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Image Denoising Using Kernel Fuzzy Clustering and
Regularization on Sparse Model
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Nanjing 210016, China)

Abstract: Aimed at the problems that the existing denoising methods suppress noise incompletely and blur
the details of image, an image denoising method using kernel fuzzy C-means clustering and regularization
on sparse model was proposed. Firstly, the image was divided into equal pieces and kernel fuzzy C-means
clustering algorithm was used for clustering the similar image pieces, thereby ensuring image pieces in the
same class share the same sparse denoising model. Then, the global dictionary trained by images from the
classical image library was selected as the initial dictionary to adapt to the various characteristics of image
very well. Next, a ¢, /¢, norm regularization constraint condition was imposed and sparse decomposition
of image pieces in the same class under the dictionary was achieved, which made decomposition
coefficients sparser. Finally, the update of dictionary was completed by improved K-singular value
decomposition algorithm, and image pieces with the largest difference from the original sparse model were
selected to replace the redundancy atoms of the uapdated dictionary. Thus, noise in the image was
suppressed effectively. Experimental results show that, compared with denoising method based on
wavelet combining with nonlinear diffusion, denoising method based on constant dictionary, denoising
method of optimal directions and K-singular value decomposition denoising method, the proposed method
can remove noise of the image more effectively and preserve the details of the image and improve the
visual effect better.
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(b) Flowchart of the improved
K-SVD algorithm
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Fig. 1 Flowchart of the method
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Fig. 2 Dictionary of grayscale images
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(g) Algorithm in the paper
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Fig. 3 Barbara image with the denoised results of five methods
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Fig. 4 Peppers image with the denoised results of five methods
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x1 SHMAEMBEREGNIEERSERL (6=25)
Table 1 PSNR of denoised images with five methods (6=25)
PSNR/dB

Noisy image Wavelet with Constant Algorithm in

diffusion dictionary MOD K-SVD the paper
Barbara 24.7568 28.6658 29. 3853 29. 6081 30. 0494
Peppers 25.3432 29. 0455 29. 7886 29.9047 30. 2175
Boat 23.9879 28. 7879 29. 2444 29.3754 29.7019
House 26.3924 31.0373 32.0874 32.1929 32.5063
Lena 26.6745 30. 9203 31.3018 31.4359 31.9062

R2 AERETSHMAEMBEREKREIEESRI

Table 2 PSNR of the denoised image with five methods under different noise levels

PSNR/dB
Standard - . -
L. Wavelet with Constant Algorithm in
deviation (¢) ) . L MOD K-SVD

diffusion dictionary the paper

10 30. 8427 35.3224 35.6725 35.7007 36. 0208

20 27.6683 31.9831 32. 3443 32.4051 32.7679

25 26.6745 30.9203 31.3018 31.4359 31.9062

40 24.8117 28.5077 29.0173 29.1217 29.6062

50 23.5047 26. 8006 27.5499 27.6394 28.1308
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