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Joint Optic Disc and Optic Cup Segmentation Based'on.Adversarial Learning and
Guidance Mechanism

MA Xiaoyue, CHEN Nuanyuan”
(School of Computer Science, Sichuan Universitys Chefigdu 610065, Sichuan, China)

[ Abstract] Accurate segmentation of the Optic Disc(OD) and @ptic Cup(OC) effectively assists in diagnosing and
monitoring glaucoma, thereby improving treatmentweutecomes. However, existing methods do not consider the
differences between the various channels of fundus images. making it challenging to achieve accurate segmentation
of the OC boundary. To address this problem a network framework based on adversarial learning and a guidance
mechanism, termed ALG-Net, is proposed'to improve OD and OC segmentation performance. ALG-Net comprises
two main components: a segmentationdietwork and a discriminator. The segmentation network includes a Guidance
Fusion Module(GFM) designed to merge single-channel feature information with RGB image features. This allows
the network to learn the differences, among the various channels of the fundus image, guiding the segmentation
network to focus on key regionsiy The framework also incorporates a discriminator, which encourages the
segmentation network to generate more realistic results through adversarial learning. Extensive experimental
evaluations are conductedwenithe REFUGE and Drishti-GS datasets. The results show that ALG-Net achieved
balanced accuracies of 98. 6% and 95. 9% for OD and OC segmentation, respectively, on the RUFUGE dataset and
demonstrated better performance on the Drishti-GS dataset. In addition, applying ALG-Net's segmentation results
to glaucoma classification tasks yielded an Area Under the ROC Curve(AUC) of 0. 983 on the REFUGE dataset,
surpassing the classic UNet algorithm by 0. 015. This demonstrates ALG-Net's strong support for early diagnosis
and monitoring of glaucoma.

[Key words]) glaucoma diagnosis; Optic Disc (OD) segmentation; Optic Cup(OC) segmentation; UNet model;

attention mechanism; guidance mechanism; adversarial learning
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FHEE TN OC X8k A U, SE 80 T S it Y
PERE . L A1 21 €030 38 1 fl At OD X 11 43 1

x2 BEBEHMINER
Table 2 Fusion channel ablation experiment result

ik E., E g Ay / N Aga /%
UNet(baseline) 0. 201 0. 070 94.3 97.1
Al T T T 0.191 0. 055 93.7 98. 4
Al £ 41 €6 3 1 0. 206 0. 048 94. 6 98.5
flA i fE 0.191 0. 050 95. 4 98. 2
A Sk 38 B 0.187 0. 047 95.9 98. 6

PR T IETHRCR s Ega F1A g, 430382 T 0. 048 F
98. 5%, S PEREME Tl SR (08 3 19 925 R
FROCHAIE 1 2 (5303 RE A8 S M i 2 B OC IXIfF
B S T OC #4331 1216050 S e % 50 W]
/R OD K5 . SEE S OD 13 #177, &
T+ 5 €5 20 T o T ) S 36 R I
TEICH 0 2 Rl ST AT, L iR R B
Z, 554 RGB KGRI 5 B R > H &, Joik
Fer 7 BN e ] A R 22 R A KB T
98. 4% JHA ALK 93. 7%,

2D AR LR L o

Nt — 20 B IR P £ J7 % 04 P B L AS SO
ALG Net 5 LR IrHFI LT B ALAE A SO R
HIRG L L TL UNet ™ | [ RER FH AR AR bR e e 5 %2
JREE B 1 MNet™ | LR 55 74 S0 VI 56 1 7 i
WA 5% 149 )7 1 Depth guided Net™ | Cascade
Net™™ /45 - Hoh, AL ALG-Net 5k =4E 4t
X OD #1 OC 73 %I i fe i 50k 2R AT He s, LUa fR 5
By e e S B GRS RL AR DDSC-
Net"/fil EARDS™, ) & 5 Transformer 4% & (1)
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Table 3 Re-training algorithm parameter comparison
Ir 2 0. 000 05, Batch Size iy 2.
Epoch 2} 1 000
Ir 4 0. 000 1, Batch Size Jy 2,
Epoch 4 1 000

Ir & 0. 01, Batch Size 4 3,
Epoch 2 1 000, vit_patches_size i 16

UNet, MNet

Cascade Net'?"]

