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 E:. BN R EESE S B F i IRBRER , B TIOR3 R T R T DARE RAE
AL RAEE B, HR AT 62440 T W72 UE K115 (anterior segment optical coherence tomography , AS-OCT) g #5 AE %
ol AP R I R E R, TG IRAFSY O 4 & IRFE AS-OCT [BUE A% vk 1 o e ™ Ji F B 5 Ak DX g%
FRHE, A AR RAR DG R R T A M, H ST AS-OCT BRI H shAZ itk 1 I B 43 28 TAR SR> HL oy 2845
WGBTS 8], Al , 8 SCHE S — P #0019 22 X380 & 73 & 7 2% (multi-region fusion attention network ,
MRA-Net) X AS-OCT FME itk A g ™ R EE SR TRS 4026, JoiE 7RSI 2 XA & T s v AR
AT T —AN 2 XA 1 B I (multi-region fusion attention, MRA) | Xt AS [A] 2 P X ISURRAE 36 7= HEAT Rl &k 14
SRATISEE T SH AN A SCHRUE T AR S B0z () AS-OCT BURBHRSEYR o =X M B oy S8 R, 45
R E-DHEM AS-OCT FUGE G 145 R R W] A SRR ) SRS R UERG 38 87. 78% |, XS itk DR
T 1% o 75 10 FAMFE ERYSE SR AR S0 Y AS-OCT B SE 08 T AN B07 Y AS-OCT $udie 45 #4356
459L  F1 F1 Kappa PPN HEFR /35 RIR T T 4. 03% F18% 58 AU [B T RAE AN [R] DX SRR AE 43 A 1) 22
St (A 1 P R DS TN 5 N RSO SR R o3 T S 25 SRR T 2 ) ] — A N LR A Rk e R
FEML, B A N BRAY AS-OCT PGS S 3F 2 AR B840

SKERIA AL P S35 MR35 6 AH T W72 AR R (AS-OCT) 5 22 DXl B30 2 T AR s TR 27 ) 5 B DXk

Nuclear cataract classification based on multi-region

fusion attention network model
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and cataract surgery can effectively improve the vision and life quality of cataract patients. Anterior segment optical coher-
ence tomography ( AS-OCT) image can capture cataract opacity information through a non-contact, objective, and fast man-
ner. Compared with other ophthalmic images like fundus images, AS-OCT images are capable of capturing the clear nucleus
region, which is very significant for nuclear cataract (NC) diagnosis. Clinical studies have identified that a strong opacity
correlation relationship and high repeatability between average density value of the nucleus region and NC severity levels in
AS-OCT images. Moreover, the clinical works also have suggested that the correlation relationships between different nucleus
regions and NC severity levels. These original research works provide the clinical reference for automatic AS-OCT image-
based NC classification. However, automatic NC classification based on AS-OCT images has been rarely studied, and there
is much improvement room for NC classification performance on AS-OCT images. Method Motivated by the clinical
research of NC, this paper proposes an efficient multi-region fusion attention network ( MRA-Net) model by infusing clini-
cal prior knowledge, aiming to classify nuclear cataract severity levels on AS-OCT images accurately. In the MRA-Net, we
construct a multi-region fusion attention ( MRA) block to fuse feature representation information from different nucleus
regions to enhance the overall classification performance, in which we not only adopt the summation operation to fuse differ-
ent region information but also apply the softmax function to focus on salient channel and suppress redundant channels. In
respect of the residual connection can alleviate the gradient vanishing issue, the MRA block is plugged into a cluster of
Residual-MRA modules to demonstrate MRA-Net. Moreover, we also test the impacts of two different dataset splitting meth-
ods on NC classification results: participant-based splitting method and eye-based splitting method, which is easily ignored
by previous works. In the training, this paper resizes the original AS-OCT images into 224 X 224 pixels as the network
inputs and set batch size to 16. Stochastic gradient descent (SGD) optimizer is used as the optimizer with default settings
and we set training epochs to 100. Result Our research analysis demonstrates that the proposed MRA-Net achieves 87. 78%
accuracy and obtains 1% improvement than squeeze and excitation network ( SENet) based on a clinical AS-OCT image
dataset. We also conduct comparable experiments to verify that the summation operation works better the concatenation on
the MRA block by using ResNet as the backbone network. The results of two dataset splitting methods also that ten classifi-
cation methods like MRA-Net and SENet obtain better classification results on the eye-based dataset than the participant-
based dataset, e. g. , the highest improvements on F1 and Kappa are 4.03% and 8% correspondingly. Conclusion Our
MRA-Net considers the difference of feature distribution in different regions in a feature map and incorporates the clinical
priors into network architecture design. MRA-Net obtains surpassing classification performance and outperforms advanced
methods. The classification results of two dataset splitting methods on AS-OCT image dataset also indicated that given the
similar nuclear cataract severity in the two eyes of the same participant. Thus, the AS-OCT image dataset is suggested to be
split based on the participant level rather than the eye level, which ensures that each participant falls into the same training
or testing datasets. Overall, our MRA-Net has the potential as a computer-aided diagnosis tool to assist clinicians in diagno-
sing cataract.

Key words: nuclear cataract classification; anterior segment optical coherence tomography ( AS-OCT) image; multi-region

fusion attention block; deep learning; nucleus region
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(Chylack 54,1993 ) J& — > & 7 AE BT KR | H
JIZANAT Y BRI RIS bR e . AR S A% 1 1 N
(TR B 2 Ji [ B Il DR 52 B 32 W 75 3K ( Ozgokee
85,2019) A%k E N B EE AR BETE LOCS T 4340 5
S8 T Al o3 AR (mild ) F™HE (severe ) S & JE [
Bt RRELBNBOE N B AR Y SR AR A IX s B
TRPRAE R AE AN B &, A% M PN R X6 R 1 2
2 9 XA AT LA O 25 W 52 1 N R R R
HERR ;U I B 1 PN A T R A A M DX
PR 2 TR bR AR, A% PR 1 BRSO N 3 R DL |
GO X R T AL I R IR R B N TR
E: I PR b SR FH 2B T G R IR T [B1452 i
FH N R 7 205 B A G R 2 50 AR ¢, A 3
SR, B MER2, b T RE AN RS
ARG , R A TE 2 IR BRI T T
AR 2 R BE 24 2 O i T R B 314328
Fiffi#r . Li %A (2007 ) Al Huang %5 A (2009 ) £ F
HBITEGAE R — AN A 2 W RS, |
A PRAAAZ A DR T A5 3R AR 1 44 U 43 20 o ) 4
12 3 WA AR, TE— i R AL BT IR B s 4 1 235
B ZAZE RG IS T 0.36 MR 2%,
Xu 55 A (2013) [FIFETE I PR 2L BT BIR B 4R i 47
WNE IR 5328 T TTRE A i 18] JH 55035 ( group spar-
sity regression, GSR) M5 1~ 83. 4% UEMf %, I it —
A A i ORI BE B ( Xu 45,2016 ) 45 55 4 e 4
R, Caixinha 55 A (2016 ) 758 7 F5 A I S35 )

