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Single Image Super-Resolution Reconstruction Based on
Multi-Windows Residual Network
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[ Abstract] The single image super-resolution model based on €onvolutional Neural Network (CNN) is faced with
problems including the loss of high-frequency information and the large model size caused by the depth of deep network
structure. To address the problems, this paper proposes an optimization model of multi-windows residual network
composed of multiple residual modules. By using multi-windows with different sizes to extract the same feature map,
more abundant high-frequency and low-frequency information;can be obtained, and the features required by deep
network are filtered out. The larger window in the residualimodule is composed of the superposed smaller filter and
multiple mapping layers, which can reduce the total'\number of parameters and enhance the nonlinear expression ability
of the network. Experimental results show that compatred with A+, SRCNN, ESPCN and other models, this model can
effectively use the original image information toygenerate super-resolution images with clear details, and improve the
subjective visual effect and objective evaluation index.

[Key words] single image super-resolution reconstruction; multi-windows residual network; Convolutional Neural
Network (CNN) ;deep learning ; féature integration

DOI:10. 19678/j. issn. 1000-3428.'0057224

0 fEk O etz 4 L RN R TR . R SEBR N SR
BUA BE 2% 1 1 BIR A sl PR 14 0 9 R i A

ARG PERE RIS P B R DO R W B A i, AR O R

(g AR AL BEEA )iz T BEer R B, B S R A R R . i, o v ik BA

E&TH: HEE LUK (2018YFC1315604) ; [# 52 [ SA Bl 24 3k 4 10 b3 H (61872164) 5 $& /K W 45 T~ — 8 B 15 W £ AR @] 5 01 H
(NGII120180701) .

YEH T Y M AN (1994—) , L, W+ AF 8 A, DT ) R b SEMLAAE BLER 2% 20 s ik KR 08 W40 o Rl i+

%5 B #1:2020-01-15 f& Bl B #§ :2020-02-17 E-mail: xymfree@icloud.com



294 82 M SO ] A B

20214E2H 15H

B 28 8 1) 43 B S B, A T B PR A5 0 9 o T A
AR e 1G5 B 23 ) 4y HER L i BOR %0 AR
S 38 35 43 AT A 40 B R R Y S B A B B S
S B G B4 O AR MR R

H AT, 5B GO0 o PR B s R 8
3ANHYBE . T ORBEHLS AR ik A R
FLEU A 3 % 2 7 B O i a2 A7 o R HLaE
BT A RAFEA GRS A BN H W = S
B, DT HE LA 21 BE Ak Y =5 T RR Y ), T,
FFE N B4 H 1) P AR 43 39 23 TG A 00 s XoF 1 £ 185 4
R A B e G R BT I R T AR 4B
AT /NN 1/ R TR s NI (E PSR O a0
TR 22 W E AR R DA T Y PR R 2
JE 4115 M 0 B 3 %

FFURE S 2 2 B 8 o R B
PO 7 . SCHRL8 T4 H A9 SRCNN #5 A R 4 Bl pf
22 M #% (Convolutional Neural Networky, CNN) Bk T
A BT BT R B A ER eE R R RSN Y
O3 e MGG 1 2% 2 R, IF Saad U1l 25 AR AR 2 1) 2%
BERY, E XA 43 HE 3R (RS TG ol R 5 | AR R 4R B
8 S 6 R P, DA e A 380 PR 0 v A5 15 8., DA 38
) K45 B R R . FSRONN (ESPCN'"' L)
K SCHERL11-18M8 A8 7E SRCNN Y B fiff F %k o 2%
S8 FA) R AT A T 3 17 Sk S AR AL B T 45 R R,
I 1 T2 AR B A TR 3 1 43 % 58 AR 1 i )
Ui B IR OC R o F T BE A R I 4 2 B0 R Y1k
AR 4 A6 B 3% 0 4 K TR IR Py 3 T A o R R
5K ARSI, S B0 A B 45 45 4
B PR, PRIt Sk [ 14 182 10 R ResNet #5308 fig e
R ), BRSO R A 2 MBI AR 2T
FEURNH A M S LAY S W R 8 15 ] TR A TSR P
WAL 5 o IEAh , ResNet iA UE B T Bk BR 4 A3k ) 345
FRURT 5 200 % fift it 2 D) 246 45 2y Rt DG S B 1) £ 4