SwinUNet, TUNet

BRI A R 4, Hoh " RoR T
Bl 45 R R PR SR $E A ALG-Net 7
REFUGE Al Drishti-GS %4 45 I 3¢ 80 i i AE 79
SR M Rk o B, T LR L A ST
FE T IRTE E g ~ Aga M1 A FIRE] T R0



66

F50% F 12 11/2024 £ 12 B/HENTIRE

fie. 75 REFUGE #dli4E I, AHE T 4 3119 MNet
Bk, ALG-Net 7£ E., il Eg, B LT
0.014.0.023,7F A, Pl Ago F8F5 BEETH T 1.5,
L0 A A5 i — 20 B T X he2E 2 fn sl Sl
il B A R . AN AR T 5 A SO IR DG Y

UG R et Bk ALG-Net 78 Egg « Aua
A f6bs BRI T HEIERE . AR RS
g5 9L AT A1, 78 Drishti-GS %04 % I, ALG-Net 4%
TP 5 b A0 2 BHE Ee UEPE AR L B0 UE T AR SO
IR

% 4 A[EFHE7 REFUGE #0 Drishti-GS ##E4 F % R ELE
Table 4 Result comparison of different methods on the REFUGE and Drishti-GS datasets

- Drishti-GS REFUGE
JON E s, A /% Aga /% E., E 4 A /% Aga /%
UNettH 0. 169 0. 046 95. 8 98. 1 0.198 0.070 94. 3 97.5
MNet"®] 0. 165 0. 045 95.5 98.5 0. 201 0. 070 94. 4 97.6
Depth guided Net"" 0. 240 0.071 94.1 97.2 — — N —
Cascade Net?" 0.197 0.073 94.5 97. 4 0. 208 04125 93.1 96.9
DDSC-Net!*] 0. 156 0.043 0.194 0.076
SwinUNet"**] 0.182 0. 085 94,7 96. 8 0.187 0.055 94.5 98. 1
TUNet 0. 152 0. 051 95.6 98.3 0.179 0. 052 94.8 98.3
EARDS™ 0. 151 0. 050 92.1 9745 0. 198 0. 085 89. 6 95. 6
ALG-Net 0. 149 0. 041 96. 6 98.5 0.187 0. 047 95.9 98. 6
R T IRAJE R AR B3 2Z 8] 1) 25 55 8 A SC 06
J M i ALG-Net 5 UNet, MNet, SwinUNet, 05 Mt
TUNet D) Cascade Net 7£Z %2 FU S 6 )7 oal E%ﬁ%iie;et
THEAT 7 e, BRI BN 550E B (il 1 i 24K Fropoeed mefhiod
B # 5. AR SCRT R ALG-Net 4 g0
2. 279X10" NSEL, Hoh /iy #4802 1. 178X 107 /- 0.2
SHCERBEE 1. 101X 107 A2 BEME A o
5 W A1 ALG-Net 7¢ P g8 el i 5
SwinUNet, TUNet A1 36, £ B i) 1 A T i
H ST SwinUNet fil TUNet 0 200 400Ep0del;oo 800 1000

x5 TRAEEHSHE

Table 5 Number. of parameters for

different algorithms BAf A
X7 SR /10°

UNet 17. 27
MNet 10. 22
SwinUNet 41. 34
TUNet 105. 28
Cascade Net 80. 96
ALG-Net 22.79

Bl Jm . 75 Drishti-GS $a 4 b #EAT T8tk e
8o NBERA T LS A SE R AR IR 1 2 4
#EAT T 1000 4> Epoch HYIIZk, 18] 6 /R T 45 580%
TEVNGRE B Lo RS IR AT DAL
) A SCEE Y ALG-Net 15 22 i e Pl 84, I
[ -2 . 75 200 FEUCA T i 1B HL M

