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GTCG-Net: an Improved CycleGAN Retinal Image Enhancement

Method Based on Gated Transformer

XIONG Bingqing, YU Yuanhui
(College of Computer Engineering, Jimei University, Xiamen 361021, China)

Abstract: A retinal image enhancement method based on CycleGAN with Gated Transformer ( GTCG-Net)
is proposed. Automatic retinal image enhancement is achieved by using Generative Adversarial Networks and
Cyclic Consistency Loss to improve the image quality and visualization of the lesion section. And more useful
features are extracted using gated MLP, and the generator is designed as a U-Net-like structure using skip con-
nections for feature fusion to obtain rich local features and detail information. The experimental results show
that compared with other retinal image enhancement algorithms GFE-Net, SCRNET, I-SECRET, etc. , GTCG-
Net not only effectively removes artifacts and restores fundus structure and pathological features, but also shows
better generalization ability on multiple datasets.

Keywords: CycleGAN; Transformer; Gated MLP; skip connections; retinal image enhancement
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Fig.1 The overall framework of GTCG-Net
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pling layer) F1—> G-Transformer 2, #F£85d — MG 8) — DR RHIER, B Fy, F,, F,,
Fyo RS I0RE 5 as 2L, b aa ., B aE & — 1 LRHEZ (upsampling layer)
F—A~ G-Transformer JZ, F, ik G KR &t B — N0 S 2R B F/, . F' L F'y . F,,

ﬁ j Outputs
convolugigp layer

A

convolution layer
1%1

Features i
convolution layer convolution layer
convolug'gg layer 3,"‘\3 ; );;;
G-Transformer Block
G-Transformer Block dihead
G-Transformer Block FL D
G-Transformer Block Lhead G O
- —~ upsampling layer
TSy / downsamplinglayer T R a (normalization layer) | GEfLU —- |
0
= sisakm Fo 2 head
2 head

1
downsampling layer

G Block " F1

4 head

I
downsampling layer

F . convolution layer
G- Bloekm "2 upsampllmg layer N A
6 head G-Transformer Block ) Positional
6 head F, Encoding

downsampling layer

upsampling layer
G-Transformer Block

multi—head
__ attention layer
(normalization layer

split layer

G-Transformer Block
8head F3

Embedding

_— | Inputs Inputs

a)d: L as b) 145 Transformer ¢) I 1¥ MLP
B2 HEmzEEHE

Fig.2 Structure of the generator
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(DRIVE, EyeQ. Kaggle) XI55 400 o0 SRR A s A% SR . TIAT ARG BEOR B | Oh3% . BOaX = F
1L A IR LR DRIVE, GTCG-Net fE =M SH 18R P R I B PERE, JUCHIE S cofe-
net Fl1 ArcNet ¥f 1, PSNR F88(AH4K cofe-net ., ArcNet 4355 H 6. 072, 6. 849 dB, SSIM F8454> 5l & Hi
0.214, 0.275, X5 LPIPS AMRBNZE FAHXSIL . cofe-net Fl ArcNet B2 i & MAEHE AT U260,
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LPLPS #8645 W& (4 F 1-SECRET, {H PSNR #5#( Lt I-SECRET & i 0. 664 dB, MIE 3 tn] LI H],
I-SECRET $#55 K1R 5 225 1 M G AH U AFTE—E B R H

1E EyeQ [ 435 3K “ Usable’ X 4E |, GTCG-Net B ILZ % $E bR FIQA . WFQA L3R L& ALY
SCRNET 435170 10% | 0. 12, {HHE 2 Y3 5w B4 0T & 3 SCRNET Fl GFE-Net £77E 8 B 3 5% 1Y 30
G2, PRI R (1 BERLAREAIE B8 B DX A 1 5 U LT 2R, T AR R AE X IR 6 i i2 W FR YT A A
X, ARCHY GTCG-Net A5 7Y 7E 38 58 J5 O B T 50 805 W 0 A8 R A, [RIEH I 4 v ) i A8 4 1 Pl B, 38
GTCG-Net PRS2 i 5 22 1 L4840

1E Kaggle ) 100 7K [ I FEIR4E |, GTCG-Net FUMERER L, FIQA, WFQA [t I-SECRET 4 7 &
1% . 0.18, L T-CycleGAN" 43R5 1 2% | 0.07, JEHME 3 FilEl 4 tha] &1, GTCG-Net By
WIBE J1dncim, R8T S st B S5 R RRAIE .

LA, MR R SERT, GTCG-Net ZEONSE KBk | BRI E | 40755 8.5 7 R M
T HA B BORCR . XM T GTCG-Net RYIZ AL AE S AN R 2 3,

F1 GTCG-Net SEAAF T EMMIRLE Rttt

Tab.1 Comparison of test results of GTCG-Net with six other methods

5% Is%
WRES DRIVE EyeQ Kaggle

PSNR/dB SSIM LPIPS FIQA/ % WFQA FIQA/ % WFQA

I-SECRET 22.434 0.895 0.072 0.78 1.77 0.76 1.54
cofe-net 17.026 0.677 0.242 0.52 1.45 0.29 0.69
SCRNET 20.911 0.704 0.229 0.93 1.90 0.69 1.49
ArcNet 16.249 0.616 0.285 0.61 1.51 0.66 1.44
GFE-Net 21.196 0.725 0.214 0.92 1.89 0.64 1.37
T-CycleGAN 19.496 0.863 0.115 0.82 1.77 0.75 1.65
GTCG-Net 23.098 0.891 0.074 0.83 1.78 0.77 1.72
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Degraded I-SECRET cofe-net SCRNET ArcNet GFE-Net T-CycleGAN GTCG-Net
retinal image

Low quality |I-SECRET cofe-net SCRNET ArcNet GFE-Net T-CycleGAN GTCG-Net
retinal image

3 DRIVE.Kaggle # EyeQ #i#& & & #1  BE & 45 18 58 5 R % bk B
Fig.3 Comparison of retinal image enhancement on DRIVE, Kaggle and EyeQ datasets

Low quality I-SECRET Cofe-net SCRNET ArcNet GFE-Net T-CycleGAN GTCG-Net
retinal image

N N\ N \ )
RS N ~ ™ ~

L

Bl 4 EyeQ #1 Kaggle %47 & £ 1852 B & i M & 5 5 ¥tk &
Fig.4 Comparison of blood vessel segmentation in enhanced images on EyeQ and Kaggle datasets
2.5 HELSKIE
ARSI A BRI R 145 MLP 2 PR B STk SEA T I AT 5T, MNKas R L 2,
R2 GTCG-Nel i# B R BIMIX 45 R Xt LE
Tab.2 Comparison of test results from GTCG-Net ablation studies

S DRIVE EyeQ
PSNR/dB SSIM LPIPS FIQA/ %

£ MLP 22.608 0.812 0.211 0.79

FEIR kIR B2 22.768 0.838 0.125 0.80

GTCG-Net 23.098 0.891 0.074 0.83

k2 pras, fEiRfk DRIVE I, BBRBEEREHZ)S, PSNR #5845 FF% 0.33 dB, SSIM K% 0. 053,
LPIPS #4111 0. 051, f#i FH£E ¥ MLP %4t |45 MLP J5, PSNR #5845 F [ 0.49 dB, SSIM T [% 0.079,
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Fig.5 Comparison of enhancement effects of ablation studies
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