L (support vector machine , SVM ) #4754 hf 5 P &
YIS T AEE 7 ZRACR  H BT B 7 SR
BAEAE 2ok A s ¥ B R A & AN, Cao 58 A
(2020b) 7£ HR S P4 8 o 2l i7F Haar /)N )% 28 0 58
VRS T A BRORG ME O A, IR T 85. 98% HEH R,
B 1AL G BB AL 1 5 1 FBIL R 2% > 7 i LA b 5%
P WRIREL 7 I AT N R 326, Gao 5F
A (2015 ) BT RIBXT MGG A B 28 9 2% ( conv-
olutional neural network, CNN) A4 25 48 I 25 ( re-
current neural network , RNN) {R- A7 FH F A N
B U T 82. 5% HERZ, Xu 6 A (2019) F
H Faster RCNN [0 28 & 48 512 8 v Xof g 149 A 2 X 3 H
PG I A% Ak 1N B G0 UG 83. 5% HEW R
H L REABFSE A1 BA ( Long 25,2017 ) 42 H — N JEFIR
JE27 2] B S IRAE 1 N B A - 5 R IR T AN 0 0
AR, Xu 5FA(2020) FEARE AR T 42— 8
ARy ER IR G 5 AR 28 I 2 A 3 ok R Rl AN T
PR I IRAE R, 1A R A 45 R L T2 AR X
BRI T AR, ZEdERR5E A (2018) [RIBETE IR K %
i R B i 2 I 2% ] T N B O A O OIS S
AL 8
R B 17 627 A1 -+ 7 )2 1018 £ K (anterior seg-
ment optical coherence tomography, AS-OCT) J&— Fft
B OCT JGHEA, W 1 (a) i, BAHER 5
R P A d AR R A e PR A E AL R S5
Pl AL AR R IRBEEE A E &) Il AS-OCT [&]

(a) HRBI 1 ESAAE TR g %

(b) RERZNEA MR

(o) BB

Bl 1 3T AS-OCT PGB P RPAZ A 11 P o 7™ B R 4 2

Fig.1 Two nuclear cataract severity levels based on AS-OCT images

( (a) anterior segment optical coherence tomography ( AS-OCT) image;(b) mild level; (c¢) severe level)
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FBAZ TR o , T £ 5 s A A #1756 AR . Keller 45
A(2018) Fl Dos Santos 5% A (2019) 7E AS-OCT K%
R R S O 245 AR RS 5 R AT 40 O
FRIREER IS5 R, Fu 55 A (2018,2019) 7E AS-
OCT PE% 1 1) T B ot 226 I 2% X6 75 Y6 IR JF 1A £ a0k
170 25, 76 — I R AS-OCT B¥t % F g 1
92. 5% WERf %, 7E 1 B2 W J7 I, AS-OCT B4
RETH 28 b AR UL 438 A% Pk DX 3 7 3 P X sl 8 2 X
Iof 1 e TR ARG 4G, T LA b A B HR R 15 2R 12
WA RIS AL R, I A IR L n 2B kT Pl 5
I BEAR LA X3k HOAR TS 28 | IR IS S H B AR
DA R 1 TR ok R A ., N B AR BB 1 DX 3, A I PR 3
RAFIE R, B/ AN DS F 2T AS-OCT E1%
FFE St RAA DI AR R R AE S5 A% M (PN s ™ R
Z IR R FR . Wong 58 A (2009) 75 AS-OCT
BT EILA B AR I AR R (e e
IS5 %1 P B 7™ 2 2 IR S, I R B 1145
S 58 A7 R A 1 R S A vy T E A il
P AS-OCT IS BENS 2 Wb 1A A 1 11 P4 o ™
FEIE FAE 0% F T 5l B B A2 S v 12 7 1 N R, De
Castro %}\(2018) Wang %]\(2021 ) Fll Makhotkina
45 N (2018) [AIRELE AS-OCT BHL T 20 BrA% 4k X I 114
QR IEFRAE 5 A% P 1 PN B ™ R B =2 ) Y A G
PR, JRR 3 T 2R LAY I R SE 45 R, {H Makhotkina
N (2018) FEAZME X3 F 2238 43 i AH DG M 55 T 4%
PEX IR R, R AN E R E S AN
B (VRN 0 AT A G, TR A I PR S 3 R A
R TE T, DLk P i N R 2R A AR
SRS, LA LG IRBE5E R AS-OCT EE T #%
PE B 87 2888 48 T RS A AR . Cao 45
AN (2020a) {5 B R 4 B 25 45 A X AS-OCT %
(1) A RAARZE RE AR A T 00, A5 3 DR AR (R A 1 X
Jo A DX Sl R P DX 3, T i B B A 2 R ) 2
BRI N B, Wang %5 A (2021) 5T AS-OCT E{Z i
T BERZ 3 T BUS AN I 93 R RO . Zhang 55 A\
(2020 ) 5 FHURFE B2 M 4% GraNet SEEE AS-OCT
U N RAE TN R 25 (ARSI T 60% Y ERf
B EIPEPCAE A (2021) B AS-OCT EHZ SR AR R 1
IR FEECT 18 MR ZERHE , HAH FH K IR b AHOC 2R
BO5 B R 3 0 AT R AE S22 A A
328 BUAS T 75.53% MERGR, BEBEPRAEA (2021)
W5 AS-OCT [EI45 55 40 4E BF 43 & LUIR G A 5

