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Abstract:  Single Image Super Resolution (SISR) refers to the reconstruction of high resolution images from a low resolution image.

Traditional neural network methods typically perform super-resolution reconstruction in the spatial domain of an image, but these methods
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often ignore important details in the reconstruction process. In view of the fact that wavelet transform can separate the “rough” and
“detail” features of image content, this study proposes a wavelet-based deep residual network (DRWSR). Different from other traditional
convolutional neural networks, the high-resolution image (HR) is directly derived. This method uses a multi-stage learning strategy to first
infer the wavelet coefficients corresponding to the high-resolution image and then reconstruct the super-resolution image (SR). In order to
obtain more information, the method uses a flexible and scalable deep neural network with residual nested residuals. In addition, the
proposed neural network model is optimized by combining the loss function of image space and wavelet domain. The proposed method is
carried out on Set5, Set14, BSD100, Urban100, and other datasets. The experimental results show that the proposed visual effect and peak
signal-to-noise ratio (PNSR) are better than the related image super-resolution method.

Key words: single image super-resolution; wavelet transform; convolutional neural network; residual block
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Table 1 The specific settings of the network parameters proposed by this method
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t ) s i)
D) 3x3 conv, 64, stride 1, padding 1
L 1x1 conv,128,stride 1, padding 0
3x3 conv, 128, stride 1, padding 1
£ 45T ] . I: , 128, ,p g
AL SRRy 58 HERQD) 3x3 conv, 128, stride 1, padding 1
B 1x1 conv,256,stride 1, padding 0

- 3x3 conv, 256, stride 1, padding 1

)7 s s s
RERG) |:3><3 conv, 256, stride 1, padding L
B 1x1 conv,256,stride 1, padding 0
s 3x3 conv, 256, stride 1, padding 1

;3 ) L , 256,
D) x3 conv, 256, stride 1, padding 1.
B 1x1 conv,128,stride 1, padding 0
s 3x3 conv, 128, stride 1, padding 1
30 4 L |: P .

I REIREG) 3x3 conv, 128, stride 1, padding 1

L 1x1 conv,64,stride 1, padding 0
3x3 conv, 64, stride 1, padding 1
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HEI6) 3x3 conv, 64, stride 1, padding 1
LR 3x3 conv, 12 3x3 conv, 48 3x3 conv, 192
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Table 2 Quality evaluation of different loss functions

* 2 AFBUKRE BRI

R Set 5 Set 14

BUREEC | R —5etR ssiM | PSNR SSIM
Toay 3179 0888 | 2824 0.774
lima x4 3170 0886 | 28.14 0773
o 3181 0888 | 2828 0.774

43 REFM

AR Z 4 T3P0 BERR B  PANE AR R IR SR 45 S 10 4 3R e {1455 1 L (PSNIR) Il 425 A4 K AL 1
(SSIM). K AR SCHE H B 77 725 5 M A 57 A 7 v 3047 BB A0 W 5T 4 OR B2 SR 2x 4 A 8x Il Y.

3 dagE T A TS Hidth 7 AR AN R B R 4R (Set 5,Set 14,BSD100,Urban100,Mangal09) LL & A [F] R FE
F(x2,x4 A x8) 4k B[ (W AE 15 M b RN 25 M AR ALLE ) B e B A H 3 AN 343 0 UL . T R R BH B2 38 7R AT LA
BV HBE A SCHE HY B 7 VAR 45 5 IR0 A 5T EDSRE™. 57 e J5 R, 78 W 4% 25 0 b, P 2 8K T ik 22 BeA g )
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2% (1 B AR 20 BB T0 T AR [ £ 2 AR SCHR R I D R AXUAE T T 6 Bk 2 B EDSRETME T 77 32 A1 2 1l AR AR 5% Ak
CL 8 AT LAIE B 25 A AR R 1A D) 2% A5 15 RE 0 AR 41 B 22 1) 45 3 B0 S KA DX IR 300 I A AR 3 A5 2, 0 e R B 1Y
R AR S AELAE LA T T, AR SCHR R B DT VA B — S AR B I R L AE AT R RE B AR L R SRR AR T
55 H A T 20 L A ST BN T AR BUE x4 Al x8, 556 45 R A AR
Table 3  Quality evaluation of different algorithms

