T % i

JE IR E2A T2 P AR BL R P 15

H s 52
RER, BAE, T

R E T RAE YT AR S B R B

AE OLFMTEHRER OCT PR RGN FEHEAR TRz —,

A A BRI AR AR TR AR 0, R MEE2E TR, B 200093

W DL R I AR R AT R R E L R

o P BB R bR 2 BT 2 A PEB . ARGE OCT PR AGRFBRE » 368 ik M) FH R o 22 10 246 X6 DL 78 PRI 5

HEAT B B A 2800 2 T BT OCT WM s A2 R A 23 25 1 %%
M TE | 22 RUBEFIARA e b AL A5 AL O ELRE S B e A T2 J&i?’ei?@?"ﬁu .

HREFHEMLE—GM-OCTnet, HEAG L
LA K i 32t AR 15 A e e e A

RBIZE OCT s rh it dT 7 Ha . Seuh R, A FH IR A IR BT 20 B8 4 BURN A2 B0 v 7 0 L) 0 o D 0 VR BEE 8 AU IR
G R ML AR EEAE S GhostNet SIS ERG R 5 T 2% A4 IRAIE T 5 78 OCT PLIM B EMG A 3432k

T A PE R A R
KEER EHDES; FEM TR UG RET
FESZES TP391 XEkERER A

15 "

e R b R 3 38 BREPE (Drusen) 7 A= 1) & 4F
PEAZTE CAMD) , B PR 1 B 57K it C(DMED 1 Jik 4%
FRHT A= IS (CNV) S 5 LA T 2R 1Y S A
X LEHR RS 3 R BLRNR T R 2% [ SETE A9
FEAERR S Z —. HETEZMADE T2

& (OCT) X AL REIEAT = 2 AR » &}t):ﬁﬁﬂr#;
%ﬁa‘ﬁfﬁ OCT FEMER AT IRABR G 43 0

%Hﬁﬂfﬂ@%ﬂﬁﬂﬂﬁqﬂ%E@Eﬁb&:l:iﬁﬁaé»,\ﬁ
*Hfui I AL JEit 2 80T 2t AT o FI &
7 1 A G R | A FEEED TN B3 <P e
%Hﬂ”lﬁﬁ%ﬁﬁﬂ’ﬂ&%o TEARTE T AR 2R
2 S BB B2 28 % OCT A0 I i [ 45 3k
11 H 328 SRR Y R 20 S HER R RO AE
e AR Hh 7 {18 5 A DR A 7 A I 4
BEE B B A N T ﬁEJ&/\T}\ﬂ]E’J%’J&T,
F RIS ~] 10 22 SR R S4BT ) R E 7 )
BB RS PR R AT 3 2 B 2 O FA T TS TR

R B

s BRAR BITE R LR s il 2 RE

doi: 10.3788/CJL202148. 2307001

FEZEWHEA T OCT #9543 2000
Atk 2014 4F, Srinvasan 255 A1 OCT %R
£, F P S 3 AL (SVMD X OCT 1 190 g 180 45 3k
70 283190 8 24y 5 AMD #1 DME, 2016 4§,
Wang 251 i ] Srinvasan $24E9 OCT $dE4E , F
FHI P fe /IME B 12: (SMOY ¥ OCT K453 AMD
M DME, 2018 4F, Rasti % il 22 R R 22
WLE XTI OCT Bl A 753 28 MR 51, 3% OCT
PRI Jr B A B R (F BT T &, 2019 4F,
Wang 512 41 7 — il i 08 5 24 21 i [ 3 46
DME Fll AMD 5 428 1) 5 5 e R T A FF 1
MR OCT $edla 48, Ol 1 T oA A 300 R 1Y)
IR 248 5 T SR i i/ NS B 1) ) A, 34458 T XA [ B3
L2 SIEN M, HAE T JURP I 8 AR, 78 B T
YIRS L LSBT A2 ) A8 3] T R Af
E’Jﬁ*ﬂ?ﬁﬁ* 2020 4% 6 4 , Shaban 252 | FH IR 4
TR X OCT FEMGRTHIR FCHR 52 0408 19X B 745 7 J
JEHAT /250 U T R 2830 .
SR 7E HATAIMLAR 2= 2] AR EE 2 2] b, % OCT