{37, (FLI PR 78 TAE Y AS-OCT B 42 97 43 A A 1
ST, T A B IE TAE X s i o a0 S 3R
o307 N B Ay R A5 R, DA B R T AS-
OCT &I H B % 1 N B 43 2858 T AE R B
OYRBEAEAZAE IR 73 S G RN TR SR X
B, FEIE R EIRAEA G AN A OGBS
B T A B RS S B OC

MIA WIS TAERT LLE H, AS-OCT K& T
AR T A B 03 2R I R BF SR 38 22 (H B T AS-OCT
PR RIAZPE FLNBE A 37 280F58 TAEE b Ho
KA TR I R e iR A SIS ki ok
T ILE R i, AR SCHEE T AS-OCT [ER 42
T2 X IR R T 28RS ((multi-region fu-
sion attention network , MRA-Net) X 4% 14 4 PN & ™ &
FRIEHEAT A 85328, FH T B B2 A 12 W i 1
FIBE . 587 B I HLH (squeeze-and-exci-
tation attention , SE ) #% ( Hu 55,2018 ) A Ja], 7 42
) MRA-Net #80H ARSCHIAT —A>2 X IRl & 1
B AL (multi-region fusion attention block, MRA)
XPAFAE AN [] DX ) R fE R s 15 B R T Rl & ok 42 T
SrEVERE . A T SR TEEE T ORI AG 0 s e 4 o 7
X% B A3 R 5 SR 52, AR SCR T T 10 A
Oy A AT O A TN S T

ASCEZTTRATT 1) 21 T — 2 X HE &
T 28R | 7 Bl 2] FTRLG A [a] X3 AR
P B, VIO s A N BE R 702845251, 2)
TE— LI EAL R A 3 AS-OCT BB R 1T
BE A SCHERUEUAS T 0. 877 8 WIMERGR , L T 5 ik
o2 BE, 3) Bk 1T LAACRIHR S B 57 B > AS-
OCT FMGE R XT 2 M RE s M) , 45 3 B 10 Fh
Ay SADAE ARG A 507 ) AS-OCT R K 4 I
23245 AT LUK 3L AS-OCT EIG £ 48
B B B[R A N H R A% 1 o ™
R REARLRT 56 T 11 DR 1 A AT 58 R, A S B3O
T AS-OCT & N B s S8 o3 A B AL

1 AS-OCT E&#iE&

ASCAH ) AS-OCT EMEEHE 5ok B — A
FEEEHUL B R AE B A /2 H A TOMEY AR AS-
OCT X #% CASIA2, 4T 371 &2 A
520 HUIRES, Hod 508 269 H AR 251 2 Frfi =2
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B FHAER R 61,30 £18.65, A 23k & Ak
B i

PRI 3T AS-OCT MG 11N B 43 2511 IR
LWitRIE, 5210 B9 AS-OCT B A9 AZ 1 1 7 B 2
ol 1 T SRR T AR B S B B — 24 52 R
4T AS-OCT EHRZ BT IR, JF i 3 B4
F & MIRAHE AT LOCS A% R Gibnic T /A4
AR AP R Y 1 P ™ AR DA T 3
AS-OCT & MR BN BB I B E AR 1L /4 7T
FEME

R R RS R A XA 56, AR SO
FH AR 254 53 B 575 ( Cao %5 ,2020a) 15 5 HE X
35 (nucleus region ) BB4HER X 45 ( region of interest,
ROI) . £ LOCS T ARG T , F A B i Y% 1k
FIN BRSSO 1 P 2 20, I R R B A AEARH
AN, RIVAR BEAZ A 1 5 1A R R A
BEAEL =3 G I R 2 B A% X B E A W o Y
R R A N R, PR R R A A
BRA % P X3 AS-OCT B AN 1 iR, 78 As-
OCT PG ER g, 321X 1 4 HUIR SR AR 20 T AS-
OCT EUER , A SCHENR AR B2 A= 15 B T 50 5% 1 HR B G4
A8 AR AR 56 % B [ 5, AR SCRT Y AS-OCT &%
Bt 9 551 IR,

T Sk LA HITHR I g B ) 7 oSl S 3 70
KEDREAR A S0, A SCK AS-OCT B A i 45 4%
HE N TR i Ay B A7 A5 380 9 A A [) ) 25040 B < A 14
Pi4E (participant dataset) FIHRFEEHELE (eye dataset)
TEN BI04 IR EUEAS 2
TEVIZREE D e 4 AR FE I i A vh o 7 IR I 490 4R
A HIREY AS-OCT FMEA & il AE I 2Rt v, 5
SEATREMNRE T, R 1 M AEE SRR I £ s
AR 01 225 5 R 1t 4 9 A 1 1 R R 0 A

x1 ETNMEBIEEMRERIEEN
A NEmERERCS
Table 1 The distribution of nuclear cataract severity

levels based on participant dataset and eye dataset

] ) MNENAERES HIR HEs 2 42
BARE N
BE e 35S e
s 2308 4379 2305 4 430
A 762 2102 765 2 051
it 3070 6481 3070 6 481

SRS AR SO ZRAE  BE ML E 20% £ S 5 E
£ K2 NT AS-OCT K% SR N A 30
ZEAY 22 X Sl A T T IS HE SR

2 ZREMAEESNVHERE

2.1 ZXEREEENER

Il RAIFFE 22 B, AS-OCT &4 b 1 A [l 4% 1 X
PRI B AR ] I 55 R 1 P B ™ R A
TEAEAE (de Castro 45,2018 ; Makhotkina 45,2018 ;
Chen 25,2019 ; Wang %5 ,2021) . Z I K BF9E & B 1Y
S % A SCARE Y — A ] R B 5 AT LA A [ A
DX 9 R AR R R A B AT il o B v A% M 1 PN R
o285, ML, AR SCE T T — A 2 XK &
TR IR (MRA) 2k 8 45 b2 > TG A R A% 14
X SRR 2R 47 B 1 28 AR [A] X SRR IR 2R 15 B
225, 22 DXHE G T AL S 22 X 5
FlE G5 1 4 % $2 )2 (fully-connected layer, FC)
WA, B3 g T A XA  E  BL
BRG] & filA X B FRAE R 2385 (U))
AR 8B4 (U,) , REZLME X B TS, 7
Z XHR R G S50 A SO Se s AN RRAE B 4
LR AY, SR 5 SR FH 42 )R V- YAk ((global aver-
age pooling, GAP) X HREAIE &l L N B 7343 30l i 47 e
RERAE 15 B AN 4 09 4 R RRAE R R A, HE
Xh

