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Abstract Existing single image super-resolution methods based on the generative adversarial network cannot make
full use of features, and the generated image contains a small amount of meaningless noise. Therefore, this paper
proposes a dual discriminant generative adversarial network based on channel attention mechanism. In the generation
network, channel attention mechanism was used in the dense residual blocks to improve feature utilization rate.
Simultaneously by dual discrimination of pixels and features on the generated image, richer structural features and high
frequency information was promoted to produce. Experimental results show that compared with the existing SRGAN and

ESRGAN algorithms, the proposed algorithm achieves lower NIQE and PI values and can reconstruct images with better
perceptual quality.
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RN PG A R A 85 e A A 1 3 R R 0k — 4B
WE 6 fizR, (a) JpJ5hn UG I sobel A ZE AR
(b) \(e) Ay 4 FERCR T AR 000 26 050 550 1) 28 el 5
Je W FE R IR S sobel 23k 45 5% . LIRS 1
() Sk SEESL A 9], 1] 6 (b ) HrAH 7] DX 3 i S0 240 1 2
—HEBORI Y A AR 6 (o) TR A B2 1 15 B 5 R
TR IX SRR — 22 10, (B2 T DU N T R L H 4L
MRS, FEARBE R0 I e CWRNet fi8 45 #4) 22 58 i3
ARG RIS . WA R LA, CWRNet
1) 320 R A 45 SR 5 L S R AH LA e R i 28 I IX
B, 1 CWSRGAN Wi 2 {5 B0 SR 15
FSEEUR T O . 255 B E & R I,
Zead B GAN 9 28 %ot Bt 11 5 J 1 A 76 o 2t o ) ]

(a) HR (b) CWRNet (¢c) CWSRGAN

&6 Setld FHutEH comic EMRTE 4 {5 H 41 P2 H BURURXT HE
3.5 EHuiskstAiE®
3.5.1 FHHRIEE

TG4 H Y CWRNet AE N 4% 5 Bicubic ,CWRNet
A R L R Y AT B LA s AT B
BURXT 5286, S286 16 ] SetS | Set14 | Urban100 Hr4¢
PRANT RN F W = BRI T B, el 7 & 8
FI7R SR AEAR TR ECR 4 WTE DL T #E1T B R 0 s
DI R AL BRI AE S b R TS RE AR T, DAL 7
th SetS B4iE 4 1) Baby &4 1], % baby 1 )40
SRR XA TR, AT DA B4 SCH ) CWSRGAN
SRR B S L A LR B 4, JLH Bicubic 533 FE AL
(IR R L™ 5, T 5 T MSE 45125 pR %17 SRCNN |
RDN' | DL R FAT TR A i R 4% CWRNet #55[H g 4715 {5
BAR A Z T BB BRIt Z A, SRGAN i

A G PR R AR A T G A L (R
WLEEHT LA B, 76 B AR A AU 1 AR I A7 7E [ (M | T
HRTRE I BHS | BRGS0 A . ESRGAN [y 4
55 SRGAN AL, 5 H RS B4 B, S PR (0 2, (EL2
W7 A5 P BTSSR A E o AR SCHR H 9 CWSRGAN 453
AR A T E B BT, B RN E AR,
PR A, HLs R R 76 A CWRNet Az 7 2 5 2
5 1) ) I 8 5 B 22 P 4 R A 0 A XL 330 ) 4
R T TG MR B A X MG P R S i S b

HEmMAL,
HR

Bicubic SRCNN RDN

Baby CWRNet SRGAN CWSRGAN

K7 4 EHCRRECT baby fEARFIE TR TEAEOR YT LU

HR

Bicubic SRCNN RDN

ESRGAN

bird CWRNet SRGAN ESRGAN CWSRGAN
B8 4 fHHRKZRECT bird ZEA R FIE T M E MR X L E]

