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Image super-resolution reconstruction based on wavelet domain
DONG Ben-zhi”* , YU Ming-cong, ZHAO Peng

(College of Information and Com puter Engineering , Northeast Forestry University ,
Harbin 150040, China)

Abstract: The traditional CNN-based method can not distinguish between low-frequency structural in-
formation and high-frequency detailed information in the process of reconstructing low-resolution ima-
ges. And there is a lack of information communication between layers of the network, which leads to
the problem of missing information in the high-resolution reconstruction image. In order to obtain
more information about the structure and details of each level of image features a residual dense net-
work is constructed based on the wavelet domain (WRDSR). In the wavelet domain formed by the
two-dimensional discrete wavelet transform, the network uses dense connections and residual connec-
tions to fully extract the information of different frequencies of the image, and then generates high-
resolution image wavelets by inputting the fused features into sub-pixel convolution. Finally, the final
high-resolution image is generated by two-dimensional discrete wavelet inversion. Compared with
Bicubic, A+, SRCNN, VDSR, LapSRN, DWSR,SDSR etc., WRDSR improves 2.824 dB/0.059 5,
0.896 dB/0.018 2, 0.747 dB/0.016 8, 0.016 dB/0.002 4, 0.025 dB/0.004 3, 0.21 dB/0.004 7 and 0.20
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dB/0.0057 on average on PSNR/SSIM, respectively. While making more efficient use of the original

image information, WRDSR solves the drawback of missing information, making the reconstructed

image texture clearer, richer in details and better in visual effect.

Key words: image super-resolution reconstruction; wavelet domain; dense connection; residual network

un\a

1 7]

1% 48 4 3t R 5 2" (Super-Reconstruction,
SR) 238 i 40 BER (Low Resolution, LR) {5k
FHEAG Y 5 2 1 & 4> BF % (High Resolution,
HR) B8 AR . B Harris™ %5 AZE 20 42 60 4F
B VAR Z 5 TR R g™ 6%
WAL UG A R R AR S T S L AT
55 RN BG4 B AT SR 3 A T 58 st . B AT R
TR TR ST EW ST 3R,

S IR IE S R G E NSNS
5 60 PEL A 5K AR L AT S A B AR 2 R
G R R M 2 s S mARE AR,
BT 2 kST Ko R R
Z A0 B BRI G R, D 27 2T AR A5 1 S 56 Ok 52
BB EGR EE . BTk E
BB TR B LT SR A RINR B 2 2] Y 5 ik
Timofte "' 45 A K A B = i F1 400 38k 8% A 2F 47 45
B B TR AR T A Bk R R S Al A 4
BRRE CA) S0 TR RCRA 2 T R RS
TR G ROR B2 5077 > AU B FRAE £ BBORD
FRHE S A R AR KRR B 1 PR T B AR
7 3 T VR JE 2 ) 1 5 3k DA HG I R 1 24 2] R ) e
Sy HERGUEARE] T N A AR SCR MR T
Hoh 7 i B K42 7t .

FEF IR 2F 1 SR BF5TH . Dong™*! 25 N IR
P TR T BB 4 W 4% (CNND A8 4 R R
A 775 SRCNN, 3 2 3 %t sty 19 D1 25 27 >J o ik e
SR [B]#, SRCNN HA 3 MEHE, 5 R KR
e R ARSI R R M, B T AL 5 ik
(AL R . (ELJR 9 0 2% 2 2] 31 1) R AF 2 — HL Ik
WP RN B Z TEBEAE S, WS B, Rl R
BiARAK . BfJ5 FSRCNN'T ESPCN'™ 45 7] F Jz 4
FRZ DL R WA 3 5 U2 2 A0 SRONN #5288 rp i =
YR A A A 8/ T RT3 51 2% B H 2 B
45 22 B0 0 % I 25 7 B R AL S M R K T
Ko TP T 2015 AR H2 H 5% 22 2% (Resnet)

Ao ) 265 TR B R W R A LA S B, 7 U 2 I 5 s ) R
TR S5 B T B T AR A L T X —
JEAH, Kim % AFE SRCNN Ay 3£ 6l F L 820 T 8 5
P A R 410 (VDSR) FIAE B8 43 3 5 il
2245 (DRCND 3l 5o B 3 6 0 L Bk BR3% 2 L 3o
VA M A T 1 AR T IR EE R 28 I R M B, H2
e A PR T B AT L = R R M A K 1 8 b
B, SR RAR FER EG W R IR 15 B, T B0 4 45
T IO ) R, B 35 T 8% 25 I 45 1) 43 B
s A, 1 DRNNYY, LapSRNU®), SRResNet'7
DenseNet " SRR P HH . SR 1T L A A 50 40 2 i
T B RS 4 BT B 110 2 e 28 o 2 300 10 8% 9 1) R
DL SROCH = 1) F A A8 S MBI 4L a8 1. SR B
2 (A IR DT I PG rh 4 BRI 1) 38 2 P AIE 18
WRIR AL, 75 2 46 BRI B8 T 5 0 2o A ep 2 B
SEMME B BRI B 1R . 2018 4 Lit 4 A4
T UL A 2 A 0 2% 3 T 4% e R AT O TR
VROBUHE TE 2 BURFE AR B, 3R T 3 2 5 6 KR
B BB E AR . FAR, D™ 48 i A 5]
A2 R A R e 45 5 4 SR 6 A 486 i [0 8% 11%) o 4t
BT, AT LA A 0 b i B R AR B A R LR
B IR R TR R A TR Z M, i R
PR, A B SR )R AR AR (H X R A