Wi HES: 2021-03-18; EEIBHE: 2021-04-15; A HHA. 2021-04-27
BELTH. R ARRFESTER IS (61308115) . FigHRIZE =0 E 3 H (15DZ1940400)

#IS1EE : “cmhui. 43@163. com

2307001-1



% 48 % 55 23 H3/2021 £ 12 B/ E#L

BUGHA T ZERBII 5T N B TR 26 00
HERRR , Z 00T I RIS FH 64 0T BB o DR s it ) 246 A
RIS 80 TR 225 FITE SR (FLOPs) sk
ki TR ERE AR R e A T P O ) 5 AR 9% Kt A B
(B, PRI A T S 80 AH X e b L R P 2 ROBE 1
OCT EM& A sh oy M BT 2 M4 3 T —F H
T OCT WM E R & A 353 B B 2 M 45 GM-
OCThet X} OCT HRJEEBIRIEA T 2T

TEME T AR, BE TR il W fF e S Y
GhostNet HEAL M EUR, X IEF Tkt , 32 H T GM-
OCTnet, /T A 3l 20 2531 CNV., DME, 3 55 fi5
PE s LA RIE A R 5 O BAE BT OCT $idi 4
BSE TR ERE . BT AL

1) L —FloBr i 2 1) 1 2 AL A e, 2
E T OCT R 238 I8 FRIE L EUT) fE

2) WHIRARESEEREREREERE,
SEEL T X OCT BURZ R RRESE

3) T I HRER ML E OCT BG4
KER SRR, 7 EITA R (FLOPs), iU H
(Weight) » LA BG4 )2 (Accuracy) .

output size: 224

BN
3 x 3, Conv2D, 16
GBNeck, 16

output size: 112

output size: 112

output size: 56
GBNeck, 72

output size: 56

output size: 28
GBNeck, 120

output size: 28

output size: 14

output size: 14

output size: 14

output size: 14

2 SRk S R P

P RS 22 LG 1 30 R0 48 = AP 8R . DT
SEPRES ., RRAERN OCT FRHEAT AR5,
BT OCT FUE A28 (A X, B st s 1 X s Al
LD 38 It 2 M 8 T Ak B8R 3 o R PR 1 e
SYRUEFR T 2RI B G5 Krghad wikh
Jei 0 UGS 43 A I R 4 L e 4 Al a4 5 3) 402
FIFH VN Rl B R 3 o 285 43 21 2 1) AR 004 740
VR RS A5 PRI 1) 0 2H% o I SAASE 780 1) 14 i

FI R A TR EE 73 256 BUEE ST GMNeck #idk, B
WAL G i3 AU 4% GBNeck 3, 758 AS /9 2% H fifi
FHR 23 (B B THLH SE iz Xt OCT A0 )
BEEMEI5325 . A T IR IR OCT a4 b S 86t
CNV .DME . BEEEHE, DL IE# OCT FIG )P v
W2 32 T GM-OCThnet W% , 3% f&—Fp 3L T
OCT EUSAFAF AR HR () 22 RS 3 8 7 25 1 WL A0 (8
FEAX ML 280, & 1 i, Hod, BN A IH—14k
JZ, AvgPool A3t Ab)2 , 5 (62 Ko i R A IR
o BB R R RESRE A k2N

output size: 14

GMNeck, 627

output size: 14

output size: 7

GBNeck, 960

BN
1x 1, Conv2D, 1280

output size: 7

output size: 7

output size: 7

output size: 7

output size: 1

output size: 1

BN output size: 1

1x 1, Conv2D, 4

Softmax

1 GM-OCTnet M4 (4244 &
Fig. 1 GM-OCTnet network architecture diagram

2307001-2



% 48 % 55 23 H3/2021 £ 12 B/ E#L

AR S N R LRI R A2 .

