
IJAMML 6:2 (2017) 53-66 June 2017 
ISSN: 2394-2258 
Available at http://scientificadvances.co.in 
DOI: http://dx.doi.org/10.18642/ijamml_7100121824 

*Corresponding author.  
E-mail address: jianqianggaohh@126.com (Jianqiang Gao). 

 
Copyright  2017 Scientific Advances Publishers 
2010 Mathematics Subject Classification: 68U10. 
Received April 27, 2017  

A DYNAMIC NON-LOCAL MEANS ALGORITHM FOR 
MONOCHROME IMAGE DENOISING 

Jianqiang Gaoa and Srinivas Nowdurib 
aCollege of Computer and Information, Hohai University, Nanjing 210098,             

P. R. China 

bDepartment of SS-LET, FSC, 2350 Braodhollow Road, Farmingdale NY 11735, 
USA 

___________________________________________________________________ 

Abstract 

The image denoising is the fundamental problem in the field of image processing. The 
denoising algorithm of image is most commonly designed for removal of both impulsive noise 
and Gaussian noise. In image denoising process, impulsive noise (salt and pepper noise and 
random valued impulsive noise) is a most common noise which affects the image quality 
during image acquisition, transmission, reception or storage. Many classical denoising 
techniques have evolved over the years, such as mean filter, median filter, and 
morphological filter. In this paper, a novel dynamic non-local means algorithm has been 
proposed for monochrome image processing. The experimental results will confirm that 
proposed method yields the better performance in terms of peak signal to noise ratio 
(PSNR). 
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1. Introduction 

Digital image processing technique is widely used in all kinds of 
fields, such as face recognition [1-10] and biomedical image processing 
[11-13]. The aim of digital image processing is to improve the potential 
information for human interpretation and processing of an image data for 
transmission, storage, and representation for autonomous machine 
perception. Due to contamination of all kinds of types of noise, such as 
additive white Gaussian noise, Rayleigh noise, impulsive noise, the 
image quality degradation. Generally speaking, noise corrupt an image 
during the processes of acquisition, transmission and reception and 
storage and retrieval. In real world, in order to obtain good visuality like 
mobile phone, television, digital cameras, the acquired image signal must 
be denoised. Image denoising techniques are very important in modern 
digital image processing. The main goal of image denoising is to 
reconstruct the original image or the better estimation from the noise 
data while preserving fine image details. Many denoising algorithms had 
been proposed, such as information entropy filter [14], optimization of 
partition-based weighted sum filters [15], nonlocal transform-domain 
filter [22], based on wavelet filters [16-20], and based on independent 
component analysis and hierarchical fusion hybrid filter [21]. The 
performance of image processing can be affected by the presence of salt 
and pepper noise [22, 23]. 

Min and Max filters are two classical denoising methods, which can 
remove salt and pepper noise, respectively. However, the min and max 
filters can not be work when both types of noise are included in the 
binary image. Therefore, many researchers proposed all kinds of median 
filters and morphological operations-based filters. As we all know, 
median filter is one of the most popular nonlinear filters for removing the 
impulsive noise, and it has good abilities of keeping edge. But, it requires 
sorting within the pixel neighbourhood specified by the filter size. The 
computational burden will increase as the size of the filter increases. In 
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addition, some fine details and edges of the image will not be preserved. 
Due to its simplicity in implementation and also effectiveness in noise 
suppression, various changes have been done in the filter, such as some 
modifications median filter (SMF) [24] and center weighted median filter 
[25]. The conventional median filter applies the median operation to each 
pixel completely, that is without considering whether it is noisy or noise-
fee pixel. But still, filtering approaches is subjected and causes for the 
image degradation. In order to solve the problems of these median filter, 
switching median filters were introduced in [26, 27]. (i) Impulse detector: 
a detector analyses local characteristics of the 33 ×  sliding window 
around each pixel using some considerations and marks the noise pixels 
in the corresponding local window. (ii) Noise filtering: only the marked 
pixels are processed rather than the whole area pixels of an image. In 
[28], a rank-ordered relative differences (RORD-WMF) method to identify 
corrupted pixels was proposed with sliding window. In [29], a new 
modified directional weighted median (DWM) filter method was proposed 
for removal of random-values impulse noise. In [30], the authors 
proposed a based on lambda multi-diagonal matrix filter method for low-
density noise removal. Decision tree based denoising (DTBD) method can 
be found in [31]. The advantage of this method is that it can enhance 
filtering capability in decreasing impulse noise, while preserving image 
details. 

The remainder of this paper is organized as follows. Section 2 
describes the proposed approach in detail. Section 3 reports the 
experimental results. Section 4 concludes this paper. 

2. The Description of Proposed Denoising Method 

2.1. Proposed denoising method 

As we all know, Gaussian noise is equally distributed over the signal. 
Impulsive noise is denoted by changing part of an image pixel with noisy 
values, not the whole area of an image. Generally, impulsive noise can be 
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classified as fixed valued impulse noise and variable type impulse noise. 
In general, impulse noise can be described by the following two 
equations. The first equation is strictly following the additive noise 
model, where the corrupted image ( )yxD ,  is defined as: 
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In this equation, ( )yxC ,  is the clean and noise-free image, ( )yxN ,  is 

the noise intensity value, or the noise amplitude, ( )10.,i.e ≤≤ PP  

presents the noise density. Higher value of P means higher corruption 
level. 

Another general impulse noise model uses a simplified version of 
Equation (1). For this general model, the damaged image ( )yxD ,  is 

defined as: 
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This simplification is carried out because for the case of corrupted pixels, 
the results of ( ) ( )yxNyxC ,, +  in Equation (1) can actually take any 

values. This is due to ( )yxN ,  is a random value. Equation (2) shows that 

the corrupted pixels are directly been replaced with the noise intensity 
values. 

