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An image super-resolution reconstruction method based on
Generative Adversarial Network and noise distribution
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Abstract; Existing image super-resolution reconstruction methods take less into account the noise infor-
mation contained in real low-resolution images, which will affect the quality of image reconstruction. In-
spired by the real image denoising algorithm, this paper introduces a noise distribution collection net-
work to collect noise distribution information of low-resolution images, and adopts a model design of
Generative Adversarial Network to improve the reconstruction quality of noisy images. The noise distri-
bution information will be input to the super-resolution reconstruction network and the discriminant net-
work respectively. During the reconstruction process, the noise is removed during while ensuring the re-
covery of useful high-frequency information, because the ability of the discriminant network has an im-
portant impact on the performance of the entire model, the U-Net network is selected to obtain better
gradient information feedback. Comparison with the classical image super-resolution reconstruction

methods and ablation experiments, the resluts show that the proposed model obtains better performance
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in the noisy low-resolution image reconstruction task after using the noise collection network and the U-

Net discriminant network.

Keywords: Image super-resolution; Generative Adversarial Network; Real images; Noise distribution
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Fig. 3 Diagram of image super-resolution reconstruction network
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Fig. 4 Diagram of discriminant network
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xR 1 AEFEX4 BRI RealSR F1 AIM2019 ik £ SLIGEIIRR

Tab. 1 Experimental data table of different methods under X4 super-resolution in RealSR and AIM2019 test datasets

SRCNN SRGAN ESRGAN RCAN ZSSR DASR Ours

PSNR/dB 23.65 24.17 25.91 25.95 26. 00 26. 21 26. 87
RealSR SSIM 0. 6784 0.7312 0. 7466 0. 7479 0. 7483 0. 7656 0. 7964
LPIPS 1. 325 1. 134 0. 415 0. 395 0. 386 0. 257 0.172

PSNR/dB 20. 09 20.71 21. 38 21.53 21. 68 21. 54 21.98
AIM2019 SSIM 0. 4638 0. 5084 0. 5469 0. 5837 0. 6007 0. 5728 0. 6067
LPIPS 0.793 0. 689 0. 547 0. 509 0. 634 0.471 0. 353
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Fig. 5 Comparisons of reconstruction results

4.5 HEALE

SBAEAR SO Fh NDCN - R 2% (1415 v, I 28
My 3 A 8 D (Median filter) &b 3 &% 5
PR IASCI E AR 25, 53 406 NDCN %) 45 K]
I3 P 265 W 0 EA T T B SIS SR X L (25 2R SR 2) . &
e SR I 4% IF AL Gy VGG H5]
2K ORI FE 3 ) S T M 7 S 4R 19 2% R U-Net
F 5 RO 2.

% 2 NDCN 5 U-Net gLl 45 R
Tab. 2 Results of NDCN and U-Net ablation

SR

NDCN U-Net PSNR/dB SSIM LPIPS

With Median filter X N 26.09  0.7728 0.312
No NDCN-+U-Net X X 26.14  0.7756 0.307
With NDCN N X 26.57  0.7828 0.223
With U-Net X N 26.46  0.7791 0.258
With NDCN+U-Net </ N 26.87  0.7964 0.172

HKFTREATHA LS 5/ FTRURINHEA R 2%

H13% 2 n] 1 SR R B R e b AT s e it
TG 7 B B R A0 T ik PR R A2 L DLW 5
KW PERE RS B R AR —E R
DLH. T3 SIS ARG T 55 A fe PR P £ 1 45
U-Net H 531 [ 2 59 3¢ & F A HE . PSNR {46 T
0.73 dB, SSIM ¥ K T 0. 0208, LPIPS T [& T
0. 135. 7E-5 70 At FH e A i 52 R 45 A1 U-Net H|
9 W 285 (9 175 DU FUISS S SEAR IR B SSCR A AN R
JEE YT e+ U0 T IR 7 AR I 46 A U-Net 531 0 4%

I 245 B AR AR T T STk,
5 & g

AR SCHETAFAE MR (5 B0 LSS AR o
BIMGOR R IT FUGE 0 PRI B & A R 5
SR R B A T HE A 2 5 P A R
TSR A EE AR A AT 25 MR Ak B 2 AT )
AR T B0 A At i s RO A R
IR P T MR A ME L. P A SCAR T —Fof
T A3 T I A Y LS PR Bk 3 R B A AROR
o FH A JORT 7T 19 2% 1) 45 4 e - i 51 A NDCN
PO 2% L REAS ZR IR 73 e 4 (AR 0 W 7 o3 A1 T 4
LR R 5 R H S 1 245 L A R At LR U R
o 28412 e A 531 19 245 1) DRI R o 58 AP 1R B A
55 (14 [P i R P 155 6T T 0 i i ) 2.

RIRAR SR 45 A5 A, 5 R £ B LS00
S EGE  BER AT 5 A AN R HASE
Y5t N F AR GO o B R A W A AR 22 10
WL En L B T 0 B R AR B LS
A 5 BRI AR A 23 B R R RO I F A
2. AR NPT T 25 I I RE A fige DR 7 58, —
7 T A FERCHR AR ) £ JEE . 25 18 LS AR e 4
B Z IR R AR CE N A SR AR B K
85 55— T i AR WO B S I 2k 05 1 1 A
Rt BT R E S5 1 70 A R B AR
PRl rT AT I 2.
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