AW TR A S BB T AR R RS
() 5 ML AR e s R R B e SRk 1 5 A
FRUE45 1 25 AL (SE) M R e, 1501 B e |
RSB e 57 19 GM-OCTnet B 45 4 5515 347
OCT MR EIE A sl 532K
2.1 BERFFEERENNG

AR OCT FMG57E X 38 EL AT A [ B R 4
fE A T X R TR OCT BSR40 25 K
2R 45 AR AR v SR FE T R LA H R = 2R
HERRPE SR B (0 S e 0 B S B80T

WAL, TR I R e 2 s [ v i Ay MLk ok
BB G TR AR E B I HLE] s DA AR A W 45 1155
BRUBAS K R I 1 0 2 v A

JT A P £ A et 3 T WL A A% 0 SRR
B AR e SR 225 ] 4 W AN (] A 33 2 e 5, DA
B LF AR AE SR OROR S K SR B R ik 2 il g 4
X R A FRRE SR AT 25 ) L A R A HE . FE A
Bilbtr v, HEBAMZEAHRE 1 X1 MIREEH
2.3 X3 W R A2 | S A5 B2 | Softmax 22, LA
Ko 3k o0 25 e 1k R0 in 2k 45 2 v (A RRAE 1A A Al
Gris BN B A R AR AT G 15 B B AORRE B
mE 2 FioR,

SRR HNAEIFES R, IR TS A BB G R4
PC Softm
\lxl N \ 1x1 7%
> I—> —> — —>

wxG hxwxG hxwxG

hxwxG hxwxG h><w><G hxwx1 hx

DC: depth of the convolution;
MP: max pooling;
PC: point convolution

™ 1x1 \

\ 1x1 %

m
C

m=gxG

Y

DC PC Softmax .

(
N
wxG hxwxG hxwxG m=gxG

hxwxG hxwxG hxwxG hxwxl hx

ma

Kl 2 R LR

Fig. 2 Lightweight attention mechanism module

i Fe R™ M SRR E By ) & R 2, H
o HBE.m =g XG.G N3 7235658 8
b SRR A 23 8] 1 B wo SR R AIE T 1Y 2 ] B
B, BRHEBLS R ¢ N HFRLLE,  Fyy e F,
oo F O TR A RRAE BT 35 A =

A, = softmax{PC" {MP**!' [DC" (F )]} }

(D
Fn:(AnXF71)+Fn’ (2)
cmoncat [(F 9F2a "7F,,7'"9Fg):| ’ (3)

KA, DC Co) TR L MP (o) S fi Kt £k,
PCCo) B,
2.2 GMNeck—EEHERELR
GMNeck B B 1R & R 2 8546 UM A%
FINERIZESE AP AR R S BB E R R, H
ANF RS ECER DI TR DR s M R A S 5K
B AN SRR EERS I DL T, 5 B R A AE i TR
BB HE MR PR ST 2 s (T
IRGREE S0 B 5 BUR B R KGR IR A2 B K
rﬁﬁﬁiﬁxﬂﬂ%m@f}%ﬂz%mﬁi&z%ud G
N ER SRR A )RS B YR A TR S
ﬁ%%% U — NS RUZTIRA A FERE RN

JEER, PO AT DI ACE il 5 A1 Bir ATE 2D K55
T2 Hﬁﬁfﬂlﬁﬂfﬁ/ﬁ TREE 73 B A PR LA = i Y
ZRIHET R MRCR,

TE GhostNet % Hh 4 & GBNeck Fidl, H7E
HARKH 1B HRFTEMAS Ghost L, —A~h 1 3 finia
TR, — A T /b R DL VE PR B A
TR 2 i il T R R S B IREE B A, I LA
P Ghost B Z [AHH ALK R 2 MIREEG ., 5E
Fr_L, 3 B 1Y Ghost #E3r E’JIE%?JEL (&
B DLBR & 20 %, SR M, A SO B i g 4%
GMNeck Fr FRAEA KN 1 B9F T IREFAZE
HAEK R 2 R GRS IR G /;H“ﬁj\ﬁ%%
L LR D55 2 BRI i 20 SR 6. Ui
B anE 3 BN .

