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Abstract: Speckle noise in optical coherence tomography ( OCT) images obscures important morphological details, and hinders the
clinical observation and diagnosis of retinal lesions. A structural similarity constrained generative adversarial network ( SSGAN) is
proposed for retinal OCT image denoising. The proposed SSGAN utilizes the residual strategy to improve the structure of original
generative adversarial network, and incorporates the structural similarity index measure loss into the objective function to achieve more
structural constrains while suppressing speckle noise. The experiments on the SD-OCT public dataset published by Duke University show
that the peak signal-to-noise ratio and edge preserve index of the proposed method are 28. 08 and 0. 960 respectively, outperforming the
other denoising comparison methods. Further experiments demonstrate that the proposed method can be easily applied to other public
datasets from the A2A SD-OCT study.
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Fig. 1 Principle of cGAN
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Fig. 2  Framework of the proposed SSGAN
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Fig.3 The detailed architecture of the generator of SSGAN
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Fig. 5 The structure of the down-sample block and the

up-sample block in the denoising encoder and decoder
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Fig. 6 The detailed architecture of the discriminator of SSGAN
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Fig. 8 Comparisons of the retinal OCT images on Dataset-2
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Table 2 Quantitative comparisons of

different methods on Dataset-2

Jrik PSNR/dB SSIM EPI CNR
NLM 25.616 0.910 0. 969 2.952
BM3D 25.572 0.916 0. 966 2.847
DnCNN 24.357 0.902 0.995 2.653
MIFCN 25.961 0. 945 0. 944 3.220
SDSR-OCT 27.555 0.935 0.958 3.228
SSGAN 27.674 0. 993 0.972 3.395

Dataset-3 I X Hb 25 A& 9 F1& 3 Arw,
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Fig. 9 Comparisons of the retinal OCT images on Dataset-3
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Table 3 Quantitative comparisons of
different methods based on Dataset-3

ik EPI CNR
NLM 0. 863 3.763
BM3D 0. 859 3.432
DnCNN 0.975 3.147
MIFCN 0. 605 3.521
SDSR-OCT 0.936 3. 668
SSGAN 0.954 3.867

3) SSGAN JCHEAHR (A R vk 43 B

FEFE AR OCT [EIZ5T dt b A v, A4 S0 32 2 MAASE
RIGE RN 25 2] SR I I AT 5 1 45 A ak 25 TR W4t
PP 1 B HE AR A 25 4, 1 Bk 2 0 122 5 ) AR AR 1 2t
A FARA 2 22 18], 1R o 22 0 B8 A0 I S 2 R 4 5 A R
R T AR Bk 2 B T mk, AT T IS MR, R 4 2
X7 G RE B F A IR 10 R TR/ KB Y
SSGAN & . ZR6kE A K Bk)Z %421 SSGAN
Az LI 25 M MR AE T A W 8 A L BUS BEAF i 25 1 %
A B2 7% B2 1 SSGAN AE B AL I i OCT &5 A 8L 2k
B JR RSSO, A R R K Z TR
B P S F 15 B PR

TE2 ] SEMEAR AL 7 T, 51 A SSIM 451 45 2y R A A 1| 45
I EUSCEIT ] . S T ITAL SSIM #5126 iy BTk, #EAT T A/
TG SSIM $26 (TH A L8, B 11 R T ST AU
25 MER AR, WES aTLIEH A SSIM #4 1y
SSGAN FEIT A3 T bmah H h FR IS BT 4 iy 45 5L, e L2 7
TR A MG RN 2 2% R 22 8] 25 4 A AR Y SSTM. 48 4%
T XULBAZE R T SSIM 512k (1S AL B B 22 11 G T4 A
Do RS 2 A {5 J2 AR DR, A S 7 AT 1 P14 T B E T
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Fig. 10  Qualitative comparisons of SSGAN

with/without the skip connection
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Fig. 11 Qualitative comparisons of

SSGAN with/without SSIM loss
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(¢) Image generated without
SSIM loss
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Table 4 Quantitative comparisons of the
SSGAN with/without skip connection

Jrik PSNR/dB  SSIM EPI CNR

ToBkZ % R SSGAN 27.368  0.941  0.951 3. 151
B BEZEE N SSCGAN 28.080 0.958 0.960  3.443

%5 SSGAN H1H/F SSIM Rk EEILRER
Table 5 Quantitative comparisons of the

SSGAN with/ without SSIM loss

Tk PSNR/dB SSIM EPI CNR

TG SSIM #5145 f) SSGAN  26. 992 0.900  0.945 3.411
7 SSIM #1251 SSGAN ~ 28.080  0.958  0.960  3.443
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