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Abstract An image super-resolution network model is proposed based on a multi-scale recursive network herein.
The proposed model mainly comprises a plurality of multi-scale feature mapping units, each of which includes a set
of feature extraction layers with different scales, a fusion layer, and a mapping layer. The network performs feature
extraction directly on an original low-resolution image, which is then reconstructed into a high-resolution image via
sub-pixel convolution. In the training phase, the adaptive optimization method is used to accelerate the convergence
of the network model. The experimental results show that the proposed algorithm achieves better super-resolution
results, significantly improves the subjective visual effects, and sharpens the image texture. The objective
evaluation indicators (PSNR and SSIM) of the proposed algorithm on the common test sets such as Set5, Setl4,
BSD100, and Urbanl00 are higher than those of the existing mainstream algorithms.
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Fig. 1 Network structure of proposed algorithm
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Fig. 2 Structural diagram of multi-scale feature mapping unit

TERFAE AR BUR J B¢ B 300 JZ 5 A8 30T R Rk
FI PRelu pREC, € 78 TR BN A — A /NRER i
B T i A S OB Relu bR B BTG 1S 5L . oA
TSRS ML AT PR B e A S BT AR R AN A
WALHRAE . TRl Sy 1k 40 4 AR A b R 445 B
A 25 0%, 70 45 Bz B3 i TR R AT 10 R e 2 A
PRAE T i i P85 i A PR RO 19— Bork, JE 3Rk
S

F1:2¢(W1i *ILR+B11)9
i=1 4
Fz :sz *F1+B21 ]
Fy=>,¢W, xF{"'+B, ),
P 5
Fy =W, x F{ + B, ,
¢ (x) =max(ax,x), (6)

0610001-3



Es i

X Fy R F, 43001385508 1 A B0 I RRAE 3 LRl 15
MBS AE s Fr A Fy 50 53885 m 4> B 00 R AIE
PEEUR G R WS 4R A s RN 2 R B BRI Bt
TEM n=3;W, W, Fl B, B, 435|350l % > {5
LRRUE AV 22 1 B BIET 55 x RORGIERAE 1N
FRE IR LR B ¢ (o) 3R B0 oR 8L, 78 It 8
PRelu %2 A8 & B0 a O~ 12Z B9 /NEL,
23 THRELEREME

TE M 26 R i 5] AR R B2 AR R &P H
F 2SR E 3 TR o BF X AN R R A 2L r s AE
R JE — A 22 RO SR B T i ) 9 R AR IR b Sl

-

rX7r channels

FHRSE R 72 X3 X3 &R AT B IRERAE, &R
T ARRAE BB 3 SR J5 B 6 B L - AR AE B BT
PEATHES A A AR - 5 HR %, Hknr
FoRHA

It =PS(W, x F}' +B,), (M
AP I FERE I E HR K4 FY RoR &5 —4
e S5 BT i 8 B RRAE TR s W, I B R OR AT AR T Y I
ZEATE R 25 PS R — N R AR B L B —
A H X W X Cr® 1k 8 8 8 HE5 i — S R
rH XrW X CHy5K &, TS5 30 R A B R AR, Horp
H.W 1 C 4 3 3R sk s i K T8 F e B

I e
[

IS (IS [T IS S

H E N = =

L [

SIS JSIST (ST I |

HE E E = N HR
L [
NN

H E = = = Image
HE EE BN EE =R
][I J] (I

H _E N = =
[

CEE R O EE O

K3 WERREREMZES R

Fig. 3 Structural diagram of sub-pixel convolution reconstruction layer

3 SLEIE

3.1 KIGIE

JIT 4 B S0 00 I 4K %) B 1 BF 5% O 5 3K Intel
Core i7-3770U @ 3.40 GHz CPU, it & NVIDIA
GeForce GTX 1060 GPU, Nf£N 16 GB myit3&4L,
WAEIREE K 64 i Windows 7 BRVE R S5 calfe HEZE .
CUDA Tookit 8.0,Cudnn 5.0 fil Matlab R2016a,
3.2 BEREMSHLE

e M BE FH 25 T B B 7 5080 A I 5 D) 4 A L %
BAE AR ALY 291 MR H ARG, o 91 ISR B E A X
Hk[217, % 4 200 83k H Berkeley dataset (BSD)[?
YIZREE . WFoE K B0, 9 46 458 AU Pk B8 19 47 38 5 1)
SRBUR S 1 KN DDA G, KRS I B4R 4R T LU
PEFE M R MR, S TP U0 GRS A AR
B 2 v i B A UG AT 0 % A i Ak 3L, A 4
S eSS 90° 180° F 270° Ay FE Al b, ¥ R 0.9,0.8,
0.7,0.6 1Y 848 15, IR A7 1 — 20 384 A= ey &
& A 1 5820 HRE N gk B R . XF X 5820 1 &4
JeHEAT - A5 T ORFELLIREC LR BRI, 8 T 3K
o 24 1) Ja 52 Y 78 43 R T A R R IR | TR S
FELHH N S M B 8T L 41 X 41 7 B &
Pt 5 80 5 1Y R GG HR ER Hexd B 41 AR
LR-HR YIZ 5, I 2 g0 ik 22 36 1 Set5, BT A
MR A5 7 G2 0 IR 5 B8 43 B 45 R SO PR O i

