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Image super resolution reconstruction algorithm based on
generative countermeasure network

LIU Guo-qi, LIU Jin-feng", ZHU Dong-hui
(School of Information Engineering » Ningxia University , Yinchuan 750021, China)

Abstract;: SRGAN is a typical method of image super-resolution based on deep learning, the recon-
struction effect is good, but the algorithm still has some shortcomings, and there is still more room
for improving the image quality and operation speed. An optimization model is proposed based on the
SRGAN network model. Because the batch normalization (BN) layer often ignores some image details
in super-resolution image reconstruction and increases the complexity of the network at the same
time, the BN layer is removed from the generator of SRGAN and the ECA channel attention is intro-
duced so that each residual block generating feature map gets a corresponding weight in order to
process more image details. After training and comparison experiments on public datasets, the results
show that the proposed improved model has richer image details recovery, better visual effects, better
peak signal-to-noise ratio and structural similarity performance, and fewer total number of model pa-
rameters compared to the comparison model.

Key words: super resolution image reconstruction; generative countermeasure network; channel atten-

tion;residual network; batch normalization
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Generator Network B residual blocks
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Fig.3 (a)SRGAN residual block ; (b) Improved re-
sidual block.
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Tab.1 Generators convolutional layer structure related

parameters
HREZE BRI &AL ES L NN
Conv_1 2 128 3*3
Conv_2 2 128 3*3
Conv_3 2 128 3% 3
Conv_4 2 64 3% 3
Conv_5 2 32 3 %3
Conv_6 2 1 3 %3
Deconv_1 2 32 3% 3
Deconv_2 2 64 3% 3
Deconv_3 2 128 3*3
Deconv_4 2 128 3% 3
Deconv_5 2 128 3% 3
Deconv_6 2 1 3% 3

X} SRGAN [ 30 55 #5 W 45 e 3 J5 1) 235+ 4n 1]
4. TR T — & UE (Conv) F
LI —1L )2 (BN) F T 2 (Leaky ReLU) FR N 45
B, Mg BUR 2T 1 DR Ry
(RSN R SIS TR K5 €/ NS R R = o
ZRAMGFER A SCRHE KR 2 (& H)Ek
OB SRGAN H it 2 . 45 4 A BB
Jo A T 4 i 4 2 (F OO K i H 0 45 A1E T e 53 28 —
AMME, Ff A Sigmoid J2 KB B E] 0, 1) X [H]
DAL A5 3] e 26 1) TN AL, 2 T 6P T 0 W e A 1)
BGOSR

n64sl  n64s2 nl128s2 n256s2 n512s2

L. a =) = =
: Z
| T | z —
m— % ik il -
©
]
[b

P4 Bk e 04 050 6 0 4%

Fig.4 Improved discriminator network
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Tab.2 Improved discriminator convolutional layer con-

figuration
HBHZE BEER/N FRE4EE g
Convl 3%3 64 1
Conv2 3%3 64 2
Conv3 3% 3 128 2
Conv4 3% 3 256 2
Convb 3% 3 512 2

4 IS

4.1 FEMIERR

Xof T 43 HE A R R A R R B 45 R A I
TN AR B BRI R AN ] B NAETE 2 A A
[) ) 2 WL SZ o AT AT AN ) B 3PN 1 BE A ) F
AR A8 A A2 Ak, P I PR TR AR BE G — , BT LA
R NS VRS R iV 1 A S S D i
PG Ak B S R A ) TR AR

AR I % WLV A 48 bR R 0 {1 MR L
(Peak signal to noise ratio, PSNR) #1245 #4) #H 12
P (Structural similarity, SSIM), X ¥~ ¥ 4 48
o H TS TR A ) RGO 7y R ) 32 B
WA TEDR

PSNR 2 fiy 5 45 i 5 802 10 2 WL DT A
fabr . B 5 AR R B 107 1% 22 (MSED 19 % 0K
S b . PSNR fild Sz B P45 B 1 7 K F BT LLR AR
o RMRR B RN HABBRR , R A R Y
ROR AT

SSIM S iy 1 KI5 =2 18] 45 #4 A BLE (1) % 00 B2
i, B AT AR IR S BE 6T FE BE R A5 A8 Tl A Y i
FeBL. SSIM HYTLFE R 0~1, 241 5 P {5 — BE it
SSIM (W E BT 1, 0 B R ROR e
42 WIRE

SR T R ER S 5 1) v A P R AR O A
SCHR B Bt B 12 T DIV2K, BSDS300, Set5
Setl4 = 1H BHE 4 .

