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Intelligent Diagnosis of Glaucoma Based on Multi-Task Learning
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Abstract: In order to enhance the accuracy of glaucoma detection and mitigate the risks associated with glaucoma, in this
article we propose an intelligent diagnostic method for glaucoma based on multi-task learning. Our proposed method com-
bines the U-Net and VGG16 networks , with the encoder part of the U-Net network being shared by both networks. By util-
izing the U-Net network , the cup-to-disc ratio (CDR) is obtained from retinal images , and this CDR is used as one of the
features input into the VGG16 network to achieve glaucoma classification for the retinal images. The proposed method was
validated using the REFUGE challenge datasets. After training the network model , the area under the receiver operating
characteristic curve (AUC) was measured to be 0.9788. Moreover, the segmentation accuracy for the optic disc and optic cup
was found to be 0.874 5 and 0.962 4, respectively. In comparison to other methods using the same datasets , the proposed
method in this article demonstrates higher accuracy in glaucoma classification.
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Fig.1 Fundus images and cup and disc labeling

HFELIRMEEREES, HIRRIEAERZ
S I PR 32 27 >0 6 0 DY IR okt Ry — b = Jk ) i o
T, Rh TR IR EUZ MR, T 2 AR R 4
PR R AL 2 0 ke, E AR 2UAR AL EE . HAT, K
BB I T IR 22 ) M 2 R o RIBAE 2 BT U-
Net A% ok 07, 55 45 B 22 9 4% (convolutional
neural networks, CNN) AL, U-Net W45 B iE A =

AEHEAREEE H39% F20

SRR EY, R TASEEH CDR, Yu 2P H—
FIEACHERY) U-Net PILEAHY , 75T RAF i iR 70>k
ResNet-34 iR ZEAUAS  RELAY S0 HITPARAS T 80%
DL BUERR R Juneja 254 HI—Fh G-Net P45 113K
S EI BRI T P> U-Net 4351153
PR AL, ZEALELATOLAR Y 203811 20 5 3R 95.8%
1 93.0% HIVERH ., Wu Z5U7E U-Net fYIERE_E7IN
T YRR HAY H R L] (DI-UNet) |, %7 4% 1T
R85 2] Fl U-Net MZEAHZE S, GRS BT 4T MU AR HA R 1)
EJRfE R . A T e A M B HURMG R , DU Tk
HUCET U-Net FIRIZEE5H, JFHUS T 555 1 HERf
B AR — P T AL 5524 ) I EIR R RE 12 Wt
ARG, BRI A ML U-Net FUFEAR LS54, T
JEAEIATRY U-Net MZEZ5HIRYRERT EERINT VGG16
PRZE , FEXTAAR | 4253 510 1 [R] B SR IS RS i
IR, A3 2N 0 BT 55 Rk #0479 H A== R
FRIE, T AT 5524, XTI RS TH A 2

1 F&EAIR

1.1 U-Net %%

U-Net 2820 T fif Ay s 2 5 4 1 [n)
A i, U-Net MZE45HANIE 2 R, Higbih
AU F5 G i 25— fF i 2% (encoder-decoder) o 4 % #8370
RS- EUN 4, HASTRATT RAELL AL ; RS 85350
FRAE R A 2% SRR R AN o FE RS A
gy, G T BRBRE R, BINKE i ad F v ™ A A RRIE
P14 32 20X R/ INFH TR AR 8 43, SR FH PF R E X
FREH T & F .

7t U-Net MZ5H, RF 3 x 3 BRI T4RAE
P BRI R 1, A — 2B, 2
FHAFAE Bl K G A 2 1 P R T A 06 1 R/
IR g o afs ek 1T I 2 TR IR 4L
TR g At SRR IR A BUR AR L, Tt & i ik
SRR A, TEE B FE TR 2 x 2 MG
¥, 2Kl 2,

1.2 VGG

VGG M4 —ML SRR 2 M40 78
B EIREBGR PRGN . VGG16 M4 451
e 3 FiR.