3.5.2 EUMEELERILL

M A S R S B AT A T &
WE ) LS . SR B Ak 3 R, SR G ik
FH Bicubic , SRCNN . VDSR . IDN | SRResNet . SRFeat 5
CWRNet £l L5 AT XF LL 320 . R AE 2.3 4 1540
R FTFHERHEAT T 928, LI S5 SR AT LLE ), AL
$2 1 CWRNet 54£%5 1) Bicubic .SRCNN 5 VDSR &
A E A B B B B P 3, X F IDN Al SRFeat, CWR-
Net 7E PSNR FSE#5938FF 7 0.3 dB Z247, 75 SSIM. |4
FET0.04 Ay, SEIREE AR, A SCHE MY i) 18 fnAY
1% B 5% 22 A B 4 HE AR IR 3R ik 8 T

e AT A SCHE H ) CWSRGAN 5 SRGAN |
ESRGAN Fl CWRNet #E17Xf HL S5, 5256 % ] NIQE
5 PUWHD 5 R8N B A o4 — B0 P 46 A
SCEREE RN R 4 PR, A8 VU RO [F] B 4 b
CWSRGAN #RHUAF T H B AF i Se B 45 . Hop, 16
NIQE |5 SRGAN F1 ESRGAN A kb 43 5 F- H B AR T
0.75 EHAr A M 0.55 B4, 76 PI |5 SRGAN Al
ESRGAN A bt 43 i F- B FEAIK 1 0. 37 | 4y sl A2 A7
0.13 HArt A AT o SZIE, %t Set5 Setl4 BSD100
Urban100 %4 , 4 SC 2 HY ) CWSRGAN 7 NIQE FiI
Pl _[#RZ4 T SRGAN 5 ESRGAN B4R .
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F£ 3 AXEE CWRNet 5HA 6 #HEEAEFRNIXETH PSNR,SSIM {E3T Lk
Bicubic SRCNN VDSR IDN SRResNet SRFeat CWRNet
datasets  scale
PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM PSNR/SSIM  PSNR/SSIM  PSNR/SSIM
2 33.66/0.9298 36.66/0.954 1 37.54/0.958 6 37.83/0.9602 37.90/0.959 4 37.95/0.959 8  38.27/0.961 0
Set 3 30.39/0.8679  32.74/0.909 0 33.65/0.9218 34.12/0.9251 34.32/0.9262 34.25/0.9210 34.70/0.929 5
4 28.41/0.8211 30.48/0.8628 31.18/0.8826 31.92/0.8876 32.17/0.896 1 32.14/0.8918 32.55/0.899 8
2 30.24/0.8688 32.44/0.9072 33.07/0.9130 33.30/0.9147 33.65/0.9172 34.05/0.9110 34.10/0.9215
Setld 3 27.52/0.7728 29.29/0.8213 29.76/0.8320 29.98/0.8345 30.39/0.8415 30.58/0.8463 30.75/0.849 0
4 26.08/0.7472 27.48/0.7585 27.79/0.8268 28.51/0.7833 28.60/0.7830 28.61/0.7816 28.81/0.788 3
2 29.56/0.843 1 31.36/0.8879 31.90/0.896 0 32.10/0.8990 32.21/0.900 5 32.48/0.9038  32.46/0.903 5
BSDIOO 3 27.21/0.7385 27.41/0.7863 28.82/0.797 6 28.90/0.801 3 29.13/0.8075 29.53/0.8120 29.40/0.812 4
4 25.96/0.6676 26.96/0.7108 27.29/0.7626 27.48/0.7345 27.61/0.7390 27.59/0.7357 27.73/0.7437
2 26.88/0.8398 29.52/0.8946 30.77/0.914 1 31.27/0.9195 31.85/0.9260 32.05/0.930 0  33.54/0.9401
Ubanl00 3 24.45/0.7352  26.24/0.798 8 27.15/0.8289 27.41/0.8348 28.25/0.8463 28.37/0.8555 29.32/0.873 8
4 23.15/0.6577 24.52/0.7221 25.18/0.7546 25.86/0.7856 26.18/0.789 8  26.53/0.8037  26.70/0.805 7
x4 4ERKTEZE CWSRGAN SHA 3 #E Xk EARR MK E T H NIQE PI Xftk (% )
it Setl4 Setl4 BSD100 Urban100
FEMERE NIQE Pl NIQE Pl NIQE Pl NIQE P
SRGAN 4.81 3.05 4.40 2.98 4.53 2.37 4.73 2.09
ESRGAN 4.67 2.65 4.21 2.61 4.15 2.28 4.64 1.98
CWSRGAN 4.36 2.47 3.56 2.54 3.65 2.16 3.92 1.85
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