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Novel Image Zooming Method Based on Sparse Decomposition

LI Qiuju ZHU Xuan ZHANG Xu-feng WANG Ning
(School of Information Science and Technology, Northwest University, Xi’an 710127 ,China)

Abstract Two new dictionaries, RDWT and WAT, were proposed in this paper,and we used them to sparsely decom-
pose one image into cartoon component and texture component. Based on the fact that the cartoon and texture in one ima-
ge have different morphological characteristics, we zoomed the cartoon by self-snake model with the characteristics of
curvature motion, edge shock and smooth denoising, and zoomed the texture by bicubic interpolation. Through superpo-
sing the zoomed cartoon and texture, the zoomed image will be obtained. The experiment results show, compared with
the traditional zooming methods processing the whole image, the new zooming model based on morphological component

decomposition has good performance for enhancing edge, protecting small curvature and large gradient,and ensuring the

texture clear and completion.

Keywords Image zooming, Sparse representation, RDWT, WAT, Self-snake model

B BB A R — R R B R B R B Ul R 73
BREGMAEBEAR , Bl MR E s ERRE RN,
AR S HE R FIE(E IR %5 777 PDE(Partial Differ-
ential Equations). % # /N I ZF #2 DWT (Discrete Wavelet
Transform) L} J 278 4y TV (Total Variation) #5 #l 25 75 B2 1
. BERBKIEERRTHEH ZHN A, B RS
BABEIEPHEREK BN ERASIRE.

A R EA BRI E SRR E N = RS E
%, HHEBEEEER, 5T, HFEEREEEERE
ST IS UK S KRB A, ELBCA R K, XA B
SR, 20 e RBERMEA T PDE WEB A &
FEA LAY BOMIELR Y8 PDE ik, 32 5 e ik |
5 6% (R B BB 38 2 088, 3 5 BT DU A K BEUOR i #18H S8 B9
PER R XSRS, A b TR %P 8 PDE F#k, B4
PED 8 PDE 7 BB SRk 5% , (i K BB S E i =
M. SCERL2]48 1 FIFEZR % PDE self-snake #ERY i K EIR ,
BB O 1 B 5, 10 ELAT DAl s i , 38 58 i
IR SRR . BT DWT Ml K 8 1 JLF,

BB H#.2014-04-14 REHH:2014-08-15

B LR — b B4 IR R B AR AR i ok B B AR R 4, B —
S8 AR R E A IR BB R R AURLAY SRS R RN
BB KB EGMAHERNDY, TVERUER TR
RMEREMN A TEBREE, TTEBRBRAS B UERREE
PG E S BTAR, BTRL TV AR n] LU A TR g k™ .

VAR, BB AHRE A RS T B T £ 09 BR AL
KTk, HETERBERD T AR B EGOESHRE
FR R R A MRSy . SHRYERSHER TS
& Meyer BRI TV R JE AR 4438 MCA(Morphologi-
cal Component Analysis) #1208 R FHHRERE LN
MCA #RIZF T ) KR E KT, 3 A B B %A B A h
WA gy BRI R R BB AR @ RS

BERE— X RS BT F B R R SUEL ARl B 8, LT
SHRERRSCR, SURIS Jthis H &5 = 056 B 1R 4 B4
WIgE TR TR B B PR S R S . B R e 8
fF A Gabor B#a | /M 1 (Wavelet paekets) 1 &) 2% 55 &%
A5% A #: (Local Discrete Cosine Transform) ; % L B R
i@ BT /NS (Wavelet Transform) | ph2R I 25 #: (Cur-

AICBRETG HRPLFEREIR H (2014]M8341,2010JM8026) %5 8).,

FH(1988—) &, Wik, FERF I 18 H BRI FRR , E-mail; zhien1988@126. com; . $F(1968—), %, {+, ¥ %, T BB 1 Mt
BUAE RN RR ERNIRG B (1987 —) A0 B+, EEBR T RAEGES;E TA90), &, L, FEWR FRNELEEL.

