55 41 %35 10 ] mofF ¥ W Vol.41 No.10
2020 410 H Journal on Communications October 2020

ETMEse s/ MLBIBIGRERE X

i }r 123, 3%2 )ng4 /ijﬂ&z
(1. WHIBE TR %Ek?"rim WL B 310018; 2. KiERZE B TR2BE, L7 KiE 116622;
3. K R » J7ZROILTT 529020: 4. HUMIHFRHERAL B 5 BB, WL BiIN 310018)

1 F O W UK R BT BOE TRV B MU I AR 58 L0 )5 W Pk e e 22 1) el L, R TR B IR,
F& tH—Fh BT By B R MU I MR Wik . ot i S MR B o e, ARG B T S M AR e fe £ F O A &R
55 YT RS ARBL A T R B R B LA B ARACL BGRB8 FH ™ A 5 51045 0 il AL Bk i 5044
BEMRFR LAY, g5 56 T 37 S A R T AR S A ) RS e, ol e G e s 2 O N IR . Al L4
WRI, 54 W PID. NLM. BM3D. NNM. WNNM. DnCNN #1 FFDNet kA0 LG,  FrHe i ar i i35
THER AT, HRTR R AR AR AT

KRR MG, RRR IR, Al NS VEEG AR L FR 5

PESES: TP391.41

SCERFRIRAD: A

doi: 10.11959/j.issn.1000—436x.2020190

Gamma norm minimization based image denoising algorithm
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Abstract: Focusing on the issue of rather poor denoising performance of the traditional kernel norm minimization based
method caused by the biased approximation of kernel norm to rank function, based on the low-rank theory, a gamma
norm minimization based image denoising algorithm was developed. The noisy image was firstly divided into some
overlapping patches via the proposed algorithm, and then several non-local image patches most similar to the current im-
age patch were sought adaptively based on the structural similarity index to form the similar image patch matrix. Subse-
quently, the non-convex gamma norm could be exploited to obtain unbiased approximation of the matrix rank function
such that the low-rank denoising model could be constructed. Finally, the obtained low-rank denoising optimization issue
could be tackled on the basis of singular value decomposition, and therefore the denoised image patches could be
re-constructed as a denoised image. Simulation results demonstrate that, compared to the existing state-of-the-art PID,
NLM, BM3D, NNM, WNNM, DnCNN and FFDNet algorithms, the developed method can eliminate Gaussian noise
more considerably and retrieve the original image details rather precisely.
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