2021 5
42 3

Journal of Zhengzhou University ( Engineering Science)

( ) May 2021

Vol.42 No.3

:1671-6833(2021) 03-0059-06

(1.

466000; 3.
1.5% .
. TP391. 41 DA
1
2 3
3 N
4-5
6-7 8
Freeman o-10
2
:2020-10-07,; :2020-11-23

(61103143) ;
(1975—)
E-mail: 872212653@ qq.com.

466000 2.
250000)

1

doi: 10. 13705/j.issn.1671-6833. 2021.03. 010

" 9-10

o Sun

Chang "
Yang "M
( sparse coding super resolution SCSR)

o Zeyde ° 1314
K- ( K-singular

value decomposition K-SVD) 10

17

( method of optimal direction MOD)

S o

( 112300410307)



60 ( ) 2021

Wang . X, X, Y=y 5, "y, {x, y}
( semi-coupled dictionary learning SCDL) . D,.D,
Al ~ ax\a}, S
20 ’
SCDL .
SCDL N
- SCDL
Ww:
a, =Wa,. (3)
SCDL [,
mn [X-De| +[Y-Dal +
{D, D, W a, a}} S
y la, - Wa, i+, llall, + 2, lall, +A, [WIE.
o (4)
1 SCDL
3 LARS
SPARS [,
y o
o w
y =BHx +n, (1) D D
;B y H :
' ’ ming, [X -Da.l; +y la, -Wali +A, lla.l;
(5)
y ming, | Y -Da i +y lla, ~Wa i +2, lla . (6)
0-13 (5).(6) LASSO
LARS o a, «a
2 . D, D.;
R min{Dl D} ”X -D.a, i + ”Y _Dyay ;o (7)
y y, D, \D},\ o, w:
D, =D a;- . A
) Y & min, y, ||ay - Wa, | + o w2, (8)
a;. Y
a;, = argmin{ |y, - D« I+ A llell,} o (2) °
X, % =D a. : X Y D,
D, w
Xo )\x‘Ay‘AW‘ Y oo
5 for until
for
2.1 Step 1 (5) (o)



3 : 61

Step 2 (7) D.D,; ylle, -Wa, i +2, lal, +21, el +
Step 3 (8) w pl6(x) - G(BHD @) [}.  (13)
:D,\D W, W Cx oy,
2.2 o one-by-one
1 o a, a,
2.2.1 . '
ming y |x; -De [y +v la, -Wa i +2, e,
. (14)
. (15) a,:
. ming, , [y, - D,e, [i + vy lla, - We, [ +
x M lle ll +p6(x) - G(BHD,a,) |7 (15)
G(x) = /x; +x] . (9) e
x, X, o
2207}
GD = G(x) - G(%) - ( 10) p= e (16)
x ° o, y O [}
y o
: (17)
GD = G(y) - G( BHZ) . (11) N
(11) )
GD =G - G( BHDq) . 12
() ( @) (12) v, =D.a, . (17)
2.2.2
3
x D, D,
y.
min |x, -D.ea |} + |y, - D,a, [} + ’
@y, @) ’
: VIZRBTEL =W D
i R EmEmEm | YO
Wbt KR W
=
FAHE i EAHRER =
ext AU AT
WG EL
4D,
! |
: - iy
e ;
elpy AR, AR Ka,

1
Figure 1 Flow chart of the proposed algorithm
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Figure 2 Super resolution reconstruction results of each algorithm for 2 times down sampling

1 PSNR SSIM
Table 1 PSNR values and SSIM values of reconstructed images under different strategies
f=2 nsignal=10 f=2

butterfly  fence girl  Parthenon starfish  butterfly  fence girl  Parthenon starfish

Bicubic PSNR 24.59 22.55 31.79 25.62 26. 88 24.2 22.3 30. 17 25.13 26. 25
SSIM 0. 88 0.71 0.81 0.76 0. 86 0.81 0. 66 0.73 0. 68 0.79

SRCNN PSNR 32.2 26. 35 35.54 29.42 33.51 28. 11 24.96  29.75 26. 88 28. 67
SSIM 0.96 0.82 0.89 0.85 0.95 0.8 0.68 0.68 0. 68 0.79

SCDL PSNR 25.9 23.35 33.44 26. 81 28.33 25.6 23.19  31.8 26.4 27.74
SSIM 0.9 0.75 0.85 0.79 0. 88 0. 86 0.7 0.79 0.74 0.83

PSNR 27.81 24.52 34.2 27.74 30. 09 26. 84 24.14  31.94 26.53 28.31

SSIM 0.93 0.79 0. 86 0.81 0.91 0.89 0.72 0.81 0. 84 0. 84
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Figure 3 Super resolution reconstruction results of each algorithm for 2 times down sampling( nsignal =10)
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Semi-coupled Dictionary Learning Super-resolution Reconstruction Model with
Detail Constraint Factor

HUANG Yuda' WANG Yiran® NIU Sijie’

( 1.College of Information and Engineering Zhoukou Vocational and Technical College Zhoukou 466000 China; 2.College of
Network Engineering Zhoukou Normal University Zhoukou 466000 China; 3.College of Information Science & Engineering
Jinan University Jinan 250000 China)

Abstract: In order to improve the supersesolution reconstruction quality of single image an improved
learning based super—esolution approach was proposed in this paper. To tackle the problem of low details of
semi-coupled dictionary learning super—esolution algorithm the paper presented learning strategy where detail
constraint factor and semi-coupled dictionary learning were performed in turn. In reconstruction stage detail
constraint factor was designed by the gradient in both horizontal and vertical direction. Combined with semi—
coupled dictionary learning detail constraint factor was used to further improve the super—resolution recon—
struction quality. In order to improve the contribution of detail constraint factor on preserving boundary infor—
mation the adaptive regular parameter was explored via the approximate Laplacian distribution of edge differ—
ence. Compared with the semi coupled dictionary learning super—resolution algorithm the peak signal-to-noise
ratio of this method was increased by 1. 5% on average. Experiments demonstrated that the proposed method
could achieve better reconstruction effect in both subjective and objective evaluation and improve the quality of
super—resolution.

Key words: super—esolution; semi-coupled dictionary learning; detail constraint factor; Laplacian distribu—

tion



