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Abstract: Inferring high resolution image from single low resolution (LR) input is ill-posed and deep learning
helps to some extent. The latest algorithms take the advantage of the Generative Adversarial Network (GAN) and
present photo-realistic results by learning low/high resolution mappings from super resolution datasets. However,
training of GANSs can be hard and traditional GAN-based architectures often exhibit noise and texture distortion in

their super-resolution (SR) results. In this paper, a mask-aided adversarial training strategy for current GAN-based
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SR frameworks is proposed. During training, mask module helps the discriminator by introducing additional
perceptual quality information with generator’s outputs and the ground truth images. In experiment, three current
state-of-the-art GAN-based SR models are selected and the mask module is integrated into their adversarial
training. The improved mask-aided models yield better results in both quantitative and qualitative benchmarks
than the original ones. Mask module only modifies GAN framework and thus is suitable for many GAN-based
solutions for further improving the SR perceptual quality.

Keywords: deep learning; super resolution algorithm; generative adversarial network

B5K R o3 FE AT 55 (LA R FR Oy GO 43 923 ) S T S AL e 40 T 2 AP iy I i 2 — o FAT 1%
[) R AE M 45 2 )7 A 28 I 4% 25 TR AT B B B . EUG0RE 23 BE 23R AT: 55 H A DA 43 B 36 52 B 1) Bk [0 4R
rh AR B AT 5 e UL T ik 1 R o B R AR . R TR 2 I TRGORE o 3R T 0 R P R e 2R X 4 A A 3
TR 52 AR 53 9 238 I8 380 1 43 90 30 RS A AR G Pk W, R4S T AT A8 A B R A5 R . (B W TR B
REUGA B RFEA RN R 2 m 5 S, Dt Jo vk 3015 5 31 52 1 40 FE S GO > 1 SO A4 5y, LA R A
HIRK WAL ZS 18]

HHT, AT 09 K 22 B0 TR B 2 > 1 BUGORE 43 FE R A0 K B0AT L4y oy 18T ] 6 /{7 M L (peak signal-to-
noise ratio, PSNR) [ % 4% il 3 T A= 1l X5 370 9 2% ( generative adversarial network , GAN) F R Y o 16 AH 15 M Fb Y
TR T 2 5K IR Z [0 i 35 J7 18 22, DRt T T o R 43 BE R KR i K &2 7K - . SRCNN'E [ 1] PSNR
P DO 5% 1 SE 3K, B 1 FH A8 R bl 8 T 8% 0 A7 IR 23 23 380 05 20 R R AR S 1 22 ) ol T3 T8 B 42 I 4%
) S 70 3 TG T A A b A ST R A B K I T G B A T 2 AR R 5 A R R O R L B R TSk
PRI o 5y R G T A S 405 . VDSRESH 1l — PR T M 26 12 2] fig ) FOG RUZ B n®) 17 20, M
T 25 B AR o3 R A A EGGE B SR ML OR B T s R R T 5 TS A ) I SRR T
5% 2% 2% 2] (residual learning) Jy % , JAX T T @5 00 4 i o B S i BR A — 2L X 2% f51] 4 EDSRYVFT RDNW, #4 fiff
FH T 5% 2 B AR RO b T TR A X 28 . R I 3k 6 T ) PSNR () A58 80 o HL o A AR 0 HER BRI 3R B T
e B VAL A5 R LL A AR e ) R R L (B W R M LU A Al 4R e I S B 8 O AR A R T HLZ (B T
BT B AR R R T B . R 22 8001 7] PSNR [ UG 43 HE A R ER A7 76— a2 ORTR 2 046 ] A8

