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Abstract:  As a typical ill-posed problem, image super-resolution reconstruction has always been paid attention to. Al-
though many effective super-resolution reconstruction models using convolutional neural networks have been developed in
recent years, how to mine the prior information in the image entirely to improve the details in reconstructed image needs to
be further studied. In this paper, a single image super-resolution reconstruction model using deep residual networks with non-
decimated wavelet transform edge learning NDW-EDRN(Non-Decimated Wavelet Edge learning using Deep Residual Net-
works)is proposed. On the basis of low-frequency regions with multiple redundant information, smoothness and low gradient
values, as well as high-frequency regions with edges and high gradient values that are obtained from an image after a non-
decimated wavelet transform, CNN(Convolutional Neural Networks) model with different structures are designed to learn
the low and high-frequency subbands separately in the overall network framework: dense skip connection is introduced for
integrating learning the mapping between low-frequency subbands; a novel U-net model is designed, which makes the edges
that lost in the process of image degradation as the expected output of the network, and block-based skip connection is de-
signed at the same time for making the network learn the lost edges more robust, to obtain the lost edge details during image
degradation more sufficiently and comprehensively. A large number of experimental results show that the network can im-
prove the quality of the reconstructed image effectively and especially has a certain advantage in recovering low-resolution

images lost, and makes up for the deficiencies of traditional CNN models in image learning detail information to some extent.
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JETR 2 > BERUAH L, A SCRERUAE TRy 2B 45 R b ] R PG a1 i Sy T, JUHC E A BRI, §2

PR GT Bicubic SRCNN LapSRN VDSR NDW-EDRN

EL -]

PSNR:
Set5 1 baby &l SSIM:

: 21.14 24.19
Urban100 # img_063 % SSIM: 0.8740 09134
Fl6 X HHAAR 2 R ISR 2 4% i 2015 7]
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FAAUAERAT A ] AP S, FEINTCIEJE butterfly 15 )
WERPE AL denna EHR P AGIEYS , IR0 img_087 A4

A P 10 G SE R HA R A T At B B 2%
W R R AL fE F A I LR —E AP

MG GT Bicubic SRCNN LapSRN VDSR NDW-EDRN
PSNR: 23.95 25.52 25.56 25.89
SSIM: 0.925 1 0.9470 0.946 6 0.950 0

29.97

09726

21.64

25.22

23.57 24.64

Urban100 A img_087 €14 0.8380

0.884 5 0.907 2 09161

7 X H AR 2 RRE FOAl I 25 B R OK 4 A5 9 2035

P 8.9 Jir 7 B 22 RURE I 26 452 751 ) o el P 4 1 %o
O 7R T AR UG SR 2RI 33 2K ) T 2% A A
B — 2 Bt 588 v . Ul Fe Al il o HE R
A ) 45 I 25 2 N2 AR e, AR AR B R 25 4 1 8
R 3 — DI FA 7 19 2% 2 ~F B B0 AT B 0 1 4 301 5% £

X — AR AT AR . A SCAE e R 1 ik — 20
USSR | NN st L= BN TR L R
S S BB R, B T AR 4 o 295 2 S A fe AFR R
FA BT 2R B AR BRI I AR N S A, A e
Hh TR FR) A A 25 ) P T

FRYESEES GT

DWSR WaveResNet NDW-EDRN

)

37.00 37.35

0.984 0

Urban100 Himg_063 1%

P8 Sk Ll A 22 RURE 00 28 AR A 2 A% 9 24045
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ML EE WaveResNet NDW-EDRN
A
— 25.89
— 0.950 0
PSNR: 24.85 — 25.22
Urban100 H img_087 &{% SSIM: 0.907 6 — 0916 1

P9 3 e HA 22 ]URE R RO 475 B 20035 (1 : WaveResNet [ 28 AN TT PO A9 S0 ZRA5E8 )

F3 MR T AR SO 5 H A A 8 7 A
R SRS TR . i T TR AR T T R A
745 B S 3P BRI 5 2 2T Bk 2 dil) A BELER ST 1
A7 5 Rl X TCBERE N T —E B SR, X R
BHEANIE— A T .
R3 SHSHEEREK

SR_ | VD_ | SR_ | DR_ | Lap_ | Mem_ | NSW
CNN SR MD RN SRN Net | -EDRN

Param (k) 57 665 | 1483 | 297 827 | 2910 | 5736

Flops (G) | 0.475 | 2.73 | 6.08 | 1.22 | 19.13 | 11.96 | 3.79

4.3 HBXRE
Oh AT PP AL AR, 26 4 25 11 T AEARSIEC N
AR 281t R ) — Fof = 20 A5 R0 285 ) 31
SCHG R R B B LA, A R A B SO
Ie] Py e S R
R4 HUIRERHEENESRE