2 WAE BMG 5 B 4 i b EAT IR,

I 45 AR SR B 00 0 Ba AR, I 2T IR B B
W2 R E R 107", B & U R 09 #E AT, W %% i
2 pREC Y ) B Bl 3 R 24 2T B IR IR AT ik #)
1077, I 45 19 3 o FAAE 3 06k 2 85003 i Bl 0.9
1ot

4 ZERSHT

T E BT B R oy PR R AR AR S
TEH 4 B R a0 0 4 Set5 . Setld,
BSD100 #1 Urban100 # 47 I3k, I8 ik 25 SR 5
Bicubic, Self- Ex""" | ScSR™ | SRCNN* | FSRCNN? |
VDSR"™ HI ESPCN™ 88 583 78 32 0085 R 5 & WL 48
B A5 7 T AT X L. S T AR UE & U B A X L, BT
A 4 4550 45 R A B S Y 291 i A SR R
HATIN R HAER IR F 2 2,34 B LB F i
A S50 L i =2 03 5 T N (6] ROk A ) 3
45 L 5 JE SOk g A AN TR
41 EMHR

Wit Bk 5O ARSI, K4 FE S
3 R T AN [R) B A AN R] R PR %o 79 o 3
I3 PG AT A B A 45 51 O T 5% S YT A0 E
Xof G R & X IR AT T R B

B4k 2 A5 R I F F AS R S 3E X Sets 3
£ butterfly FISAb HLE 15 21 A9 88 2 HE R 45 4,

0610001-4



e = Es i

T LU L Bicubic 5035 1 AR FRASCR 5 g BOME . SBIBA Y DXIRAT T O kL T R 3k 1 Ak R 2 SR A
Self-Ex"" \SRCNN"" f1I FSRCNN"" 3% 16 1 #% T ESPCN FikU7, 5 VDSR FIE RURA Y

B4 PR CR B B R AL LR (9 butterfly BIHR A9 73 #4520 () JEIET; (b) Bicubic 84k (o) Sell-Ex 571
(d) SRCNN & ; (e) FSRCNN &k ; (1) ESPCN & k5 (g) VDSR &k (h) it Bk
Fig. 4 Super-resolution results of butterfly image processed by different algorithms under twice magnification factor.
(a) Original image; (b) Bicubic algorithm; (c) Self-Ex algorithm; (d) SRCNN algorithm; (e) FSRCNN algorithm;
(f) ESPCN algorithm; (g) VDSR algorithm; (h) proposed algorithm
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Super-resolution results of 302008 image processed by different algorithms under triple magnification factor.
(a) Original image; (b) Bicubic algorithm; (c¢) Self-Ex algorithm; (d) SRCNN algorithm; (e) FSRCNN algorithm;
(f) ESPCN algorithm; (g) VDSR algorithm; (h) proposed algorithm
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Table 1 Average PSNR values of images for different test sets processed by different algorithms

Dataset Seale Bicubic ScSR Self-Ex SRCNN ESPCN Proposed
algorithm algorithm algorithm algorithm algorithm algorithm
X2 33.64 35.78 36.49 36.69 36.39 36.88
Set5 X3 30.39 31.34 32.58 32.76 32.75 33.59
X4 28.42 29.07 30.31 30.49 30.21 30.65
X2 30.00 31.64 32.22 32.47 32.21 32.36
Setl4 X3 27.33 28.19 29.16 29.30 29.10 29.37
X4 25.79 26.40 27.40 27.51 27.17 27.33
X2 29.56 30.77 31.18 31.37 30.93 31.53
BSD100 X3 27.21 27.72 28.29 28.42 28.16 28.71
X4 25.98 26.61 26.84 26.91 26.59 27.01
X2 26.86 28.26 29.54 29.51 29.31 29.77
Urban100 X3 24.46 25.69 26.44 26.24 25.94 26.74
X4 23.14 24.02 24.79 24.52 24.26 24.43
2 AEIRAE 20 A A B3k b B [ R SSIML 17 44
Table 2 Average SSIM values of images for different test sets processed by different algorithms
Dataset Seale Bicubic ScSR Self-Ex SRCNN ESPCN Proposed
algorithm algorithm algorithm algorithm algorithm algorithm
X2 0.9376 0.9485 0.9537 0.9612 0.9568 0.9622
Setb X3 0.8795 0.8869 0.9093 0.9198 0.9183 0.9303
X4 0.8238 0.8263 0.8619 0.8769 0.8578 0.8849
X2 0.9412 0.8940 0.9034 0.9655 0.9598 0.9662
Setl4 X3 0.8589 0.7977 0.8196 0.8956 0.8859 0.9008
X4 0.7944 0.7218 0.7518 0.8291 0.8225 0.8439
X2 0.8428 0.8744 0.8855 0.8884 0.8832 0.8914
BSD100 X3 0.7391 0.7647 0.7840 0.7867 0.7808 0.7963
X4 0.6687 0.6983 0.7106 0.7107 0.6942 0.7193
X2 0.9865 0.8828 0.8967 0.9944 0.9921 0.9946
Urbanl00 X3 0.9409 0.7831 0.8088 0.9657 0.9629 0.9709
X4 0.9022 0.7024 0.7374 0.9396 0.9413 0.9423
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