+ 271 -



velet Transform) , & ZF # (Ridgelet Transform) 1% BL % 35
#(Courvelet Transform) 02 | Xt F2 B e 88, S F B
BB R R e 2 s e

Z IFa2 G |l o
lity{D.} =<5 o
Quality{D,} jzn G 1o ()
Hep,
@ =argmin |« |, s t Dac=u @
o =arg min | & ||, s t. Da,=u 3
"r

uu SPFVREREEMSE,D, M D, HHNEBBERF
EHEEKF M o Mo BHBERF T EMSCEKN R

R (DRIFF I RIEE T 220, PR 7
AR IEREZREFC AT, KB XL H K@M
HHFHTFHERGIES EENERAIANTRAE, FHL
STAKBLBRMER L, A RN ATABBR/INEETR
RDWT(Redundant Discrete Wavelet Transform) i J& F 2%
#H WAT(Wave Atoms Transform)4E =% 8 X5 5 ik K B8
R A 9 RIS,

RDWT 2R £ T T REMBB/MEE SR, BA FBALE
MEREME, HEHRERFH R & THHRDESRAGSHKR
/NHRTE, BEAR, RDWT GBS 1R IR B 38, BB FRIR R
O B R A0 2, k2 R T B R SR IBMELA Sk i £k
HREMEL, K KBS BPH THRSY., ERE
WAT BT J7 6 /N 1 Gabor ZE# L, BB RBHKHT
EHEURAB TR . M TAERA/NEE R R B
Gabor 53t , WAT BESSH b K R B B 45 37 R R R F L
BER  ORGSCERMERBN RN, Bt WAT EE
R R RS F I,

gF FATR  ASCHR T L RDWT #1 WAT o< 88.%F 7
B AR5 o AR AL,

MR B G ITE A RS 2, BB R S RE R
LR, RS EARE E RN BRA W AR SFIERAR
R A R KRB, e & B, RO B E
BIRBR

E& P iR B R R — R BB P KR E 2 RE
B Hiniia g mE. REES BA YRR ERE.
P X RS B A A /N, T G AL ) LA B R AR
Self-snake #84 BA ih 9K 20 A0 G B IR BN E I RE 7 LUR
74 i B AR B B RBAE AR R B R B BRI K P B
FIBEWSBH %, AT IL, self-snake BRI ¥ 3 & KR8
SR,

ElG P SRS B RS2 BRI AR R B3
AR AT, BEFEETSHEREAR
Y, N—E R FHE T 8, X8 T S 8RR 4
BANRBGHS RS, WA EETF AR RE, B
5 N L N = S

B M, A< S 840 H) A self-snake 45 59 F145 (H 7 ¥ K
FIEMBE,

ALEL T —MFHNETRAS BRI S &
L4 RDWT f1 WAT AF SO SR KB GRE T M RE
FOLCH ;SR 54 SR B self-snake 85 %Y 1 = Y35 8 7 5 B
FARE B ; BE A K G BB SRS H B R BOR .

o 272 -

ERAERRY, A SNETITH.

ARICH 1 W B S v R ST B SR 5 56 2
Fitie RS G 5 3 T A TR R
R BF B2

| BROBEGHAFT ENEISHMESLH

1.1 E-F RDWT 70 WAT B A R 9 W Bt 5 1R
J. L. Starck % AR B BIE A 240 MCA 8 HIBD,
(a® m?”’)—‘—agg;r?n la v+ lla by +all f—~Da—

. D, || §+yTV(D.a.) 4
KF, TVCORBIED, AT RRY D. AEAEB AL At
HR AR R =2 O3 A TR, LURIE 8 A
REE. A fy BEEHSH., MCA ERBEWRITFBSEE
EASCRR RARRBORF AT D, M1 D, % BB R,

AN RDWT f1 WAT 165 B JF 5 8154 43 Hll #om
FIEFBE, ME T — ARBTG5 R,
(o ,a?”’)=ar(g m)in la i+ la il +All f— Deac —

