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Adaptive Dictionary Learning Algorithm Based on Image Gray Entropy
DU Xiu-li ZUO Si-ming QIU Shao-ming
(Key Laboratory of Communication and Network, Dalian University, Dalian, Liaoning 116622, China)
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Abstract Aiming at the problem that the traditional dictionary learning algorithm of image sparse representation only
learns a single dictionary for image training,and can not optimally sparsely represent image blocks containing different
image information, through introducing the local gray entropy of image into the dictionary learning algorithm, this paper
proposed an adaptive dictionary learning algorithm based on image local gray entropy. The proposed algorithm makes
use of the image database as training sample. Firstly,the image database is divided into blocks,and the gray entropy of
each sub-block is calculated. Then,the sub-blocks are classified according to the size of the gray entropy.and different
K-Singular Value Decomposition (K-SVD) parameters are set for different categories of sub-blocks to perform dictiona-
ry training respectively, thus obtaining a plurality of different dictionaries. Lastly,a well-trained dictionary is selected
for the image sub-blocks to conduct sparse representation according to the size of the gray entropy. Simulation experi-
ment results show that the proposed algorithm can sparsely represent the images better,and the effect of image recon-
struction is also improved significantly.
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on image gray entropy
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Table 1 Reconstruction PSNR between gray entropy/variance dictionary learning algorithm and
traditional K-SVD learning algorithm based on wild-cat category
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Table 2 Reconstruction PSNR between gray entropy/variance dictionary learning algorithm and

traditional K-SVD learning algorithm based on airplane category
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WA L% 5 % 6 % 5 KSVD 2 #
I 4 E 32.3742 32.2851 32.7754 32.6585 43.3998 33.8224 31.8915
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Table 3 Reconstructed PSNR value of random image by gray

scale entropy and variance training dictionary
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Table 4 Comparison of recovery effect of single image training
dictionary and images training dictionary
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R RGBS I BRI KB M2 ) 2
2, [7)— 28 o 50 5 Pl 2z i) g ) g, 0 4 e % 5 e kT
Pl 5 Bl B9 0 R RIOR BB o TR A 3t L 77 7 2R B B — RE
B P b G PR B B 2 L R — SR B AR AR S IR
19 5 SRR B 8 RE ) R v . (EL X T LR P AROR L 2 2
ok Z 0 7T REVI R 208 B9 0 Ay 7 1 o AT S B0 0 £
S B R 2 M RE T R L PR A TR B AR . T SR T AT AR
JEf) BB B G R TR 23 O AT LA R B {H i
REGEAG R Loy R S RO F RIS I ¥, 0y
FLEE AT A T 80 A T A S AR B R A ST R B
TR REAR R A T BN R AT R YR B RO
A SCHTR B B A AT 4T

HERIE  FEX RGO A R T s o) Bk R B IR ]
Pl 5 B 5 14 PELBAR S T LN 2 — A [ 2 7 i g ] A, AR
SCAH) I 2 B2 A — 2 R B i) SO B L AR K R 0 R
NS X PR B HEAT 5028 L B X0 4 — YN S iz 4 L 8 T
FIRHEAT R B 27N o D7 BLAE 3R WL A SCRT 4R 55 75 e 8 X 4]
8 HE AT 8 2 ) O T 3 5 O ) 208 T3 R X A [ ] R
REA 4% i PSNR #6475 . B A Al B B AS 2) T W R 4R =

& % X B

[1] CANDES E J.ROMBERG T,TAO T. Robust uncertainty prin-
ciples: exact signal reconstruction from highly incomplete fre-
quency information[]]. IEEE Transactions on Information Theo-

ry»2006,52(2) :489-509.



55 5 3]

FEF5 L 2 T IREOR B R A IS R A o) Bk

271

(2]

(3]

(4]

(6]

(7]

[8]

(9]

[10]

[11]

DONOHO D L. Compressed sensing [ J]. IEEE Transactions on
Inform Theory,2006,52(4) :1289-1306.

SHRIVIDYA G,BHARATHI S H. Application of Compressed
Sensing on Magnetic Resonance Imaging: A briefl survey[ C] //
IEEE International Conference on Recent Trends in Electronics,
Information & Communication Technology. Bangalore, India,
2016:2037-2041.

LIAN Q S.SHI B S,CHEN S Z. Research Advances on Dictio-
nary Learning Models, Algorithms and Applications[]]. Acta
Automatica Sinica,2015,41(2):240-260. (in Chinese)

SRER A A DRI, Wk A3 0T, 7 B S WD B8k T HG v T O 9 0
[J]. A 8h1ks4R . 2015,41(2) : 240-260.

