Journal of Computer Applications

# H AR A, 2013, 33(2) : 476 - 479

ISSN 1001-9081
CODEN JYIIDU

2013-02-01
http: //www. joca. cn

XS 1001 —9081(2013)02 — 0476 — 04

doi;10.3724/SP. ]. 1087.2013. 00476

ETHASBMBRNBENERERHNTIE

AT, BB, RARES, FoA
(1 RETE BB KB (R E (KRR T RS) , K 300191,
2. W S REHEWE AR E(REITRY), KE 300191 3. ERSE BERRICA, LA 100012)
(= BIF1EH AL FHEAH weiyaliwyl@ sina. com)

i EMERSHRAFTREGEANT, HRSBALA 2R A TEHRLZAH, 45T EE&FRHMN
BRHRSMEEFTEXRGRA, B E—FATHRELSBAPRENELGAER BRI RN T E, AFEHEAEL
Bt ed K #48(K-means) R EF RV GHR BB RXEET I AR BENGLETE—RBZR, A EHBEHNFR
8 JRTF A P F A AR AR s ARG R B R B3 35 OMP) Fok SO0 B R ed M B A 77, A X B B4R vk
MEN, FREREN . BHERGFRINGS AL, H A EFROLERT EH L &8, FRFLG0 BHRERIR,

ERFKHAREFHHES B AR R PR ERE; 24T R

hESEE: TP391.41  SCHMERERG:A

New self-adaptive method for image denoising based on
sparse decomposition and clustering

WEI Yali*?", WEN Xianbin"?, ZOU Yongliao’, ZHENGdngchun’

(1. Tiarjin Key Laboratory of Intelligence Compuiing and Novel Software Technology ( Tianjin Universitfof Technology), Tiangin 300191, China;
2. Key Laboratory of Computer Vision and System, Minisiry of Education ( Tigwjin University of Technology), Tianjin 300191, China;
3. National Astronomical Observaiories, Chinese Acadefy of \Sciences{, Beijing 100012, China)

Abstract: The sparse representations of signal theory hasbgen‘extengiyelysand deeply researched in recent years, and
been widely applied to image processing. For the hugef\¢ompltation, of over-complete dictionary structure and sparse
decomposition, a new self-adaptive method for image dehoisuig baséd en sparse decomposition and clustering was proposed.
Firstly, an overcomplete dictionary was designed hy traiing samiples with a modified K-means clustering algorithm. In the
training process, atoms of the dictionary were updatedhadaptifélyNin every iterative step to better fit the sparse representation of
the samples. Secondly, the sparse representatien. of tlf€\test image was obtained by using the dictionary combined with
Orthogonal Matching Pursuit (OMP) algorithm, s¢ as to)achieve image denoising. The experimental results show that in terms
of image denoising and computational complexjty,\the performance of the proposed method is better than the traditional
dictionary training algorithm.
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