LA e 78 73 A UG PR A S 25 4 5 401y
EIse

JINE 7S 6 AT 22 43 R 53 AT D) RE R A 4 i
SRRV RE S AE R R Al AR b 4 1 R R
S5 A (E B R o BeR A S KRR
B LA EM ., Bae™ 4 AT 2017 4R 42
I T /0N e B 22 0 288 S8 R AT TR 45 4 9 4 o e [
5 20 A DL L Guot™ A R — Fh 3 T /N I
705 TR T ) 65 SR A A TR AR A 2R 1 4 YL O RO
TR R4 R, 2018 4, Lid® & AN LI U-
NET™ Sy 0 26 FEABLH L i A /NIt A8 48 5F 1547
G PE R AR5 . LR 3 Fh I 2% AE /N Dl 3
A RSCR AT (EAT SR oK fiE 52 o A B — 1 6
BIZMER .

B B3R T R R AR SCHR R TN



Beol

HEARGE LA RTINS PRSORE 23 B AR T vk 319

IR 11 5% 22 9% 4 W 4% (WRDSR) , WRDSR LU #if 22
Do 24 T /0 g 2R R F TR 5 A AR 4 3 e 2
14 Bl S 3k R A Ak A ) A5 A B 0 T, e g T A
A% Hb T M AR . TR B g R 0 AR
F VB BR 3% 42 DL R R AE Rl 6 SR s I 2% 4 2 IR
A5 B 2Z Ui » B Ak T PR30S J2 T 4 M R T pR B
(Rectified Linear Unit, RelLU) ) #§ Wr % M 5 2
5 TEAL B O AR P &R R B T A M
i o N el R S - e PO A 8 N 5 A
5N 396 7 4 i AT PRI AR T L 7 A AR RN L
T 42 e A5 i i o i

2 ARAR

I TN I Sk 1 5% 2% 2 AR N 45 LAY (WRDSR)

A 2o 2 ) /) G0 J Y 7 A S B O B R PR AR Y
HAE L T A RO PR R IR O R s B A2
FRBE M2 B LRSI /N 317 AR AE
WO 265 B A5 e 4 B AR B HR IR 09 /0 B3 F
SEo3 g /NI o3 A R SR ORI /NP A 3 AR
B 5E  /NIE O3 A S TR T D D A AR
I3 B AR B R B 4 A [RUIR B8 548 R DL oy
BEEER S A5 B AR S M 45 RE U X S5k
AR o B HEAT B R B YRR AR SR S B AT . TR
ik P B A v AR R R FH B 22 2 4R ) 48 3 /IN I
FER B 4 A LR /NI 77 18148 92 BLRRAIE 4 B
T o /I D R AR TR B 22 i A I 4% B 1 A R AR
Pl 3 2o A% 2B B B 4 X Y HR /N T3
P8 22 — 4 B /N B0 e A A 24 1) HR (4]
B, BARLSmE 1R,

BREER
LR g
> > =3
s 2DDWT gl| |- HIHIE N
Bl frero-s
3 e z
{ Lpps Lo Lpe,Lgn A
| | |
N2y FHIESREL N E

BT MRS

Fig.1 Structure diagram of network model
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Fig.2 Two-dimensional discrete wavelet transform
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Tab.1 Comparison results of PSNR/SSIM

Dataset scale Bicubic SRCNN VDSR

LapSRN DWSR Dyt SDSR WRDSR

X2 33.54/0.920 2 36.62/0.954 1 37.53/0.958 6 37.
Set) X3 30.15/0.861 0 32.75/0.909 0 33.66/0.921 3 33.

X4 28.15/0.811 3 30.48/0.862 8 31.35/0.883 8 31.
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82/0.920 7 33.82/0.921 7 33.44/0.918 5 33.42/0.918 1 33.13/0.921 3
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X2 26.52/0.840 2 29.50/0.894 6 30.76/0.914 0 30.
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X4 23.13/0.655 6 24.52/0.722 1 25.18/0.752 4 25.

41/0.911 2 30.46/0.896 6 31.33/0.920 4 31.27/0.919 6 31.82/0.922 2
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Fig.5 Test results of standard test set
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