R AR T 853 OD AL OC 4314558, fn

B 6 REE %7 Drishti-GS ##E %5 LY Dice iR 2 %k
Fig.6 Dice loss curves of different algorithms on
the Drishti-GS dataset

K7 B O @R 8 /Y X B3 il R OD i
OC, MEHRTLUE . Br il 19 ALG-Net 7643 %1
OD I OC i 2 B HY 5 i B A 8CR 0 i1 5 g 4k
PR T A 5 125 9 HX6 T —Se R R R 0 Ak
AL S E S AN 7 85 4 A B AT
K B v 0 HA BB A ] AN TR B8 80 o3 A B
XF LA & TGk IE 8 2 2 OD F OC i1 5t
TEor FI 4R B R B R S . AR SO R Y
ALG-Net T Z B H 54 (438 1z BE 77 145 1 73 %1
SER ARG A SN AR S FRCRIE 1A
BT HAS % - ALG-Net H 51 S ALH] L s 1 %F
SR B SR E 7 X T LR A9 5 1At {2
HE TR 2% R B E ELAY OD AT OC 2 FISER
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(b) L SLHR2E (c)UNet

(d)MNet

(e)SwinUNet (H)TUNet (g)ALG-Net
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Fig.7 Visualization example of optic disc and optic cup segmentation

DITEB,

R T PG IR AR REARAR FiERS A ] bk
BEASCGHAT T — RN 5. 1 567E RIGA %454
TN ZR s SR JE s 2 DI R B 23 51 #E Drishti-GS
F1 REFUGE %4l £ b 470, I A7 I, R4
Hb. 78 REFUGE $dla 4 I EF U125 S8 5 #4211
RERL47E RIGA Fl REFUGE $ige [ E1 710, 97

AT, 7ERUEAE R o 1R & > %25 0. 000 05, ]
Y5 Epoch 2810, JHREH AR S o331 W 4% P P B
T Lo VERME—R BB T

SIS g e 6 sl idx — &
HNESLLS RAE B IT $2 07 W AE AR RV B 4 iz Ak
Pk BERIAE B8 27 2] UL, WA AR A 52 B 1o FH v 1938
PEHEA T O 4T () PPA

RO6IBRILHER

Table 6 Transfer learning experiment result

Source Target E.., E g Ay / % Ay, /%
DRISHTI 0.156 0. 054 96. 6 98.1
RIGA
REFUGE 0.182 0. 063 94. 9 97. 8
DRISHTT 0.152 0. 046 96. 3 98. 4
REFUGE
RIGA 0. 160 0. 035 96. 2 99.0
3.4.2  FHICHR/rKLE 10 ¢ H|
A SCARHE ALG-Net % OD 1 OC #4045 5,
E— 15 CDR. FI MR LG 10 5 1k, 48501 08 i
2R e/ NN R L A5 3] 3 B OD Mgk H OC 11 .
AR RS 3 CDR. 7 17 4 W2 75 A 5 O6IR . £ 06
> 1
7 REFUGE 946 th BEALIE IR 1 124 5KARZE 7 |
Horh 18 kAR, H 32 TARRRAE (ROO i 2 S 04|
— &=
i 8 Fﬁ A ) ‘ UNet(AUC 40.968)
ASCH ROC #i£E F AL CAUCO R 5 G HR 02 H — gﬂgj;%;ggfgg;;g_gn)
LW SRR . A 8 i LU ), ALG-Net 75 —— TUNeiATCRO o)
TR 2K 345 T i & W P BE 8 A% CAUC N . - - - " .

0. 983) , AL T4 it UNet 3215 1 0. 015, 4L
F TUNet #2517 0. 011, ARSCHTEH A L H
FEIR A2 BATAR 5 1 58 4 7, o] LUK 5 OB IR 2 W
PAEA T

False Positive Rate
8 ET CDRHWERRIFE ROC #iZk K AUC &
Fig.8 ROC curve and AUC value of glaucoma screening
based on CDR
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