_ .. 1

W= a2 UG (1)
1 H2 W

2, = WXH/ZL‘_] ;Ub(L’J) (2)

o, H R W R R AR R = RSS2, A 2, 430 R
ANFFE 2R 23 (top half) AR 2 & 7 (bottom
half) ARFHE R R[5 B

B R46 15 , SR AN ( summation ) FRAE#E1T X
BRA XTRRE ] LR PR A 1 4 Ry R 2R s (R ik
A, Hoe Lk

z =z +z (3)

Az SR XA 5 4 R R AR 2l

EEFZEMEA SN EEEZR, B 14028
)2 AV PR A R R AIE PR 22 R A AR OE 2R, 56
2 A4 22 VR 2 0 , Wt 7> 4R AF T A (] i)
LS e =S
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Fig.2  Overall framework of multi-region fusion attention network for automatic nuclear cataract classification
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Fig.3 The structure of multi-region fusion attention block

s = F (g(z,W)) = a(w,6(wz)) (4)
Ao P RN A, w, Fow, 43 )RR A 4
FEREZHPACEAF ;6 F1 o £/~ ReLU Fl sigmoid 34

T PR s A IZERAE R AT AT D 200 1R AT PR 1 i B
FREE SRR EIARRE , 15 BINAL LS B RAAE 151 1Y
FHIEFRRE R .

T AR N ERAE ) X RSO A SR T
T P (concatenation ) #21F . PRHEIEFE K R &
RG24 A A AN [ kS R AE B LA B 4 Ty
E2W|

V = Concate(U,,U,) (5)

A, Concate ;& PFHEARAE, V 22 PF 42 LUR FRAEfH 4R
B MRS S BOR E R A
2.2 MKEE

ARSCHR R 2 X RS TE R P AR R
(MRA-Net) (4 SVAHEZL GNP 2 B, AR L) ok 2
F P ZE N 2% (residual convolutional neural network ,
ResNet ) #5532 F B 28 HE 42 ( backbone network )
ResNet 7E4R 2273341 55 tP IRUAS 1T A 4 1 00 45
HAD St i1 32 3 AL J5 5 LA ResNet 2 321 1M
ZRAEZR AT TSR AS SO H ) MRA BB 19 2K
P o AR SCH 2 X G R A 5 5k 25 i AR
file BN 25k 22 22 XSl & 1 2 I B (residual-
MRA) , ANMUBE F 3l 127 > F I H R A A (6] 58 40
AIRFIER N (R B, IC REZE A I 25 1B AL 1)/, [ 2 [W]
a1 —A> 2 XI5 ik 22 B PR i & i — 1
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BRFE N —> 22 DI B 1 RO LRI i, 5 B
A1) CNN B — Bf ) MRA-Net SR F 4> J& b b 22
(GAP) B AEHZ, 5 2EHEZ ML, GAP BEE
TRy R AR JF H RS K, 7P 2Ea% 2 soft-
max PRI, FLEL 28 )12 TR TR JE i 22 I 2 5 B v A Oy
Sy B A R AR R AR N BE TR A5 2R
TEHFIE 9 28 SUIR 0 2% PR ZL ( cross entropy loss func-
tion) A sREL .

3 XWHERSHMH

3.1 iFMiRk

ARICR FHHER R (accuracy, ACC) 75 WLBUE
(macro sensitivity, Sen) . ZZ WA i ¥ ( macro preci-
sion,PR) . Z WM F1 4845 ( macro F1 measure, F1) Fll
Kappa R BEEEM e bR EAG ik i tEfe . TR %
2 A o SR RO T A AR AR B E o SRS B
LU 8], BURRRE S i S50 F0I T %) TE AR AS Y Lo A1)
R R SR T Ay T A AR A S BR R TR Y B
15 F1 FE bR 2 b 0 3 A US4 (e, Rkt
EW|

ACCZTP+;;:§]]¥7+FP (6)
Sen = TPT+PFN (7)

PR = (8)

IR e o ©)

KL, TP TN FP FN 43 5483 5 A% (true posi-
tive) , ELFHPE (true negative) i FH 1 (false positive )
FUE FAYE (false negative) , FEAZAE (PN ™ 52 B
(3 24 55, FLRH P e ™ J A M 11 o8 e A A o
B FRTN Ay 7™ A 1P B SR R T S R P A
PEFTARE WRR BB s BB M R e e EE A LA
REAE A MR TR0y 40 BB A 11 P SR 13 T
AR R R AR B
3.2 IWRE

ASCAF A Pytorch IR 2% 2] - 15  Python | scikit-
learn Fl1 OpenCV S HLAS SCRL R FISEAERLRY | TR
20 S Bl BEAILRS B T B A AL 2% (stochastic gra-
dient descent, SGD) 1 A {4k 2% I % F BRI 2 B0k
B, IR 100 epochs , it K /N (batch size) Ry

16 , W1 lA k24 > %R (learning rate) A7 0. 1,4 20 epochs
FEAIK 10 f%, %5 70 epoch B} Xt 22 > K [EH & N
0.000 25, S AH FIF BT HC E O 1 4> Nvidia Titan
GPU,10 GB DDR WA, #/E & 44 Ubuntu,
3.3 EERE

AR SCRERY 5 DU FE e T AT R L

D ALER 2 Tk, S H BB A (2021) (1)
Jridi ASSCH AT AS-OCT PG it bR A A2 1 X3
FEIC18 MR R FFAE I T 2 B LA 27 ) Ty 53R
SIS ) A% Pk BN B ™ AR R, 0 SRR ) A AL
(SVM) M ( decision tree, DT) . FEALZEAK (ran-
dom forest, RF) (1% %5 [7] 5 ( logistic regression, LR) .
GradientBoost F1 Adaboost ZF

2) HF HE Rl ) 26 A5 AU ( squeeze-and-excitation
network , SENet) (Hu %#,2018) . SENet i 1] — il ii
TE R I AIL I A 20 285 I8 B AN ) 3 1 1 AL, LA 4
B A 45 1 et g

3) R E 1 A BB (convolutional block
attention module , CBAM) ( Woo %%,2018), CBAM fifi
ERGIBER e e = WALyIN B = PR A ST R K
HE IR