Dia: || 3 (5)

K, D, B ROWT B REF M, D, & WAT R EE
F, SROML,REPERET TV )OI, FHR RDWT
BA VBN, feis 70 IR R B BRE L Sk M D & TR
BE, =8 TV « DI, AR B R R
1.2 RESBEINYESTH

#}E3%) Bregman #5720 AT AA SR 47 L SRR
A, BICEA G 7 B L S0 R R 52 X 0 SA0 3 B R 55 10
B ASCR AR ¥ Bregman FUEENR A RN G) 18,

G db ) =arg min |l o |2+ el +4 | f—

a sy

Dia.—Dia.— 8 |} (6

P =0+ (Dt + Do — P

KA ,b HfE B8 Bregman LI AMER SR, TEREX
OFMK(DFH o Fla,, A5

ot =arg min | a: |1+ | f~Deac—Dal =t |} (8

o™ =arg min || & || Hr—g— | f~Dia. —Deat™ —8" | §

9

% 1% %) Bregman 2% P SR R A IST B s
A5k ()R, W BB RIFH A TN

&=y, « ST\, [ DI (f—Dof—b)] am

at"'=y, » STy, [ DI (f—Deat™ —8) ] an
K, STC « YRR AL, y BB R/DATESRFE
MO MRER T EWLLLE. v My ATELS By =
Ly =7, NS y BIEEFEET 1.
1.3  self-snake ERIM BRI K

self-snak B

A_ (i wIDel oI+ » w1

=Fass +Foa a2
KA e REF, (|7 1) R RBB A KE LR Fay
FRHENGAT LR BT B, Fane RAH BEIGEMEH
.






(5]

[6]

(7]

r8]

(9]

(10]

f11]

(12]

[13]

[14]

Letters, 2004,25(4) :429-436

BRAREE k4B, =%, 73 PCA S HISHERE R BE T 80 5
FrogEld]. HE LRI 2, 2006,33(3) : 155-159

Yang J, Zhang D, Frangi A F, et al. Two-dimensional PCA: a
new approach to appearance-based face representation and re-
cognition[]J]. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2004,26(1):131-137

Li M, Yuan B. 2D-LDA: A statistical linear discriminant analysis
for image matrix[J]. Pattern Recognition Letters, 2005,26(5):
527-532

Chen S,Zhao H, Kong M, et al. 2D-LPP: a two-dimensional ex-
tension of locality preserving projections[J]. Neurocomputing,
2007,70(4):912-921

Li Z,Du M. 2D-NPP; An Extension of Neighborhood Preserving
Projection[ C]] // 2007 International Conference on Computational
Intelligence and Security. IEEE, 2007 :410-414

Zhang D, Zhou Z H. (2D)?2PCA; Two-directional two-dimen-
sional PCA for efficient face representation and recognition[J].
Neurocomputing, 2005,69(1) : 224-231

Noushath S, Hemantha Kumar G, Shivakumara P. (2D) 2 LDA.
An efficient approach for face recognition[ ]]. Pattern Recogni-
tion, 2006,39(7) :1396-1400

Nagabhushan P, Guru D S, Shekar B H. (2D) 2FLD; An effi-
cient approach for appearance based object recognition[J]. Neu-
rocomputing, 2006,69(7) : 934-940

Vasilescu M A O, Terzopoulos D. Multilinear subspace analysis
of image ensembles[C] // 2003 IEEE Computer Society Confe-
rence on Computer Vision and Pattern Recognition, 2003. IEEE,
2003,2.11-93

Lu H,Plataniotis K N, Venetsanopoulos A N. MPCA : Multilin-
ear principal component analysis of tensor objects[]]. IEEE

Transactions on Neural Networks,2008,19(1);18-39

(15]

[16]

(17]

(18]

[19]

L20]

(21]

[22]
[23]

[24]