FE T 58 25 W 45 11 i o»Peede B A A DCRN'
DRNN"* LapSRN'"’ SRResNet "5 EDSR""'4 # #
R o S AR R R R 0o B R ST 4 BB B A 2 1
7B 10 R S 90 45 1 A 1) R, DA 3B SR R A 0K g
JIFHAM GG T . BX TR R R F , R G
RGP IRE £ E BN EEEEXER, R
4k 25 A 1) iR X 4%, 7E 75 2 6 BRI BB T 5 R o
A2 B A A B 2 G I Il a3 i 28 e 5 7
R 3 9 3 P AR 1 S A s R ), LR R S

o BARERIE K . R YIZRBE 5AT BRI &) 7=
SUE /SR RIR TN Rl o B RN i NI e Y
TR IR AR DL K I S5 R 8 AR 1S 0 1 T R, A T af
DA S B ask A8 v R H

AR SR — P B T L2 1 5 22 4% 1 o R0
A3 AR MW SR . T2 455 1 [ % (] o9 £ 2% 44 {1
FHZ A AT R SE A 2 11 ] B 482 B[] — 45 F P& £ 56
SR R A1 I 2 S5 A K RS 80 1 E A Sy 24 H
e B /NG R LRPE ReL U 300 o8 8k, I o o 1 22
ROSTRSAR AT 85 7 11 @A, DA Ak 3 3 1 4% 10 15
S8/

1 MWSREZI Fi%

AR SCEE Y BE T 22 1 1 % 2 I 45 114 B[] {4 O PP
FEMW SRAHY 1) H A5 i 27 > AR 53 B 5 1R T P
I 1 0 R AR 1 1 i 38 i SR, DA G — TR
(R o B R 1% o 1 2 T8 28 WU R A
5T REEAG RIS FER KU, KAV H x W x C,
AN TR H ISR RN rH o W x Co W HE R\ 1)
G Z B, R R B R AR, T HARCR A8, C
BT E L AR SC TR SR RGB A% 2 B 5
C=3.

1.1 MWSR {4 2254

MW SR [ 4 8 k4 an [ 1 i 7 1% 28 40 32 22 4%

Sk R AIE PRI L 4 SR AR AR Rl A LA R v A Rl A 3

Tpa B R RN
PR B IR MR A g

— A~ 3x3 1 4 B2 B P fn AR A T S0 oA K
ReL U 4 1t 28 JC 1) 36 BR B, DA g o I 4% 1 R ek
LA I REAE 2 B R BT R o

0, =P(I" Y=a(w., ®I"+b") (D
Horp Q" RIR B URAE  +7 RIRBAR R AN ARAE
A () AR 138 T TE B M 45 )2, R bR n Fom B B
AN AR B w RIS HE b 43 51 3R 7R i 48 I 26 o 9 A
L B ARG AR5 26 P w S — D R/IN R S x f o x o 1K
B, ffEFIEHMERNERE (F=0)
max(0, x) /N IEL LG AL ReLU ., Q! P(x) 313k
TR LR B KN n 1 B

$B2 lm ANEEESN L R 2SR
2 R IBCEIAG e A S5 AR A AE EL  JF X0 46 R AE 8]
HE R m A 5% 22 B8 0 fay th EAT A R RRAE AL L R
AT 0 45 1 05 B AT I A O A B A
HARF IR TN

s O'()C) =



Fa18: 2 HOER, SRR R 1

BR T 22 0 B 25 ) 45 1 B P 508 o3 B R T 295

T=[0;,M ,M,, -, M,] (2)
Forp, [ 1378 R AR 22 18] 19 2 HE 44T, O W W1 U6 A5 E
Bl M, 2R m A2 10 AR 2R g 1Y, TR 22
JRy A il ) ) i i

|3 IE AT RBCE R D, E L 33
& PR B Ok OU AR S B, M B O Y e
ZEE R SR T R R R S BB AR R R AR

---------

TERFERHEMGR . B5. 0 — 2 33%
BUGE B 1Y 2 5% 1w 58, AR BT B Y R oy B R
%, AR TR LR

1 =o(wh, xSE(a(wiixT+b2))+b)  (3)
Hop SF(x) &/n T HEF 4 A 15 K AR R B
B, %8 FhrP IR ARG ERE— 1D ERZ,
[-2 FREFERITE - ERE.

e [l 5

R

g |

it

L

L

= el
My po i .
1K | '
R N =
>—! i

1 MWSREEI % 2244
Figsl Network architecture of the MWSR model
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Fig.4 Upsampling process on sub-pixel convolution layer
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