RENE V,YI M,SHANKAR S. Generalized principal compo-
nent analysis[J]. IEEE Transactions Pattern Anal Mach Intell,
2005,27(12) :1945-1959.

LIU Z,SONG X N, YU D J,et al. Super-resolution reconstruc-
tion algorithm based on multi-component dictionary and sparse
representation[ ] |. Journal of Nanjing University of Science and
Technology,2014,38(1) :1-5. (in Chinese)

XUHE RIS T R AR T L 46 T 22 W43 7 B RRG 80 8 7R 148 43
AL ] B AU T K24, 2014, 38(1) : 1-5.

YANG S Y,JIN H H, WANG M, et al. Data-Driven Compres-
sive Sampling and Learning Sparse Coding for Hyperspectral
Image Classification[ ] ]. IEEE Geoscience and Remote Sensing
Letters,2014,11(2) :479-483.

LIU X M, LIU Y M. Color image denoising with block K-SVD
dictionary learning[ J]. Journal of Nanjing University of Science
and Technology,2016,40(5):607-612. (in Chinese)

XS, Xk R 3k F 40 B K-SVD 52 2% o (19 % @ & (& 2 Mk
[J]). MRt HE TR 2241, 2016,40(5) :607-612,

ENGAN K,AASE S O,HUSOY ] H. Method of optimal direc-
tions for frame design[ J/OL]. http://xueshu. baidu. com/user-
center/paper/show? paperid = dcla54ef946aaaal5e2aad39a9d-
116¢9&-site= xueshu_se.

MAIRAL J,BACH F,PONCE J,et al. Online learning for ma-
trix factorization and sparse coding [ ]J]. Journal of Machine
Learning Research,2010,11(1):19-60.

AHARON M,ELAD M,BRUCKSTEIN A.K-SVD:an algo-
rithm for designing overcomplete dictionaries for sparse repre-
sentation[ J ]. IEEE Transaction on Signal Processing, 2006,
54(11):4311-4322.

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

MITTU G P,VIVEK M,JOONKI P. Imaging inverse problem
using sparse representation with adaptive dictionary learning[ C] //
IEEE International Advance Computing Conference. 2015.
ZHANG S Y. Research on Image Compressive Sensing Techno-
logy Based on Redundant Dictionary[ D]. Jiling:Jiling Universi-
ty»2016. (in Chinese)

KA. BT IO I B R S B AR B 5E (D], bk .
MK, 2016.

CONG Y L,ZHANG S Y,LIAN Y Y. K-SVD dictionary lear-
ning and image reconstructionbased on variance of image patches
[C]// 8th International Symposium on Computational Intelli-
gence and Design. 2015:254-257.

SUN J D,ZHAO H H. Sparse Representation and Applications
in Image Processing[ J]. Infrared Technology.2014.36(7):533-
537. (in Chinese)

INE O, 00 5L RGO s B HLAE TR 4k e o i LT . 20
SR ,2014,36(7) :533-537.

CANDES E,ROMBERG J, TAO T. Stablesignal recovery from
incomplete and inaccurate measurements[ ] ]. Communications
on Pure and Applied Mathematics,2006,59(8) :1207-1223.
ZHANG D S,ZHANG L H. Research on fast dictionary learning
algorithm under compressed sensing framework [ J]. Research
and exploration in laboratory,2015,34(11) :94-98. (in Chinese)
TRATA SR R AR 22 T P g = S SR L) L Sl
FHFI GHEEK 2015, 34(11) : 94-98.

ZHANG Y L,WANG Y.LU H Z. Block objects detection based
on entropy of brightness[J]. Systems Engineering and Electro-
nic,2008,30(2) :201-204. (in Chinese)

KK SE TRV, e B R T RGO BE A 0 D M A R D 7 7k
D). #E TR S F4H AR . 2008,30(2):201-204.

KHANH Q D, HIUK J S,JEON B. Weighted Overlapped Re-
covery for Blocking Artefacts Reduction in Block-based Com-
pressive Sensing of Images[ ] ]. Electronics Letters,2015,51(1):
48-50.

ZHANG B,LIU Y L. A novel block compressed sensing based
on matrix permutation CJ// Visual Communications and Image
Processing. 2016:1-4.

ZHU X,LIU L,JIN P. Morphological component decomposition
combined with compressed sensing for image compression[ C]//
2016 IEEE International Conference on Information and Auto-

mation. 2016:1726-1731.





