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Abstract

The deep learning method greatly improves the performance of super-resolution. However, since
the super-resolution reconstruction itself is an ill-posed work, the generated effect is unstable,
and the averaging processing for different channels will also cause the image features to be diffi-
cult to highlight. In this paper, the dual learning strategy is used to reduce the solution space and
further constrain the SR image generation process by introducing the sub task of SR image down-
sampling; at the same time, the Residual Dense Channel Attention Blocks are used, so that the im-
age features are focused and can be better transmitted. Finally, through the comparison with the
classical algorithm and the ablation experiment, it is verified that this method has a better gener-
ation effect, and our improvement is also effective.
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Figure 1. Diagram of SRCNN network structure
1. SRCNN P& L5 &
ZANBRE A FE R T RFERSEEUNR R . JELR MWL RN A = AT, BRI
1) FHEPERIS FoR: BAEETBORE K PR RS £« f, KRG IR MAER, W& E
B n gERFE . na(3), H s« REGHEME, W, R0 MERX, B N—MuE &,
F(Y)=max(0,W,*Y +B,) (3)
2) ARLRPEWL: FRHMEPNGE 2B, i IR, BRI, R E. @), W, %
T, AR N fw F, AR, B, n, 4EII L
F,(Y)=max(0,W,*F (Y)+B,) (4)

DOI: 10.12677/csa.2022.1212289 2846 THENUR S 5 R H


https://doi.org/10.12677/csa.2022.1212289

N

RET A\ L
74

p=;

3) HA: It — N RBIR IR, 13 BB A = o R B nsX(5), W, Kom ¢ MR AN, + o+ f,
HIJER A, B, N ¢ 4EMImE M E .
F(Y)=W,*F,(Y)+B, )

T RIS I R R 2B MU T AR SE K 73 95 05 1%, AERLGE R AT PSNIR (I{EL {5 1 LL, Peak Signal to
Noise Ratio){t F#8RILH 1 HAFHITERE, WA T 5 S8 VR FE 22 ST AT 20 HE AW U SRR S, A
SCHJE ST U2 FE T I RE SR AT 1Y

3. ETHWEFINKEIENEIWUEREEL

P HER I E I, A BN o REOS R EHUEIT lys, FRATH IR EABEMNG, 2G5
—AEIEIIE . (HSEER LR A R, EOEAE TR REN I fEIE A — BERHE T B, &
FENE 5K re FTEMERIESRRIIEREF, B AF R 2 R R Rl i, b ARG, S EE M
KGR FTRESAS TR 2 PP 4R bR, (EAERLGE L R4 7 2R SRR

A EEI GRS ST RIHESE, BR TR 1R ZE R lsr R RIAE S5 A0, BN 145 A2 A 1sp BRI 2R
FEAE R R FOAESS o PIAMESS TLIORIG, TE R PR R e M, S A0 R RABE LR, 32— 2B el
T Nsr HIESIEVE, Sem 7 AR R i .

3.1 {EHIER

AICHIIE RS EPIAMTSS, — DR I w AR g FIFAESS, B SR 155, A— @R ek
1 s T RFEN 1 o FIXHEAT S

WNGRI H bR — 7 (B2 A AR R 1sg REJRPTRERIEIT 1pg, T3 — 7 2R Isr I T oRFFSE R 1| tHAE
JEATREMIIEIT g, FHBARIAE R T fHOE— D HO PRSI, I8/NEAS TR o RO AN R A B 1sp BEFRIE T g,
TR AR SR AT 5 AR TN AN B S R ) R R AR RAREL, L S LR—>HR B AR i T
LR<—>HR PRl s, DLIRTF SR SR R . W] 2 From A i 28 1) R B AE 42

SHBHESg: 1,1,

Figure 2. Diagram of dual task framework
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Figure 3. Structure diagram of RDCAB module
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Figure 4. Diagram of network structure
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Figure 5. Structure diagram of downsampling/upsampling module
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Figure 7. Visual comparison between our methods with other super-resolution methods

7. KX FESHMEB S AR RERSEL

Table 1. Performance comparison of super-resolution models at 4x
F 1 A B TREMEERSLL

Algorithims Set5 [9] Set14 BSD100 [10] Urban100 [11]
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

Bicubic 28.42/0.8104 26.00/0.7027 25.96/0.6675 23.14/0.6577
SRCNN 30.28/0.8628 27.49/0.7503 26.90/0.7101 24.52/0.7221
EDSR 32.48/0.8982 28.81/0.7873 27.7210.7420 26.64/0.8029
SRResnet 32.05/0.8910 28.53/0.7804 27.57/0.7354 26.07/0.7839
RCAN 32.63/0.9001 28.85/0.7882 27.74/0.7429 26.74/0.8061
ours 32.58/0.9001 28.86/0.7887 27.7510.7431 26.67/0.8062

Table 2. PSNR value of super-resolution ablation experiment at 4x
= 2. A 5B TIHRLSLIE PSNR B

R — A PR = HR Y
RDCAB X X J S
MHEAT S x v P N
Set5 32.36 32.45 32.54 32.58
Set14 28.74 28.77 28.82 28.86
B100 27.66 27.68 27.71 27.75
Urban100 26.43 27.49 26.62 26.67
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