4) HAth Se i (B M 28 B AL . 4245 Res-
Net, GraNet, Googl.eNet, VGGNet ( Visual Geometry
Group Network ) | AlexNet , EfficientNet ( Tan #1 Le,
2019) A1 SKNet ( Li %%,2019) ( Selective Kernel net-
work ) & A 45 BB 28 0 28 B AR >R T 42 Jmy 1t Ak
JZ(GAP) B R BUA 1) F G &
BE LS i s
3.4 5RREFENNEEENTEE

2 NARICHY MRA L5 SE BRI CBAM #%
HAE IR ALY AS-OCT EMG 5 a4 I i iR >R
SERAS RS e, HE A Al L AR SCER Y ) MRA
BEHAERIE T ResNet FSEHE 9 TE & I ALHI O ik, A
SC MRA BEERTEWER 1 L ResNet I SE 435§ 5
T21.2% M 1.0% , MRA BEBREY B 51T I
PRIGER IR, % 18 T R B AS [R]85 FEAE () s 15
B2EmE, T SE fid R 2% [B AR I 1 R AR 3R
AN B A EARAE AR [R) BB 4 R E R R R B
CBAM #EA1 B SR A H] 1 38 T8 A1 3ol A i 28 7 L
il , 25T SE B (B H R~ > B R RRIE & A4
BERMFAE R AT L, TS BEA R0 2% 2] A [6) R
fiE B0 XA R o AR2 A SR 4 R R I, A W) %
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Table 2 Experimental results of different attention on
subject’s AS-OCT image dataset

Jrik ResNet18 ResNet34
Baseline 0.865 9 0.863 9
SE 0.868 7 0.864 8
CBAM 0.869 4 0.865 9
MRA 0.877 8 0.875 0

T L 7 AR SR R 2% 91 Bl 45

P DX B R AE R A7 B Rl G BRI I 1 BB 65 1
A% N BE ) 4 2545 . ResNetl8 M LA Res-
Netl8 Sk 3= THELL % 1 B 1ML 45 19 53 23501

0.878 o TA-MRAA
0877 TTssall -*-MRA-B
0876f T S=el
5 0.8751 S s
fﬁ 08741
0.873 7~~~ __
0872t TTmeel
o7 TTes~ -«
ResNet18 ResNet34
Jrik
(a) MERHZR

i T ResNet34 J2 DL ResNet34 & THERM T E
FIBLH W 2, — A~ Al BE /Y JR A & ResNet34 [
ResNet18 B AT Z M4 ZENTE £ 4% 5 280,
B 280 2 Gk, (AR ST RE AR B Bl b L
HI,

Kl 4 3T MRA BHAE /SR AS-OCT EI5 %k
P4 1 A (] DX 3l B 454 (A S5 B4 ) 19
RSB XE L, 43 B F MRA-A Al MRA-B %R, &
THEZE 2 ResNetl8 A1 ResNet34, 3C UG 4k W4 a]
P, R A R E B AR AT A 4 SRR (H3E T AR N
EEAEM MRA-A EH G PE BB R 00T 3% T P
YER MRA-B 8 (P RE , 22 BRI E AR 4 b il
G AN R X S A RRAE 2R A5 BT S AS [A] X BlRR e 3R
E B2

0.718 A" -A-MRA-A
0.716 SSeel =%=MRA-B
~a
0.714 S
< 0.712 ~~~~
£0.710 QRO
2 07081 *~~ar__
0.706f  TSsall
0.704f  TTsel
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Jrik
(b) Kappafd

K4 JET MRA SR IR RS BRAETEREXS L

Fig.4 Performance comparison of two fusion operations based on MRA block( (a) accuracy; (b) Kappa)

3.5 5REFELERXIL

A MRA-Net 558 5 377 WL 72 M AS-OCT
FUR KA 00 2eas AT an 26 3 fis

MR 3 B RAT AT UL AR SCRE R A R 2
T3 ME 7 B, MRA-A-Net-18 FY & 4443 25 P i B
I, HERRZE F1 A Kappa {4354 0. 877 8 0. 857 5
F10.717 6, Kappa F1 F1 {1t CBAM F1 SENet 435
I T2 1.5% 1% , SR CNN BERLGN Effi-
cientNet .ResNet ,GoogLeNet 1 SKNet £ [t , MRA-Net
1 5 AP bR A BRI ERESR T, o Kap-
pa PR FEFREL T 2% LA b 332 PR R AR SR A R
BB IR B ML Al A R L B R [R] X AR AE 2R
58, MAE i ok 22 1% 4 25 ¥ 2% i A5 1R AR £k n)
ASCBAITE 5 DIFM4E bR b Tk SVM 43 48 = T
2.72% 3.02% .2.83% .2.86% A1 5.91% , ¥ 4F T

ARSCHETRI A R . 28 3 A SEIR 2k B R IR i 2
ITETEAR AS-OCT F& o R4 R Bk AR T
PLEs2 2 B IR 2 ) T A IRZ S5 H
AE MG Bl 2 A BCR S B A5 B, AL
e 2 g5 ik R B TR U RRAE . SVM 1432k
55T SKNet, 156 B 38 28 $12 B RCRRAE AT LR
IAREE R E N R A R . R 3 Al iR T 3%
F AS-OCT FURAE fi TR A DX AN AZ M DX I ) 245 SR 06
b, S9N, GraNet 78 4% Pk X 38 ) 43 28 45 L L e
AR X IR T T 28% , 1 BHAZ M 11 N B BELAS 8
TR EAEAZAE DX, At DX o g A DX A%
BT REE A T, ARSI ik
IFF RF(EEBEDE 45,2021) M HERE, A A SO T
T2 AS-OCT G5 , ik B Bl 2 5 i 43 2
SR EERNE,
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F3 AEBEEAFERENME AS-OCT BEHEE WK AR LE
Table 3 Classification result comparison of MRA-Nets and baselines based on subject’s AS-OCT dataset