B RS X (NLH.W,0) #RTBAR
K(H WO R A KR N ABIRFEAL, H

2SI W oA (] S8R, C O iliE R, 3 G (k ok
¢ o) KRR DT W B BUL L Hh B Xk 2 AZ KN,
¢ SERAGHIE RN u SRR EREL, AT R R,
X LB R A T R e B R AR TR B ke o AL W] DL
AR I YA B R AN e BE AR RIS O . A TR
Y (hsw e ) ¥ HAMFE 2 BIEAR (b w) FIAH S

2307001-3



48 % 55 23 #3/2021 & 12 A/HERK

(a) (b) %
Ghost module Ghost module;
v v
DC, stride: 2 mixconv, stride: 2
v v
Ghost module Ghost module;

v v

Kl 3 GBNeck #1 GMNeck A9 Fb#8, (a)f£48 GBNeck &
Bt ; (b) GMNeck #H
Fig. 3 Comparison of GBNeck and GMNeck.
(a) Traditional GBNeck module; (b) GMNeck module

(i 1 38 T /N 0 X o B R R A AR T 3R
INA

1, u Xc, 4
Hk 6 TRG G L FE R @B T R g
A, BB NAZ R /NAT 53312 3,557, 9, +0,
2g -+ 1, BR2H 038 38 KN S5 R 43 R 48 B0 3 P A
X153 75 3 N 45 g S Bk AR 32, SRR ARt g 4
(R AR, @il 5 N (32/g,32/g.++.32/g ), 18
Aot ¢ ARG EE S R, =2",c,=
27 e 32— oy eyt te ) by B Z R4 A
MAET UM B8 Wik&Em AKRkaEN
<X(N.H,W.cl> , e, X(N.H.W.(y)>’;H\:EPFJ?ﬁE/\J X ﬁ-ﬁ
AR A9 25 ] g B HORN2S 0] sl W, 9 HLE 8 S0k
c‘l+t‘2+"'+c‘g:c‘o *Hﬂjﬂﬁ,g /l\gﬂﬂggﬁﬁﬁﬂlﬁ
HAG Byskiscisuy) sy G (kyok, ey suy) )y
It e ZH % B RS R X I A B AR i B S
HEWT
ko,

Ot . 7& At
Yose= kz/k 2 <Jj= 2X;r+i,y*j.j‘ G
sy
V=1, =, u Xc,, (5)

H Ji o A5 B B ok R BT TR YL
e YL O RIRLE LRI
) :Concatd/i%zl , eee ,Yﬁ‘.y.zg 5. (6)
K,zo =z F+z, =uXc BHRAH T HEE
KN,
RERE BB LR B R/ 8

Al DA A dis B, 9 ELiZ 07 v i 0TR & TR B 43
BG4 343 R [R50 24 TR A o B B
SrAECR 1B R B R Oh T RS A 1Rz
B, DL R ORI o TR 2 TR B TR BE 4 B B AR 43
HBGEEE R 4. BB R/ NERE R 3X3,5X5,7X
7,9X9, FZMEAXT OCT HRJE BIR A/ 255808 .

3 LA ST

¥ GM-OCTnet J77E 0 T OCT B 53257
SIE S5 AEWSCAE B B s A L AT WA B  Jal 43
ZRAE AR TN AE | 7R CRFFVINZRAE L 560 Tk £ A
RAERNBIFEIT AT T =R, TR
EAE N SR . e E B 0 F A T e R
B IIHURILEL R AR IR, DL R (o AN ) 2 B % ) A
B B UE T 1 R 28 A B OCT #0141 1% A 3l 53
FKIPERE.

