal artificial intelligence
platform for collaborative management of cataracts. Br J Ophthalmol,
2019,103(11) :1553-1560.

[75] Lu Q, Wei L, He WW, et al. Lens Opacities Classification System
III-based artificial intelligence program for automatic cataract grading. J
Cataract Refract Surg, 2022,48(5) :528-534.

[76] Son KY, Ko J, Kim E, et al. Deep learning — based cataract

detection and grading from slit—lamp and retro—illumination photographs

model development and validation study. Ophthalmol Seci, 2022,2(2) .
100147.

[77] HhAEBE 2o IR 2 0 42 B IR 20, b ] I D B 2 BRI i
S OGIR A, h R A R A A B R IR SVA U R R R AR
(2025 ). HAEIR B, 2025,61(9) :652-660.

[78] Theeraworn C, Kongprawechnon W, Kondo T, et al. Automatic
screening of narrow anterior chamber angle and angle—closure glaucoma
based on slit—lamp image analysis by using support vector machine. Annu
Int Conf IEEE Eng Med Biol Soc, 2013,2013.:5887-5890.

[79] Sihota R, Kamble N, Sharma AK, et al. ‘ Van herick plus’: a
modified grading scheme for the assessment of peripheral anterior
chamber depth and angle. Br J Ophthalmol, 2019,103(7) :960-965.
[80] Soh ZD, Jiang Y, S/O Ganesan SS, et al. From 2 dimensions to
3rd dimension: Quantitative prediction of anterior chamber depth from
anterior segment photographs via deep — learning. PLoS Digit Health,
2023,2(2) :e0000193.

[81] Shimizu E, Tanaka K, Nishimura H, et al. The use of artificial
intelligence for estimating anterior chamber depth from slit—lamp images
developed using anterior — segment optical coherence tomography.
Bioengineering, 2024,11(10) :1005.

[82] Aloudat M, Faezipour M, El-Sayed A. High intraocular pressure
detection from frontal eye images: a machine learning based approach.
Annu Int Conf IEEE Eng Med Biol Soc,2018,2018;5406-5409.

[83] B2 N LA BT AL B0 Y IF 5T 5 R 2. BB i
2025,25(10) :1628-1634.

837