WRZS ACC Fl PR Sen Kappa
SVM 0.850 6 0.827 3 0.810 2 0.868 9 0.658 5
RF 0.836 9 0.809 0 0.793 4 0.842 5 0.621 3
LR 0.834 2 0.8150 0.802 4 0.8753 0.638 7
DT 0.823 0 0.797 9 0.783 7 0.823 9 0.598 0
AdaBoost 0.8212 0.797 1 0.783 3 0.844 8 0.601 0
GradientBoost 0.838 7 0.8125 0.796 5 0.850 0 0.628 9
RF (FIHE %5 2021) 0.7553 0.744 0 0.751 6 0.708 5 -
GraNet ( Zhang %5 ,2020) 0.578 5 - - - -
AlexNet 0.865 6 0.834 9 0.823 7 0.849 9 0.670 3
VGGNet 0.867 7 0.849 4 0.8257 0.859 7 0.679 8
ResNetl8 0.865 9 0.837 5 0.823 7 0.858 0 0.6759
GraNet 0.858 9 0.836 2 0.818 5 0.876 3 0.675 7
GoogleNet 0.868 4 0.846 3 0.828 1 0.884 8 0.695 4
EfficientNet( Tan Fl Le,2019) 0.856 5 0.819 8 0.814 2 0.826 1 0.639 6
SKNet( Li %,2019) 0.848 1 0.814 4 0.803 0 0.830 4 0.629 5
SENet-18 ( Hu % ,2018) 0.868 7 0.847 6 0.829 0 0.889 2 0.698 4
CBAM ( Woo %:,2018) 0.869 4 0.849 5 0.8310 0.895 1 0.702 7
MRF-Net-A-34 (A30) 0.875 0 0.8523 0.834 9 0.889 8 0.708 9
MRF-Net-A-18 (430) 0.877 8 0.857 5 0.838 5 0.897 5 0.717 6

IR R R S D B AR R, - Fm R B

3.6 AREHMIBELHLERTLL

TEREPRAE N (2021) XFEL A0 BT T RF J5 64 LAHR
IS FES N B0 Y AS-OCT R EL R4 | 1432545
o GERFMRF 76 LUEIECN A B 4R 2
S AT ARG J B B AE B 2R, o
PAEUE A B ) AS-OCT SR AL il 2R A
ARHAT [F)— RIS A G s, 2= Hh BRI TO AR IRl
TP BAELE ABHG R B (R AR T 50 2e 4
REF, ANF T BB PAE A (2021) B 5 ¥, A SCE i A
AR IR B 5 S 50 E T AR B Ry 547 )
AS-OCT EHEEHEX S AATL AR, R4 H3R3
o 10 FRPEREEL AT ML A7 > FINR B 4 2 ik TR
IR AR M oy S AL L IR B 2 S LA 22 > O ik
%58, 53R3 ML, 10 Fhor SRR AEIRIE B 5

AR AR BT MARESE ERSCR

T bl F R 10 Fh o S B AR AR B 4
FIHR A B 1 3 28R T 5 45 1 T AR S 1
10 BT IR AE R A A 48 /) F1 F1 Kappa 45 2R X
. MIELS SEBGE5 R nl UL, 7E 5 AN HLER24 2
P, LR 7EHR IS e 45 1 L Ae A R B0HE 4 1 s
THAFH) 1R Kappa 5583271, 20 542 55 2. 1% il
3.73% ;7E 5 DT E R 445 | SKNet 7 R i
B b AR ARSI UG T R AF I a5
$ETF, F1 Al Kappa B3 5048255 T 4.03% F18% , —
AT BB A S PR — 67 11 P B AR T LR 1) 1 PR e ™
FFEE LR R A Y, AT E IR AR
BHEUZ R 38 F LI T X BB 5 T AE % e 5] —
A NP AR % AT RE R B B AT OB IR (Fu 48,2018,
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Table 4 Nuclear cataract classification results of ten methods on eye’s AS-OCT dataset

DR ACC F1 PR Sen Kappa
SVM 0.854 1 0.834 0 0.817 7 0.878 5 0.672 4
RF 0.844 5 0.822'1 0.806 4 0.862 5 0.648 4
LR 0.8590 0.836 6 0.8200 0.871 6 0.676 0
AdaBoost 0.839 8 0.813 8 0.798 7 0.845 4 0.630 6
GradientBoost 0.8459 0.8253 0.807 7 0.863 5 0.6511
ResNet18 0.878 6 0.842 0 0.853 4 0.8326 0.684 3
SKNet( Li %%,2019) 0.8825 0.854 7 0.847 8 0.862 8 0.709 5
SENet( Hu % ,2018) 0.876 1 0.846 1 0.840 6 0.8522 0.692 2
CBAM( Woo % ,2018) 0.876 4 0.834 4 0.859 7 0.816 8 0.669 8
MRF-Net-34 ( 4 30) 0.886 4 0.862 1 0.850 3 0.877 7 0.724 6
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Fig.5 Classification performance comparison of ten classification algorithms on two AS-OCT datasets( (a) F1 value; (b) Kappa value)
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2019) , 17 F N BRI R A 58 TAE RG22 T A0
PN R AT DG B 2 B HE AT 5E ( Wong 45,2009
Makhotkina 45,2018 ; Chen 45,2019 , P I AS SC#HEY
IR AS-OCT EUSEHE 47 53 LA s, A
SCAF BN LRSS T Lok DUE JET AS-OCT E& H
BRI R i S %

AR AE ST AR ARG (1) AS-OCT $idi4E L1 4y
FREERAAR T XTI, B UE T A SCRERL LA #5041
B RYE, TEARK, R RS T 2 00 11 N e R 3 4
IR IAEAS SO R B HE BE R 53 7 VA I S g 25

4 % it

HHE AS-OCT [EMG AN [ A% X 38 % Y ok A1
25 SRR A5 AR SR I DR 516 35 R TR Rl A4 B ol 28 [0
LRI H b 2 XSl 5 ) R A AR A
3 AR A ] XS AR R 15 B A TRl A ok
SEPRAZE P BR™ E R EEAS fE O . 7E AS-OCT &
BB 2SRRI AR SCB B MER 3 BRURR
HIFL 435915 0.877 8 .0.897 5 F10. 857 5, T*f kb
Jrids o RIS AR SCHRAIE T LA HITHR A Ay B Asr 1 7
AS-OCT EIME 1 P B B 48 X0 40 8 45 R 52 )
FEEEA A WF 9T TAE SR AR 35 70 N 4
PEEE , SRR AR — 2L