T Goodfellow 5 AT H2 1 A 6470 9 28 11 ZRAE S, 38 5 BE 6% (1 75 16145 4 B 25 0 2% 26 il T o 38 B
Y285 3 o A IO T I 265 1 A ol At 10 i AR I o3 B SR R, O 3R [ 3 9 AR 4 SR T 6 ) A DU sk IX g 0
RGN R 1R 43 B 3R R 22 ] 1 25 S ok AR B T8 Z R 0 i WA B o S RE AR RS R LR v A S0 S A TR
IR 43 B g5 2R, O A2 B LG T ) PSNR Y 5088 73 HF 5% 0 4% 00 38 B0 IR . 8 0 B 230 AR IR 4 I 2%
SRGAN"'5| AT Hi Johnson %5 A" 44 Hy 09 WL A5 2% pR B, JF 4R 15 1 26 L 1) (RTAG0BE 73 B R 25 51 o 120Ukt 2k
PREICHORE T F Russakovsky 25 AT 81 4 1Y ImageNet $0H0 Fe , #E 47 T 56 U1 25 1 43 25 I 288 BT 11545 31 48 5 Y
SRGAN(enhanced SRGAN, ESRGAN )" 7 F 1 — b A % 41 46 Syl o0, i 45 I 25800 A E PR AR 31 T 4271,
Ff it — 20 PR T B A R R BRI 1k SRGAN 28 26544, DL AR Bl AE v b B 0 2 52 R 0 8 3 B R 1 285
o Self-Attention GAN(SAGAN)"™ M5 AT H & I FEHLH] LASE H G A AN 7] X Jsk =22 Th] 14 32 B 28 4401, M i
fifi i oy PR R R TN F AR o AR 5 A B R Sy X B 9 2% 5 A AT AR MEE U 25 rh A5 B AR
B AT S, P 0t A s ) PTG A R R - AT EL A A T T 0 iy e 7 R g B A L it

TEBLEEAE b 0 T — R A e, DL B 2 T GAN (% B 0 BER B8 7 vk o 38 o £l FH 48 A (mask)
LBk i B X 470 00 28 I 5, o T 22 5 L SRR OC (4R 80 A X B0 I 4% v, AR A5 T 47 B8 A BRI . SR
THERARE T A W I 2% BT A5 3] (1) 768 43 HF S8 RGO 7 1 JE s v o0 R AR 38 el b S S 5 ) S0 485 AT DA 4
b S AR R 2 B2 AR o B R R i A Y TE B R ot . DA RIS R 43 R ) 45 ESRG ANy f91] , 4 JlE A5
HAE A BT PT Z5 UNZRHE 2R 2 rp 67 B AT 1 TR o 38T GAN Y RIS 43 B 2% 1 2% R TS 1] PSNR Y 7 v5 Bk
TXTHAFE 2T EB Ay B AN ] A Y KRB AT AR [R] B9 254 o Wi 5 B 1 i) 4 FEE AR A 2B B 0 099 2 1 2 1Y) O 125, 7EAR
KRFERE E O AF M A5 6 1 9 288 I 4% A O A5, 810t T A AR B 0 0 80 R b A 38 22 i ) ) % T EL A L S U ) G 3
POREMG , FETTEA LT 240



% 5 M BAEF,F AR BRI RAACIR T A R AT 0 M % 09 AR 5 9 B AR 95

1) 42 Hy 7 AT LU B 2 T GAN 1 RIS 230 H R 28 1 S o %07 36 SO AR ISR I 45 I 2R 28
BEATAE U, RGOS A 1 BN AR 22 B A B MY L | LUHE— 25 52 T o3 B R AR 5

2) AT 3 M O % B 11T 1) PSNR FIE T GAN (14 P {508 7 i 5 (9 28 58 080 LA B 2465 Ky Il o 119 110 ok 5
LA B 73 9 23 235 2R v AR R B R AE

H G o
WA RRER
NE 2 {RE o
(3 g Yy} g (3 —je (3 S
. [ 1L
4x A
BT
4 > e
/B T
YRR
C*% —>  MRIHD — SR
BT
IR

1 BEEREERNRMENEIERPHMLE(LEGE S P EMN% ESRGAN AH, 4 F8 R#¥)
Fig. 1 The position of the mask module in GAN framework (Taking ESRGAN as an example, with 4 times super resolution)
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Fig.2 Diagram of the image equivalence class
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Fig.3 Pipeline for integrating mask module into super resolution GAN framework
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Fig. 4 Comparisons of super resolution models’ image results before/after applying mask module
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Fig.5 Comparisons of super resolution image perceptual index between different mask module parameters on ESRGAN.
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