%3 ARFTERFRETN

ik i SET 5 SET 14 BSD100 URBAN100 MANGA109
A RE PSNR SSIM |PSNR SSIM | PSNR SSIM | PSNR SSIM | PSNR  SSIM
Bicubic 33.69 0931 [30.25 0.87 | 29.57 0.844 | 26.89  0.841 30.86 0.936
A+ 36.69 0.955 | 32.32 0.906 | 31.24  0.887 | 29.25  0.895 35.37 0.968
SRCNN!' 3672 0.955 [ 32.51 0908 | 31.38  0.889 | 29.53  0.896 35.76 0.968
SCN! 36.58 0954 3235 0905 | 31.26  0.885 | 29.52  0.897 35.51 0.967
VDSR!'! 37.53 0959 [33.05 0913 | 31.90 0.896 | 30.77 0.914 37.22 0.975
DWSR!??! x2 | 3743 0957 [33.07 0911 | 31.80 0.894 | 3046  0.916 24.08 0.846
DRCN'! 37.63  0.959 |33.06 0912 | 31.85 0895 | 30.76 0914 37.63 0.974
LapSRNU!?! 37.52 0959 | 33.08 00913 | 31.80 0.895 | 30.41  0.910 37.27 0.974
DRRNU'® 37.74 0.959 | 33.23 0.914 | 32.05 0.897 | 3123 0919 37.92 0.976
EDSRP” 38.11 0.960 |33.92 00919 | 3232 0.901 | 32.93 0.935 39.10 0.977
DRWSR(ours) 3747 0957 [ 3235 0909 | 31.91 0.894 | 3145 0.920 | 38.02 0.977
Bicubic 28.43  0.811 | 26.01 0.704 | 2597  0.67 | 23.15  0.66 24.93 0.79
A+ 3032 0.86 |27.34 0.751 | 2683 0711 | 2434  0.721 27.03 0.851
SRCNN!' 30.5 0.863 |27.52 0.753 | 2691  0.712 | 24.53  0.725 27.66 0.859
SCNU!3 30.41 0.863 [27.39 0.751 | 26.88  0.711 | 24.52  0.726 27.39 0.857
VDSR!*! 3135 0.883 [28.02 0.768 | 27.29  0.726 | 25.18  0.754 28.83 0.887
DWSR!??!! x4 | 3139 0.883 [28.04 0.770 | 27.25 0.724 | 2526  0.755 2423 0.816
DRCN!! 31.54  0.884 [28.03 0.768 | 27.24  0.725 | 25.14  0.752 28.98 0.887
LapSRN!!! 31.54 0.885 | 28.19 0.772 | 2732 0.727 | 2521  0.756 29.09 0.890
DRRN!® 31.68 0.888 | 2821 0.772 | 27.38  0.728 | 25.44  0.764 29.46 0.896
EDSRE7 3246 0.897 | 28.80 0.788 | 27.71  0.742 | 26.64  0.803 31.02 0.915
DRWSR(ours) 31.81 0.888 |28.28 0.774 | 2743  0.731 | 25.66  0.773 30.18 0.903
Bicubic 244 0658 | 23.1 0.566 | 23.67  0.548 | 20.74  0.516 21.47 0.65
A+ 2553 0.693 | 23.89 0.595 | 2421 0569 | 21.37  0.546 22.39 0.681
SRCNN!"! 2533 0.690 | 23.76 0.591 | 24.13 0566 | 21.29  0.544 22.46 0.695
SCNL3 25.59  0.706 | 24.02 0.603 | 243 0.573 | 21.52 0.56 22.68 0.701
VDSR!! 2593  0.724 | 2426 0.614 | 2449 0583 | 217  0.571 23.16 0.725

DWSR!?!! x8 - - - - - - - - - -
DRCN'! 2593 0.723 | 2425 0.614 | 2449 0582 | 21.71  0.571 23.2 0.724
LapSRN!?! 26.15 0.738 | 2435 0.620 | 24.54 0.586 | 21.81  0.581 23.39 0.735
DRRNU'® 26.18 0.738 | 24.42 0.622 | 2459 0.587 | 21.88  0.583 23.60 0.742
EDSRP” 26.97 0.775 | 24.94 0.640 | 24.80 0.596 | 22.47  0.620 24.58 0.778
DRWSR(ours) 2674 0.758 | 24.74 0.632 | 2474  0.592 | 22.23  0.601 | 24.25 0.757

B 4~ 9 Jo 1 M Bl U Hos 2 P 1 ) 5 R A5 A AN [R) vk B 0 A0 3 AR 1 LU AL 0 T 4 AT 7
IR AL T7 10 A B AR 2 2 AN AN 80 L T L SE 375 A AT B T E At 485 2R v 2 2% 3 5 LU SRR A A L
FERAEBIIR I 5 ProaRTrEr ARG R B R 7 TR G5 B L LA Rk N g A
T NEL 6 AT BLFE B ACSCH 25 SR AL st R B T TS M ) B4 A 4, T EL At D7 ik s A 45 ROF A REAR 47 3t
PRBLX — 45 (5 5 B 8 Jr i, A U 45 SR DE 5 B I ) S0 S T T bt A 52 R T G Ak P 485 SR U B g AR
FEFE 9 A eSS R, A SO R AR (M 45 SR AN AT T8 B 1 20 5% 5 L ELIR BTt 1 3R HH R 1 25 10 98 20

