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Abstract

Non-local similarity of natural images is one of highly exploited features in various applications dealing with images.
Unique edges, texture, and pattern of the images are frequently repeated over the entire image. Once the similar image
blocks are classified into a cluster, representative features of the image blocks can be extracted from the cluster. The
bigger the size of the cluster is the better the additive white noise can be separated. Denoising is one of major research
topics in the image processing field suppressing the additive noise. In this paper, a denoising algorithm is proposed which
first clusters the noisy image blocks based on similarity, extracts the feature of the cluster, and finally recovers the
original image. Performance experiments with several images under various noise strengths show that the proposed
algorithm recovers the details of the image such as edges, texture, and patterns while outperforming the previous
methods in terms of PSNR in removing the additive Gaussian noise.
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Algorithm: Proposed Denoising Algorithm
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1. Pseudo code of the proposed denoising algorithm.
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Fig. 2. An example of background clustering. (a) The input

“House” image with AWGN of o=20. (b)~(d) The

background cluster shown with the white pixel in the

iteration 1, 2, 3, respectively.
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Algorithm: AKMC

-

Input: P ={p;,1 <i < N}, 7,72,73
Initialization: K =50,cf15 .. N} =
for i=1to N do

-1,Co =10

2 if ||p;|, < 71 then
|_ Co(*CQU{pi} and ¢; < 0
4 P, < {pile; # 0}
5 repeat
6 C+ KMC(P,,K)
7 foreach C; € C do
8 LCFC*Cj&DdK%K*lif‘Cj|<T2
9 foreach C; € C do
10 Cj (—KMC(CJ,Z)
11 if Ase > 73 then
12 | C+(€C-Cj)uCjand K+ K +1

13 until |C| is changed
Output: C* + CoUC

Fig. 3. Procedural description of the adaptive K-means
clustering algorithm.
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Fig. 4. Four test images such as (a) Lena, (b) House, and (c) Monarch, corrupted by AWGN (0=30) and denoised result
by the proposed algorithm.

a2 4. 0=302] AWGNoO| Z&t=l Lena, House, Monarchel

Table 1. Denoising performance in PSNR (dB) of several
test images for the Gaussian noise with the
standard deviation from 5 to 100.

E 1 BEEHA 5~1002] AWGNo|l Cigt PSNRE SH™E
EHE HMA Ms

PSNR | barbara boat lena hill house
5 38.42 37.38 38.74 37.17 39.92
10 35.05 3393 35.88 33.68 36.73
15 33.09 32.03 34.09 31.83 35.06
20 31.17 30.73 32.94 3065 33.86
30 29.59 28.84 31.02 2894 32.12
50 27.07 2651 28.99 26.90 29.27
100 23.47 2359 25.66 24.21 25.45
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