Hence, it is very difficult to remove variable type impulse noise 
rather than fixed value impulse noise. Our main aim is to preserve the 
details and restrain the noise of image. The difference between fixed 
value and variable type impulse noise is shown in Figure 1. 

In the case of fixed value impulse noise, the pixel is replaced with 
noise may be either ( )0minN  or ( ),255maxN  where as in variable type 

impulse noise situation it may range from minN  to .maxN  
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Figure 1. Representation of impulse noise: (a) fixed value impulse noise 
and (b) variable type impulse noise. 

2.2. Noise detection 

In fact, the level of impulse noise is different for an image. Some 
pixels look more like corrupted pixels, and some do not look like 
corrupted pixels. From the theoretical aspect, the independent decision 
rules should be used for separate levels. So, all pixels should be grouped 
based on the level of how impulsive-like before making a decision, and 
adopt different decision rules with different group. In statistics, there are 
various methods for detecting outliers, such as the ratio between its 
distance to the sample mean and standard deviation. 

In the section, a new detection mechanism has been proposed based 
on the dynamic statistics. At present, many existing detection methods 
are often realized by comparing certain number of local neighbourhood 
statistics to the same number of corresponding thresholds. However, all 
these existing detection methods without considering the outlying 
differences among the pixels. The proposed method divides the pixels into 
four clusters based on the error values. The absolute deviation to the 
median is used to identify the impulsive noise in each cluster. The good 
results can be obtain by detecting every pixel, however, the efficiency 
may be low.  Hence, in the new method, all the noisy pixels can be 
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detected in the block. The proposed impulse detector should be able to 
detect most of the corrupted pixels as possible. If there are too many 
undetected noisy pixels, these pixels will lead to the presence of 
noticeable noise patches. The results show that our proposed method is 
more robust to the noise ratio than the other methods. 

Non-local means filtering (NLM) estimates an uncorrupted intensity 
as average weighted for all pixel in the image, and the weighted value 
are proportional to the similarity between the neighbour pixel value 
being processed and the surrounding pixels of neighbour pixels. However, 
these NLM filtering method can preserve image details during denoising. 
The best solution could be to locally varying parameters, so that they are 
primely tuned to remove the particular amount and various noises 
present in each part of the image. 

Table 1. The comparison of PSNR (dB) using existing and proposed 
methods 

Noise  
density 

Test image SMF [24] PSMF [27] AMF [32] TVIF [33] Proposed 

50% Lena 14.99 23.08 28.41 29.12 30.18 

 Cameraman 14.35 17.54 25.83 26.67 27.01 

 Peppers 14.84 22.85 27.49 28.57 28.61 

 House 15.24 18.71 28.66 30.93 31.22 

90% Lena 6.69 10.17 19.42 22.37 23.91 

 Cameraman 6.42 9.49 17.41 20.18 20.82 

 Peppers 6.55 10.33 18.58 21.94 22.23 

 House 6.65 10.24 18.08 23.36 23.64 
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3. Experimental Results 

To make objective assessment, the well-known peak signal to noise 
ratio (PSNR) is taken as a metric. The PSNR is defined as follows: 
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where ( )jiZ ,  and ( )jiA ,  denote the de-noised image and original image, 

respectively. As we all know, the bigger the PSNR, the better the visual 
quality of the restored image. 

In this section, several experiments were designed to demonstrate 
the effectiveness of our proposed approach. All these images were added 
salt and pepper noises with different noise densities, such as 50% and 
90%. The experimental results show that our algorithm not only 
efficiently removes the salt and pepper noises, but also preserves image 
details well. In order to show the performance in an all-round way, we 
compare the proposed approach with SMF [24], PSMF [27], AMF [32], 
and TVIF [33]. All the experiments are carried out on a PC MATLAB 
2010b with 2.40GHZ CPU, 3GB RAM. The proposed method and other 
methods were evaluated according to PSNR. Four standard test images 
sized 256 × 256 as shown in Figure 2. 
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Figure 2. Four standard test images. 

The corrupted versions of Lena under different noise densities as 
shown in Figure 3. The PSNR comparisons with respect to four standard 
gray images among different methods are list in Table 1, where the best 
results were marked bold. From Table 1, we can clearly to see that the 
PSNR values of our proposed method are all bigger than those of other 
compared algorithms. This means that our method is better than other 
methods in visual quality. Figures 4-5 present visual quality comparisons 
among different methods under different corrupted versions of Lena. 
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(a) Noise density 50% 

 
(b) Noise density 90% 

Figure 3. The corrupted versions of Lena under different noise densities. 
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Figure 4. Visual quality comparisons among different methods with noise 
density is 50%. 
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Figure 5. Visual quality comparisons among different methods with noise 
density is 90%. 
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From all the above results, the proposed method has better 
performance in visual quality than the compared methods. This is 
attributed to our elaborate noise detection. This strategies ensure that 
our method can efficiently remove noise while preserving image details 
even at a high noise density. 

4. Conclusion 

In this paper, an efficient dynamic non-local means method was 
proposed for removing salt and pepper noise. The proposed method 
divides the pixels into four clusters based on the error values. And the 
absolute deviation to the median is used to identify the impulsive noise in 
each cluster. Hence, in the new method, all the noisy pixels can be 
detected in the block. The proposed impulse detector should be able to 
detect most of the corrupted pixels as possible. The results have shown 
that proposed method can efficiently remove salt and pepper noise from 
corrupted images, and outperforms some well-known algorithms. 
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