SRR M. T EL Al 25 SR D0 B A, 2 2 3 % 2 AR 1A IR

SRR, Fh s 81 PR AT AR B M T R R AR IR BN x4 i8R x8 MR EDSRETIBAAT ) HAt 7y v, A&
SR B 7 v Re i S b O B 400945 IS, [0 T A5 320 45 458 e S 00 B A6 R0 375 b, 3910 B 4 F0 S 22 2OR
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NSO Ny
R

HR SRCNN!™I vDsSR!M
(PSNR, SSIM) (15.557. 0.406) (16.126. 0.488)
y
L l‘ L l‘ L “
Ground-truth HR DWSRP! DRCN!™ OURS
Urban 100:img_005.png (16.283, 0.491) (16.516. 0.495) (17.926, 0.515)

Fig.4 Super-resolution results of “img_005.png (Urban 100)” with scale factor x4
K4 8780878 x4 IS img_005.png(Urban100) 8 43 #f 2 &5

HdridHe

o PowerPoint

SRONN! vDsR!M
| (PSNR. SSIM) (21.896, 0.551) (24.721. 0.726)
Lematn pficasan - -—
EELESS )
Make puer pain in 7
Lem Yy e - ’ - . ’ - L .
Giround-truth HR pwsRrEY DRCNIYI OURS
Setl4:ppt3.png (27.732.0.783) (25.188.0.763) (30.001, 0.906)

Fig.5 Super-resolution results of “ppt3.png (Set14)” with scale factor x4
K5 48R 70 x4 B IS ppt3.png(Set14)fi 73 5 5 45 21

HR SRONNII VDsR!M
(PSMR. SSIM) (23.425. 0.699) (25.170. 0.779)
Ground-truth HR DWSR!PY DRCN OURS
BSD 100:img_034.png (25.046. 0.784) (25117, 0.767) (25291, 0,788)

Fig.6  Super-resolution results of “img_034.png (BSD100)” with scale factor x4
Bl6  4iilA 7oA x4 K4 img_034.png(BSD100) 1t 43 ## 2 45 1

() = =

HR SROMNI VDSR!"™
(PSNR, S51M) (13274, 0.565) (18.585, 0.701)
Ground-truth HR DWSRE! DRCNI' OURS
Manga 109:Hamlet.png (18.354, 0.685) (18.680,0.731) (15.821. 0.0.768)

Fig.7 Super-resolution results of “Hamlet.png (Manga 109)” with scale factor x8
B 7 455R 7N x8 # 1 1% Hamlet.png(Manga 109) 8 73 3 K 45
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AN BN N

HR SR(‘-NNIIEI \’i)SRIHI
(PSNR., SSIM) (15.989, 0.552) (18.337.0.610)
\ L“ \‘
Ground-truth HR DwsgrEY DRCNE OURS
Setl4:zebra.png (18.185, 0.601) (18.534. 0.642) (18.543, 0.643)

Fig.8 Super-resolution results of “zebra.png (Set14)” with scale factor x8

Kl 8 4l [R ¥ x8 I KM% zebra.png(Set14) 18 43 H R 45 5

. i 7

HR SRONNI vDsr!M
(PSNR. SSIM) (18.418. 0.648) (22.953. 0.760)
Ground-truth HR pwsri DRCN!! OURS
Urban :img_093.png (20,425, 0.696) (23.956, 0.781) (24.730. 0.801)

Fig.9 Super-resolution results of “img_93.png (Urban 100)” with scale factor x8
B9 4iA 7oA x8 HIE % img_93.png(Urban 100) )8 43 #2545 5
43.1 5 SRGAN Xftt
ot - )R 60 0 4% A B R SRR, B AL PSNR AT SSIM i h R R I A4 4B B 10 BT/ I3 2K
REKRE FHEFR SR FMEEINE S AIGA AR A& 11 Fros 3 40775 48 70 AT IO B2 4F J5 7T LA i, SRGAN
ARG Z T MR, A R TR 2 A BRI U X — 85 RAR TR 8 KSE T SN A 55 2R 4T

DRWSR(Ours) SROGAN

Ground_truth

bicubic

Fig.10  Super-resolution results of “00016.png (CelebA)” with scale factor x2
K10 ZERUK 7 x2 (% 00016.png(CelebA) [ 73 3 2 45

Fig.11 Result of zooming in the details of image generated by SRGAN
K11 4 SRGAN A= i R 4R 1 T8OK ) 45 R

FRCAFIFSTIT  httpy/ Www. jos. org. cn




B4R AT EORIR R E NS BRAR,PER ok 951
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