Lu H, Plataniotis K N, Venetsanopoulos A N. Uncorrelated
multilinear principal component analysis for unsupervised multi-
linear subspace learning[ J . IEEE Transactions on Neural Net-
works, 2009,20(11);1820-1836

Yan S,Xu D, Yang Q, et al. Multilinear discriminant analysis for
face recognition[ J]. IEEE Transactions on Image Processing,
2007,16(1):212-220

Han Xian-hua,Chen Yen-Wei. Multilinear supervised neighbor-
hood embedding with local descriptor tensor for face recognition
[J7. IEICE transactions on information and systems, 2011, 94
(1):158-161

Tao D, Li X, Wu X, et al. General tensor discriminant analysis
and gabor features for gait recognition[J]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2007, 29 (10);
1700-1715

Yan S, Xu D, Yang Q, et al. Discriminant analysis with tensor
representation{ C] / IEEE Computer Society Conference on
Computer Vision and Pattern Recognition, 2005(CVPR 2005).
IEEE, 2005,1.526-532

Mohamad AL-Shiha A A, Woo W L, Dlay S S, Multi-linear
neighborhood preserving projection for face recognition[ J]. Pat-
tern Recognition, 2014,47(2) ;544-555

Kolda T G,Bader B W. Tensor decompositions and applications
[J]. SIAM review, 2009,51(3) : 455-500

http: //www. cvc. yale, edu/projects/ yalefaces/yalefaces. html
Messer K, Matas J, Kittler J, et al. XM2VTSDB: The extended
M2VTS database[ C] //Second international conference on audio
and video-based biometric person authentication. 1999, 964 :965-
966

Lyons M J, Budynek J, Akamatsu S, Automatic classification of
single facial images[J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence,1999,21(12),1357-1362

(L% 273 )

(1]

(2]

£3]

(4]

£s]

(6]

2 % x W

AL BALE . BF/MERIT I A E N EREE]. a7 56
B2, 2009, 2. 265-269

BLEF, SR 4, B9, %, T self-snake AV B E G HCALT]. 7§
JEREEM B AREN,2010,40(D): 7375

Starck J L, Elad M, Donoho D L. Redundant multiscale trans-
forms and their application for morphological component separa-
tion[ ] ]. Advances in Imaging and Electron Physics, 2004, 132
(35):287-348

Meyer Y. Oscillating patterns in image processing and nonlinear
evolution equations [ M]. Boston: American Mathematical Socie-
ty, 2002

Chan T F,Shen ] H. Mathematical models for local non-texture
inpainting[J]. SIAM J. Appl. Math,2001,62(6);1019-1043

Zhu Xuan, Wang Ning, En-biao, et al. Image decomposition model
combined with sparse representation and total variation[ C] //

Proceeding of the IEEE International Conference on Information

(7]

(8]

[9]

[10]

(11]

(12]

and Automation, Yinchuan, China,2013:86-91

R, RKE, PHH. BT IUAEBU/ME R E S i &
5011, BEhikE, 2011,37(1) :61-66

XEZE, DY, KEE ERTYERGREER] BTy
15 B24%,2009, (8):1791-1795

Mallat S G, Jaggi S, Karl W, et al. High resolution pursuit for
feature extraction[] ]. Applied and Computational Harmonic A-
nalysis, 1998,5(7) :428-449

Osher S, Burger M, Goldfarb D, et al. An iterated regularization
method for total variation-based image restoration[]J]. SIAM
Journal on Multiscale Modeling and Simulation, 2005,4(5) :460-
489

Daubechies I, Defrise M, Mol C D. An iterative thresholding al-
gorithm for linear inverse problems with a sparsity constraint
[J]. Commun. Pure Appl. Math. ,2004,57(11) :1413-1457
Stack J L, Elad M, Donoho D L. Image decomposition via the
combination of Sparse representation and a variational approach
[J]. IEEE Transaction on Image Proeessing, 2005, 14 (10);
1570-158

¢ 279