3.1 BIREMXWIEE

it FHAZE 7 32 6 BRI A I RS 5 A 7 25
B, B ¥E % 1 Chttps: / data. mendeley. com/
datasets/rscbjbr9sj/2) J& i #f Spectralis SD-OCT
BAR £ RAEFRAF L 450 0 A2 38 Hh W0 R F
43#¢ Shiley HREHIFFE T i X BEEATF 5% Ik 4 25 B2
IR 2 L S — AR B B b 5t R HR
B 59 BN OCT g B P AR, v 4
4486 2 B FH I OCT MR, 11348 5K DME, 37205
ik A CNV., 8616 ik by 3 38 B P, 26315 5K N IE %
OCT FEI%., M4k B 633 £ B H 1Y 1000 5K F
15, Horp & A28 5100 4 250 5K OCT %, OCT
B A E i T e R o PEAG L BRI 2R
FI R F o 5 4 b Rk 1 AT TAL B, R Y
P 0T 5 X3, I FLHE R 8RB Al A3l i R, 58
th OCT Bl R 19 SRR (S B 15 8 B 4 EHE an
K4 s . B 44390 CNV . DME FI3 RS e G
RAKFRE G, B 4(b) 43518 CNV,DME F13
BEPE 2 AL B S B G

R T 2 B E AR SCOT VA R B L 8 AR 4
2 EATIIE . IO S AR IR BB K R RS 5
HP Il TR 24 4 AMD B F K% 1485 7K, 23
# DME & B4 1465 5,11 44 T AMD EB&
8 1571 5K, 15 N IEH NEUR 3936 5k il 4k H 8
2 B 640 TRIEME 25 280053051 160 5K OCT &
1% . B BSR4 T TR TEAS VBSOS 42 R 4 L R B
e 2 WA (X RGeS 2 e R L R T
L 70 R BT R OUA U I 2 M Ak 3 T RS TR

2307001-4



=485 £ 23 H/2021 £ 12 A/ EHEN

CNV

DME

drusen

B 4 BdEdE 1 OCT BiAbHE A, () FALFREGIE A (b) TiAb 3G & A

Fig. 4 OCT preprocessing images in dataset 1. (a) Image before preprocessing; (b) image after preprocessing
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Comparison of performance indicators of different models

Accuracy /%

FLOPs /10° Weight /10°

#1
Table 1
Model Parameter /10°
MobilenetV3 small 213
ShufflenetV2 1. 02X 154
GhostNet 1. 0X 259
GM-OCTnet(g=1) 261
GM-OCTnet(g=2) 261
GM-OCTnet(g=4) 261
GM-OCTnet(g=8) 261

94.
94.
93.
95.
94.
96.
94.

5 56 13. 28
0 146 4. 95
5 166 10. 20
5 171 10. 64
5 171 10. 64
1 172 10. 64
9 172 10. 64
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Fig. 6 Relationship between the accuracy and the loss of the experiment. (a) Relationship between 50 times training

accuracy and training loss; (b) relationship between 50 times validation accuracy and validation loss; (c) train

accuracy of 5 models; (d) validation accuracy of models
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Table 2 Comparison of classification effects of different

datasets

Dataset] accuracy Dataset2 accuracy

GM-OCTnet(g=1) 0. 955 0. 973
GM-OCTnet(g=2) 0. 945 0. 975
GM-OCTnet(g=4) 0. 961 0. 976
GM-OCTnet(g=8) 0. 949 0. 970
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Abstract