TE T L TAED B it — DR R R AL R X
AN R A X A3 R W 52 ), IF B iR i 42
DR 28 BT - FH 4l B IR B} = AR 36T AS-OCT B4 2
WrAZPE LN R, D340, A< SCE Rl A B AR R A
BN, T — 2B 1E 8 32 Bid ok 10 ik
VA AT SEVE RS A

5 % ik ( References)

Caixinha M, Amaro J, Santos M, Perdigio F, Gomes M and Santos J.
2016. In-vivo automatic nuclear cataract detection and classification
in an animal model by ultrasounds. IEEE Transactions on Biomedical
Engineering, 63 (11): 2326-2335 [ DOI. 10. 1109/TBME. 2016.
2527787

Cao G P, Zhao W, Higashita R, Liu J, Chen W, Yuan J, Zhang Y B
and Yang M. 2020a. An efficient lens structures segmentation meth-
od on AS-OCT images//Proceedings of the 42nd Annual International
Conference of the IEEE Engineering in Medicine and Biology Society
(EMBC). Montréal, Canada: IEEE; 1646-1649 [ DOI; 10. 1109/

EMBC44109.2020. 9175944 ]

Cao L, Li H Q, Zhang Y J, Zhang L and Xu L. 2020b. Hierarchical
method for cataract grading based on retinal images using improved
Haar wavelet. Information Fusion, 53 196-208 [ DOI: 10.1016/j.
inffus. 2019. 06. 022 ]

Chen D, Li Z L, Huang J H, Yu L Q, Liu S J and Zhao Y E. 2019.
Lens nuclear opacity quantitation with long-range swept-source opti-
cal coherence tomography: correlation to LOCS 1II and a Scheimp-
flug imaging-based grading system. British Journal of Ophthalmolo-
gy, 103 (8): 1048-1053 [ DOI. 10. 1136/hjophthalmol-2018-
312661 ]

Chylack L T Jr, Wolfe J K, Singer D M, Leske M C, Bullimore M A,
Bailey I L, Friend J, McCarthy D and Wu S Y. 1993. The lens
opacities classification system III. The longitudinal study of cataract
study group. Archives of Ophthalmology, 111(6) : 831-836 [ DOI.
10. 1001/ archopht. 1993. 01090060119035 |

de Castro A, Benito A, Manzanera S, Mompesdn J, Cafiizares B,
Martinez D, Marin J] M, Grulkowski I and Artal P. 2018. Three-
dimensional cataract crystalline lens imaging with swept-source opti-
cal coherence tomography. Investigative Ophthalmology and Visual
Science, 59(2) : 897903 [ DOI: 10. 1167 /iovs. 17-23596 ]

Dos Santos V' A, Schmetterer L, Stegmann H, Pfister M, Messner A,
Schmidinger G, Garhofer G and Werkmeister R M. 2019. Corne-
alNet; fast segmentation of cornea OCT scans of healthy and kerato-
conic eyes using deep learning. Biomedical Optics Express, 10(2) :
622-641 [ DOI. 10. 1364/BOE. 10. 000622 ]

Fu H Z, Baskaran M, Xu Y W, Lin S, Wong D W K, LiuJ, Tun T A,
Mahesh M, Perera S A and Aung T. 2019. A deep learning system
for automated angle-closure detection in anterior segment optical
coherence tomography images. American Journal of Ophthalmology,
203 37-45 [ DOI: 10.1016/j. ajo. 2019.02. 028 ]

FuHZ, Xu Y W, Lin S, Wong D W K, Mani B, Mahesh M, Aung T
and Liu J. 2018. Multi-context deep network for angle-closure glau-
coma screening in anterior segment OCT//Proceedings of the 21st
International Conference on Medical Image Computing and Comput-
er-Assisted Intervention. Granada, Spain: Springer: 356-363
[ DOI: 10.1007/978-3-030-00934-2_40 ]

Gali H E, Sella R and Afshari N A. 2019. Cataract grading systems: a
review of past and present. Current Opinion in Ophthalmology,
30(1): 13-18 [ DOI: 10. 1097/1CU. 0000000000000542 ]

Gao X T, Lin S and Wong T Y. 2015. Automatic feature learning to
grade nuclear cataracts based on deep learning. IEEE Transactions
on Biomedical Engineering, 62(11) : 2693-2701 [ DOI. 10. 1109/
TBME. 2015. 2444389 ]

Hu J, Shen L and Sun G. 2018. Squeeze-and-excitation network//Pro-
ceedings of 2008 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Salt Lake City, USA. IEEE. 7132-7141
[ DOI: 10.1109/CVPR.2018.00745 ]



$27E /538 /2022 F3 B

SRR, BHER, FREEY, B, 817, =, XL
EXERMEETENNEER TIZEARESE

Huang W, Li HQ, Chan K L, Lim J H, Liu J and Wong T Y. 2009. A
computer-aided diagnosis system of nuclear cataract via ranking//
Proceedings of the 12th International Conference on Medical Image
Computing and Computer-Assisted Intervention. London, UK:
Springer: 803-810 [ DOI; 10. 1007/978-3-642-04271-3_97 ]

Keller B, Draelos M, Tang G, Farsiu S, Kuo A N, Hauser K and Izatt J
A. 2018. Real-time corneal segmentation and 3D needle tracking in
intrasurgical OCT. Biomedical Optics Express, 9(6): 2716-2732
[DOI: 10.1364/BOE.9.002716 ]

Li HQ, Lim J H, Liu J and Wong T Y. 2007. Towards automatic grad-
ing of nuclear cataract//Proceedings of the 29th Annual International
Conference of the IEEE Engineering in Medicine and Biology Society.
Lyon, France: IEEE. 4961-4964 [ DOI. 10. 1109/1EMBS. 2007.
4353454 ]

Li J Q, Zhang L L, Zhang L, Yang J J and Wang Q. 2018. Cataract rec-
ognition and grading based on deep learning. Academic Journal of
Second Military Medical University, 39(8) ; 878-885 (Z=#ii, 7k
Ak, ST, T, T, 2018, FETF IR () H N )
5org. 5 T BE R, 39(8): 878-885) [ DOL: 10.
16781/j.0258-879x.2018. 08. 0878 |

Li X, Wang W H, Hu X L and Yang J. 2019. Selective kernel net-
works//Proceedings of 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Long Beach, USA: IEEE: 510-519
[DOI: 10.1109/CVPR. 2019. 00060 ]

