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Abstract

In the process of image transmission, formation and preservation, it is often affected by external
factors. Sparse representation reproduces image signals by combining the signals of image atoms,
which originate from an over complete redundant dictionary. There are two ways to form a dic-
tionary, one is to design a dictionary to adapt to the model, the other is to make the dictionary
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adapt to a group of training signals to achieve sparse signal representation. K-SVD algorithm is an
iterative method, which alternates between sparse coding of columns based on the current dic-
tionary and updating dictionary atoms to better adapt to data. Based on the regularized K-SVD al-
gorithm, this paper improves the calculation error term in the RK-SVD algorithm model, which
makes the improved RK-SVD algorithm more accurate in data processing, and effectively prevents
the occurrence of over fitting and under fitting of the model. Finally, on the basis of experiments,
the effectiveness of the improved RK-SVD algorithm is compared.
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Figure 1. Original and noisy image. (a) Original image; (b) image with Gaussian noise; (c)
image with salt and pepper noise
Bl RERESREER. () TREERE; (b) MASHREERR; () MANRREER

@ (b)

(©) (d)
Figure 2. Comparison of Gaussian noise denoising. (a) Image with
Gaussian noise; (b) denoising image with K-SVD; (c) denoising
image with RK-SVD; (d) denoising image with imporved RK-SVD
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Figure 3. Comparison of salt and pepper noise denoising. (a)
image with salt and peppernoise; (b) denoising image with
K-SVD; (c) denoising image with RK-SVD (d) denoising image
with imporved RK-SVD
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Table 1. Comparison of SNR after image denoising
= 1. Elf&EMRE SNR BiExTLL

I e
(1.0,5) 1.699229 1.698332 1.698328 1.698314 1.698221
(1.0, 10) 1.696077 1.696967 1.695259 1.694721 1.695875
(1.0, 20) 1.684558 1.684884 1.685123 1.686448 1.685461
(1.0, 30) 1.668491 1.670416 1.671939 1.670272 1.672791
(1.0, 40) 1.660677 1.654112 1.654721 1.654228 1.657360
(1.0, 50) 1.641064 1.643383 1.650644 1.642950 1.650771
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Table 2. Comparison of SSIM after image denoising
= 2. EfRERRE SSIM BUERTEE

I ] Bt RK-SVD U3 RK-SVD Bt RK-SVD Pt RK-SVD

RTS8 (u,0) RK-SVD (b=01) (b = 0.001) (b = 0.0001) (b = 0.00001)
(1.0, 5) 0.840849 0.845671 0.842568 0.842389 0.842708
(1.0, 10) 0.752430 0.752915 0.752025 0753339 0.752675
(1.0, 20) 0.500875 0499342 0.506048 0504771 0501186
(1.0, 30) 0.327151 0331090 0.329531 0.328994 0.326168
(1.0, 40) 0.229617 0.233035 0.232329 0.229618 0.230768
(1.0, 50) 0.172936 0.174754 0.173252 0.173554 0.173280

Table 3. Comparison of PSNR after image denoising

% 3. ElfgEME/E PSNR HiExTtE

wHARSH(io) Ao WETKSD  METKeD  wimceo  dimcon
(1.0,5) 31.066853 31.161110 31.122619 31.141726 31.145258
(1.0, 10) 29.568221 29.577482 29.582650 29.559725 29.576569
(1.0, 20) 25.710534 25.670057 25.770290 25.740022 25.710703
(1.0, 30) 22.658730 22.708418 22.695219 22.677090 22.637484
(1.0, 40) 20.410864 20.456707 20.466492 20.437920 20.392517
(1.0, 50) 18.743803 18.777784 18.718864 18.741145 18.750729
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