Objective Vision loss is caused by age-related macular degeneration because of soft drusen, diabetic macular edema
and choroidal neovascular disease. Early detection and treatment of these fundus diseases have emerged as a major
health concern for all countries. Professional doctors often use retinal images from optical coherence tomography
(OCT) to diagnose eye diseases. However, because there are several types of retinopathy images and the lesion area
is similar, manually classifying OCT retina images is a time-consuming and difficult task. With the development of
artificial intelligence, researchers began classifying medical images using classic machine learning algorithms and
deep learning in its branch areas, eventually progressing to the automatic classification of OCT retinal images.
Several researchers are only concerned with classification accuracy and ignore the possibility of clinical application.
Consequently, the network model’s parameter amount, computational complexity and floating-point operations
(FLOPs) calculation amount are increasing, and the model is making inference predictions, which consumes a long
time to complete. In this paper, a multi-channel, multi-scale lightweight convolutional neural network is proposed to
automatically classify OCT retinal images for achieving high ophthalmic disease classification accuracy. In the future,
doctors will be able to quickly view detection results in the clinic.

Methods In this study, a multi-channel OCT retinal image automatic classification deep neural network is used.
The neural network model is based on the GM-OCTnet algorithm, which includes a light quantum spatial attention
mechanism distinct from the convolution operator and a lightweight convolution block to replace the two modules in
the original model for automatically classifying OCT retinal images. Image pre-processing, dataset division and
classification using the model algorithm are the steps taken to achieve the automatic classification of the entire OCT
retina. First, image cropping is performed on the collected OCT image, the blank area of the OCT image is cropped,
the marginal blank area is filled and bilateral filter denoising and other pre-processing methods are used to overcome
the interference of image background noise on the classification accuracy. Then, the pre-processed image is divided
into three sets: training, validation, and test sets. Afterwards, the OCT images from the training set are trained
using the proposed multi-channel lightweight deep neural network GM-OCTnet model algorithm. Following the test,
the well-trained model is used to classify unclassified retinal images automatically. In addition, the results of this
work on the automatic classification of OCT retinal images are validated by comparing the proposed model with three
traditional lightweight models on the OCT data set, and different data sets are used to further validate the algorithm'’s
performance.

Results and Discussions Different pre-processing methods were used to process the OCT images after evaluating
the quality of two different data sets (Figs. 4 and 5). The experimental results show that when the number of groups
is 4, the proposed multi-channel OCT automatic retina classification network achieves an average accuracy of
96.1%, which is 2. 6% higher than that of the original model GhostNet in the automatic classification of OCT retina
images. Its file size is 2.64 X 10° smaller than that of MobileNetV3. The training and verification accuracies of the
GM-OCTnet model when the grouping g = 4 increase gradually with the increase of the training period and tend to
stabilise, based on the relationship between the verification loss rate and the verification accuracy rate and the
training loss rate and the training accuracy rate curve. When comparing the 50 training processes of different
models, the proposed model is found to exhibit a higher accuracy rate than other models when the number of groups
is equal to 4 and prioritises reaching the best value (Fig. 6). Overall, the model algorithm proposed in this paper has
achieved high accuracy in the automatic classification of OCT retinal images. In addition, when the experimental
results of two different datasets are compared, it is discovered that the automatic classification of datasets 1 and 2
achieved high classification accuracy using this algorithm (Tables 1 and 2).
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Conclusions This study proposes a multi-channel, multi-scale lightweight network for automatically classifying
OCT retinal images. The effect of the lightweight neural network GM-OCTnet based on the OCT image datasets in
classifying and diagnosing the four types of ophthalmic conditions, i.e. choroidal neovascular disease(CNV), diabetic
macular edema(DME), drusen and normal patients, were tested and evaluated. Two different datasets are used to
further validate the performance of the algorithm proposed in this work. To validate the effectiveness of the GM-
OCTnet model for OCT image classification, accuracy, parameter amount, calculation amount and weight file size are
used as evaluation criteria. It is found the proposed OCT classification model has improved classification accuracy
through experimental results. When used in the clinic, it can improve professional ophthalmologists’ diagnosis
efficiency for patients with ophthalmic diseases and also reduce missed diagnosis and misdiagnosis of patients.

Key words medical optics; optical coherence tomography; mixed depth separation convolution; lightweight
attention mechanism; multi-channel; multi-scale
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