BEfFF- 5 BC E an R 3 s, S IR A Y
Ubuntu #4E & 48, W 2% > #E 42 & Pytorch, 7£
AR 9 Adam BYREOL T UIZR T 100 48, R
Tt FL G 1 i L R A i AT 48— B BT R 128 X
128 K/ EIR . I 25 1) batch size B R 64,56
IE batch size WH N 32, R REH L1,

®3 ZBRHE

Tab.3 Experimental environment

I H £ Bk =RVN Y
BIERS 64 {7 Ubuntu
K By hig A% 440.95.01
CUDA A 10.2
GPU NVIDIA 2080Ti
A7 116G
TR BE 27 > HE 2R Pytorch 1.3.1
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Fig.5 Super-resolution reconstructed images at dif-

ferent magnification factors. (a) Low
resolution image; (b) Under 2x magnification

factor; (¢c) Under 4x magnification factor.

ot — RIS AR SO AE & U 25 R
F L VEA 245 5 PR 7 T R R Ak e 1A AR 7R B A g
J1. 3R A MES G A 4 AR F T, Bicubic,
SRCNN, SRGAN I A< 3¢ 48 5 19 g 3k 19 2 AU
(Ours) 7E 4 F 88 4 L, ¥F 4 45 45 PSNR 1
SSIM 1 X} b 44

R4 4TI PSNR XL
Tab.4 Comparison of PSNR of four network models

£S5 4 PR LEE SSIM 3tk

Tab.5 Comparison of SSIM of four network models

MK HREF Bicubic SRCNN SRGAN  Ours

DIVZK 4 0.5941 0.6421 0.696 8 0.716 9
Setb 4 0.4953 0.5219 0.5614 0.586 3
Setl4 4 0.698 4 0.712 3 0.726 8 0.789 6

BSDS300 4 0.604 7 0.6324 0.656 7 0.689 2

MR K F Bicubic SRCNN SRGAN  Ours

DIVZK 4 24.329 27.594 6 29.012 3 29.142 7
Setb 4 22.168 24.192 3 24.892 3 25.620 9
Setl4 4 25.698  26.954 27.654 2 27.756 7

BSDS300 1 24.395  25.954 26.548 9 26.842 1

U JE A AT A 4% S BOdE 4R 19 PSNR 45 15
WA T —ERT BSRHE R T —E R

WU 5 BB AR A AN B B2 1Y) SSIM 48 A7 R
B UG R A T — R

U I BB R TR S R R > 7RIS T
EEWAT —ENET. £6 4T SRGAN 5
A SC HE Y (Ours) BB 8B,

xo6 BHBMEEEMNESEENILL
Tab.6 Comparison of the total number of participants in

the model before and after the improvement

K L ON R SRGAN Ours
DIV2K 4 71 459 69 247
Set5 4 71 359 70 694
Setl4 4 70 259 68 149
BSDS300 4 71 136 69 069

M T B S8R B A [R] S0 J5 B 0 2% A5 L
ZHEY /N T SRGAN, Wiz 7 WA T
AN AR T

AR S 3 T A B BT 4 1 ) B R
AR A RN AT ECA il i
TERE 7 78 F0 50 9 45 v B0 T 4 BB B, i 4 R
FH 38 I 25 45 DIV2K, BSDS300 . Set5 ., Set14 i
A0t 52 6 ¢ W i o G A R G BT M) 4% T
76 W AR {5 M8 b (PSNR) 1 45 #4 A AL P (SSIMD
RTS8 B B AT U A R
. e E AR SO A R 9 PSNR AT SSIM
PRGBS - XA S5 R 7 A B 43 AR ER TR
Hofl gy g0 A7 T 6 E L GE B TOA SO Y M 4%
P BE A A R E L R S BUE T B
R,
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