Long EP, Lin HT, LiuZ Z, Wu X H, Wang L M, Jiang ] W, An Y
Y, LnZL, LiXY, ChenJJ, LiJ, Cao QZ, Wang D N, Liu X
Y, Chen W R and Liu Y Z. 2017. An artificial intelligence platform
for the multihospital collaborative management of congenital cata-
racts. Nature Biomedical Engineering, 1; #0024 [ DOI; 10. 1038/
s41551-016-0024 ]

Makhotkina N Y, Berendschot T T J M, Van Den Biggelaar F' ] H M,
Weik A R H and Nuijts R M M A. 2018. Comparability of subjec-
tive and objective measurements of nuclear density in cataract
patients. Acta Ophthalmologica, 96(4) : 356-363 [ DOI. 10.1111/
aos. 13694 |

Ozgokce M, Batur M, Alpaslan M, Yavuz A, Batur A, Seven E and Ars-
lan H. 2019. A comparative evaluation of cataract classifications
based on shear-wave elastography and B-mode ultrasound findings.
Journal of Ultrasound, 22(4) : 447-452 [ DOI. 10. 1007/s40477-
019-00400-6 ]

Tan M X and Le Q. 2019. Efficientnet: rethinking model scaling for con-
volutional neural networks//Proceedings of the 36th International
Conference on Machine Learning. Long Beach, USA:PMLR: 6105-
6114

Wang W, Zhang J] Q, Gu X X, Ruan X T, Chen X Y, Tan X H, Jin G
M, Wang L H, He M G, Congdon N, LiuZ Z, Luo L X and Liu Y
7. 2021. Objective quantification of lens nuclear opacities using

swept-source anterior segment optical coherence tomography. British

Journal of Ophthalmology [ DOI. 10. 1136/bjophthalmol-2020-
318334 ]

Wong A L, Leung C K S, Weinreb R N, Cheng A K C, Cheung C Y L,
Lam P T H, Pang C P and Lam D S C. 2009. Quantitative assess-
ment of lens opacities with anterior segment optical coherence tomo-
graphy. British Journal of Ophthalmology, 93 (1) : 61-65 [ DOI:
10. 1136/bjo. 2008. 137653 ]

Woo S, Park J, Lee ] Y and Kweon I S. 2018. CBAM: convolutional
block attention module//Proceedings of the 15th European Confer-
ence on Computer Vision ( ECCV). Munich, Germany: Springer:
3-19 [DOI: 10.1007/978-3-030-01234-2_1 ]

Xu CX, Zhu X J, He WW, LuY, He X X, Shang Z J, Wu J, Zhang
K K, Zhang Y L, Rong X I, Zhao Z N, Cai L, Ding D Y and Li X
R. 2019. Fully deep learning for slit-lamp photo based nuclear cata-
ract grading//Proceedings of the 22nd International Conference on
Medical Image Computing and Computer-Assisted Intervention.
Shenzhen, China: Springer: 513-521 [ DOI: https://doi. org/10.
1007,/978-3-030-32251-9_56 ]

Xu X, Zhang LL, Li J Q, Guan Y and Zhang L. 2020. A hybrid global-
local representation CNN model for automatic cataract grading. IEEE
Journal of Biomedical and Health Informatics, 24 (2): 556-567
[ DOI: 10.1109/JBHI. 2019. 2914690 |

XuY W, Gao X T, Lin S, Wong D W K, Liu J, Xu D, Cheng C Y,
Cheung C Y and Wong T Y. 2013. Automatic grading of nuclear
cataracts from slit-lamp lens images using group sparsity regression//
Proceedings of the 16th International Conference on Medical Image
Computing and Computer-Assisted Intervention. Nagoya, Japan:
Springer: 468-475 [ DOI: 10.1007/978-3-642-40763-5_58 ]

XuY W, Duan L X, Wong D W K, Wong T'Y and Liu J. 2016. Seman-
tic reconstruction-based nuclear cataract grading from slit-lamp lens
images//Proceedings of the 19th International Conference on Medi-
cal Tmage Computing and Computer-Assisted Intervention. Athens,
Greece: Springer: 458-466 [ DOI. 10. 1007/978-3-319-46726-9 _
53]

Zhang X Q, Fang J S, Xiao Z J, Chen B, Higashita R, Chen W, Yuan
J and Liu J. 2021. Research on classification algorithms of nuclear
cataract based on anterior segment coherence tomography image [ J/
OL]. Computer Science: 1-10 [2021-0720] (Z=HEP, a4,
H R, PRIE, Higashita R, PRIE, 28, XUVL. 2021. HTHRAY
TART LT Z S BR AR A R 26k [J/0L]. 3T E
BUBL¥: 1-10). http://kns. cnki. net/kems/detail/50. 1075. 7p.
2021/104.1611.002. html

Zhang X Q, Xiao Z J, Higashita R, Chen W, Yuan J, FangJ S, Hu'Y
and Liu J. 2020. A novel deep learning method for nuclear cataract
classification based on anterior segment optical coherence tomo-
graphy images//Proceedings of 2020 IEEE International Conference
on Systems, Man, and Cybernetics ( SMC). Toronto, Canada:

IEEE: 662-668 [ DOI: 10.1109/SM(C42975.2020. 9283218 ]

959



PEERRBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 27 ,No. 3,Mar. 2022

EZ '

ISR, 1993 4FA:, 53 W0 A, EE AT
GEI7 1) IR B 2 > A 22 ER A 3
E-mail: 11930927 @ mail. sustech. edu. cn

XL B EAER, 9, B, BT T5 10 N
B2 PR AL BN T2 fiE

E-mail ; liuj@ sustech. edu. cn

i

MR, BRI R T I O B R AR B
E-mail: 11930387 @ mail. sustech. edu. cn

AR BV 2, IE R 9 T AR, FEBERESE 5 1) A MR B 27 1 1R
AbPE ) E-mail; lisahigashita@ gmail. com

Wi, 2o, B0, RS U7 ] S HRRHEE G 12 A IR R L T2
€, E-mail: yeah-cw@ 126. com

ART, 2o, BYBRRFSE 51, EZEREGE 5 10 S IR ARG 12 W fn A
THfE, E-mail. huy3 @ sustech. edu. cn

Rk, 5 B, FER 5 10 IRBRE s W A IR AR A L

fE. E-mail. yuanjincornea@ 126. com