23R
Bmge | s 20T, Bz NDW-EDRN
PSNR | SSIM | PSNR | SSIM | PSNR | SSIM
Sel5 37.69 | 0.952 | 37.74 | 0.957 | 37.77 | 0.960
Setl4 | x2 | 33.14 | 0909 | 33.23 | 0.912 | 33.26 | 0.914
Urban 100 31.22 | 0921 | 31.26 | 0.925 | 31.30 | 0.926
Average | X2 | 34.02 | 0.927 | 34.08 | 0.931 | 34.11 | 0.933

TR, Pl Tt 2 X o 2% 22 80K 1 o A o 2%
JEHL, S 2 0K — B, kR S 458 1 O 5 R
PR R0 26 R ) (9 2. BB T Mgt i e Jis — 4 1R

) f5e i — )2 DA SO R B DA P B i A
W R ZZ BT B2 2500 o “ Bl U _s" 2% B4, ok
JHZ < g R _s” M 4% 1) NDW-EDRN, U] iC 4 “NDW -
EDRN_s”. 10 250 1 2 f5Hmh s g 25 L K, 32 5 25
AH IV 1 2 it V- 8 A B0, [R1FER H PSNR 5 SSIM &
TEAG T R T

H 24 .5 5 10 0] LB B 32k > 5 W 4%t
AT 75 B — 2 2 B 2% 7 3R TH RS B 2 5 RS 45
FA AR BE 7 T 3 A S T U B G R AR A B
FEAT B ORUE Y [ B, 30 9 A 2 b s i T = s B
PEAMAFEREH] : (1) MR TR AR 2, HkU2
e 25 v B S A, D B D g U B
o3 HE R AT 55 v 1 TR S HE ST 555 (2) baby EIHZR
AR B e UM 2 A 4 R, X T RE R
baby & A7 A8 R8T T 05 B, 38 A X W 28 B 58 4
AR BT TR AR AR 2 B R R b A AU B T R
fa B SRR X W% w4 {5 820
I, R > A 21 I 4% 1T DR A b 3 R R I 45 1
SRR AT DA S v PG 2 ST 4 T A AR S B, AT L

®5 HRIREREGNERLR

- 25 R
it ELUNRY e NDW-EDRN
e ye I\ _S - _S
K%
PSNR | SSIM | PSNR | SSIM | PSNR | SSIM
bird | 38.39 | 0.9947 | 38.42 | 0.9951 | 38.46 | 0.9953
butter fly | 31.95 | 0.9874 | 32.00 | 0.9876 | 32.02 | 0.9875
img 068 | 35.79 | 0.9741 | 35.82 | 0.9745 | 35.88 | 0.9748
baby | 36.61 | 0.9845 | 36.58 | 0.9844 | 36.64 | 0.9846
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AR AR/ NP A G > TRBE 5k 22 I 245 1) B0 1] (508 7 o Tl 1763

Xt 52 2% RS A S50 i b T e A S o R 4% ) 2 ) T
f At

B 10 JH Rl SE 50K 2 f5 B 4071 (26 L A:GT 4 1 A i kU5
ZE AR _s"2% 2 A T f:NDW-EDRN _s)

5 %#ig

AR SCN R AMIS S0 B 3 AR e A A 2 R B Sk 5 TR
SR G0 TR A R 22 I 24 2 S RG0S IX 38R
AR 33X NDWT 47 [8] (1455 He 5 4308, 38645 = 00+
i N R B R R M R AL MR A0 At 5 R R R
& BT T35 R AEFE AL ERR b R h R 2 &
K G B A5 e LR AE R — AR =
R AN [ 2 20 SR W 1 TR B 7k 22 ) 45 85 R —NDW -

EDRN, DAfiff bR 7 % 4 5 o 75 o Xl LA R0kb Se i %
A0 X —XE T 2 R ] SR B o P O — R
FHBR 5 R 1 e (14 7 CAR AR R 2~ AR 13 1] 14 e
KA 5 TIRXE TR T SR OB B U-net AL,
T BRI I BOR A B v i 252k B3 G A R I 2%
3 ER e 1 O BGHE A G2 U-net I QIS5 4, 38 20 >R
LT B IR A T 190 245 BT AT 280 = T SRR A
k. Wk RE RS A DU Y R S0 A NDW-
EDRN 57 55 21 i — 86 22 it () 5 P 45008 7 H o
PO 28 L TR LU, AN 18 32 Wik 2 % LA B A A 18 g
T E R R R R S AR HE R IR T SRR
205 B BB RAFRCR .
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