VGG16 MZEETIH 13 MERUZ 3 MediE)z
DL A2 A AT B2 i AR 4R 3 x
3MEFRHL KN 1, Wb Z I8 8RER N 2 x 2 11
EBREHA KR 2. AJZRA 224 x 224 x3 1K



2024 4 4 A

MR, . T 25 E ISR R - 61 -

)

1%, BIPIZAEERUZ, R 64 MM EAR T same
LR, Bbrktch 224 x 224 x 64, SRJG St — Mk
Ak 2, (i G R R AN TE B, B A 112 x
112 x 64, VGG16 MZ&H 14 J2H 15 |2 A4 BRE)2,
WET 4096 NMIZLIG. fF—)2 N E, Wit
Softmax 2, U5 T 1000 LT, FHT M43

1
64 64

input

128128

256256

512 512

1024

Hih o

B VGG16 MZEEREE RGN, B2 1 uEss
B A SRS, T EHG 0 R e i Kk =
JE SN/ VGG16 RIZEFT U-Net 45 (KT RAE
AT AEE AL, TREASCE U-Net MZEFT VGG16 ¥
Wah G I — R 245242 .

2
12864 64
output
segmentation
map
256 128

512 256
512
—>Conv3 x3,ReLU
Copy and Crop
Max pool 2x2
Up-Conv2x2
Conv2x2

2 U-Net 42544
Fig. 2 Network structure of U-Net

input: 224 x224x3

224 %224 x 64 Conv64

i

224x224x64 [ESNIT)

112x 112 x 64 % 28x28x 512
1m2x112x 128 [[EaEP ; 14 x 14 x 512
112x112x 128 Kelnapbh] [TNAIVY 14 x 14x1024
56x56x 128 (/G WVAIVA 14 x14x 1024
56 x56 %256 Conv256 [NV 14 x14x1024
56 x 56 x 256 Conv256 Tx7x1024
56 x 56 x 256 m I{ZOETl 1 x 1x4096
28 x 28 x 256 FC4096 PR TILH
28 x28x512 Con512 FC1000 1 x1x1000
28x28x512  [[ENEIP Output

B3 VGG16 ML
Fig. 3 Network structure of VGG16

2 LEIER

21 BEHFS

ZAT:552% > (multi-task learning, MTL) J&iEF52%
=03, AR5 il A R 55 Z Al Ay
KEF, BT RIBOMYA HE R, JEme R 551
U0, AT 552 o) S A B AT 55, ST 45T

IR, BT 55 AN 558 S R AT Y1 25, 3
23 0 AT E R, FESR T
FETWE I N2 55 D ik FEAERS
B A SR Tk AR SCR S L
FIr, BV ZAMME 55 Z A L5 W 2% i A [R] B2, 78
) £ 30 i 13 AR 43 T IR 3 S S IR RN AT 550 2
14525 2T I8 50 AN R 4 FITR
TE U-Net [ %% $2 BUHR JiS % 45 1 19 [A] B
VGG16 MR U-Net M4 ML aEER . dni s
FRECAY PG A5 S840 0 e PRk R 32 2 A i B 2 A
U-Net MZEHUMEISESF VGG16 M4 H, U-Net M4
S PR PG A AR A 3 04 0 K1, 3BT A5 8] CDR ;%
CDR 1ENEGHFHIEZ —4 AZ] VGG16 %R 4
)R, HEmAS B IR 2L
ARSI, 2 BIR eI, R ES
PG R PR T A5, FHOGIR A2 e —
ANTHRES, i VGG16 M 5ERR, YIIZRR FsE X
TAVE AR BRE, 93 24T 55 AR R e S
L =-ylog(p.)—(1-y,)log(1-p,) (1)

HH: LA VGG16 MR, p. I VGG16 MIZE 1)
T, ye R %o 7 () LS



c 62

224 %224 %3

input
I ‘M-‘

H

256

— Conv3 x3,ReLU
Copy and Crop
Max pool 2 x 2
Up-Conv2x2
Conv2x2

— FC4096 1024

| g el gy
Y

AEHEAREEE H39% F20

H :

64
2

I

128

Hi

Healthy/Glaucoma

4096 4096  Softmax

4 ZESFEINMELEN

Fig. 4 Network structure of multi-task learning
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Fig.5 ROC curve of glaucoma classification task
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