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 As the real world images are naturally contaminated by more than one type of noise 

during image acquisition and transmission process. It is imperative to remove the mixed 

noise in the current scenario. Recently Non Local Mean algorithms got great attention 

in denoising process. But it cannot deal with impulse noise due to their nature. In this 
paper, an enhanced nonlocal mean-median (ENLMM) to concurrently remove impulse 

noise and Gaussian noise is put forwarded. A novel approach for mixed noise removal 

framework based on the enhanced NLMean- Median is also introduced. Comparing 
with various existing noise removal techniques, the proposed framework can eliminate 

mixed noise concurrently in a single step. Experimental outcomes demonstrate that the 

proposed denoising framework has improved denoising performance for mixed noise. 
Hence the proposed framework can eliminate mixed noise simultaneously. 
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INTRODUCTION 

 

 Image denoising is one of the most important concepts in computer vision. Real world images are naturally 

corrupted by different types of noise during image acquisition and transmission process. The objective of image 

denoising is to restore the details of an image by removing unwanted noise. Thus, image denoising has been one 

of the most significant preprocessing tasks in image processing domain. 

 In existence, most of the image noise cannot be modeled as a single type of noise such as Gaussian or 

impulse noise. They normally can be represented by mixture of Gaussian or impulse noise. This type of mixed 

noise arise when images already corrupted by Gaussian noise during image acquisition got corrupted by impulse 

noise consequently during image transmission process. Mixed noise is complicated to remove because their 

characteristics are notably different. 

 The fundamental idea of NL-means is not only averaging pixels surrounded by the local neighbor pixels, 

but also averaging similar neighborhoods surrounded by a larger nonlocal domain. NL-means can repress 

Gaussian noise effectively. To identify which pair of pixels should be ignored when comparing, locations of 

impulse noise need to be detected. We chose boundary discriminative noise detection (Ng and Ma, 2006) for 

salt-and-pepper noise detection because of its high detection accuracy. 

 

Related work: 

 In the literature survey, there are two types of noise commonly identified namely they are Gaussian noise 

and impulse noise. By nature digital image contain noise during the acquisition. Generally Gaussian noise 

occurs in image acquisition process. It is modeled by adding each pixel a value from a zero-mean Gaussian 

distribution. Thus all pixels of the image are getting affected. Because of its zero-mean nature, Gaussian noise 

can be generally removed by averaging similar pixels in a pixel‟s local neighborhood. Impulse noise can be 

occurring in both image acquisition and transmission process. It is happening due to malfunctioning pixels in 

imaging sensors, transmission errors in noisy channels or faulty memory locations. It is described by replacing 

the intensity values of corrupted pixels. 

 The algorithms used to remove Gaussian noise cannot remove impulse noise effectively. It will treat 

impulse noise corrupted pixels as edges and conserve them and the algorithms considered to remove impulse 

noise cannot suppress Gaussian noise and will retain them. To successfully remove Gaussian-impulse mixed 
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noise, special denoising frameworks need to be considered to handle two different types of noise. Gaussian 

mixed impulse noise removal is usually achieved by using a median filter to remove impulse noise, and then an 

averaging filter is used to remove remaining Gaussian noise. Other methods used a switching scheme based on 

impulse noise detection result, such as the bilateral filter based SQMV-SBF (Lin et al., 2010) and the Trilateral 

filter (Garnett et al., 2005).  

 To achieve a higher PSNR, this paper proposes a two phase filtering technique. The noisy image is first 

subjected to a standard Adaptive Median Filter (Gonzalez et al., 2004). The filtered image is then denoised 

using Non-Local Means Filtering technique (Buades et al., 2005a). The NLM filter was introduced by Buades in 

2005(Buades et al., 2005b). This method of image denoising relies on the weighted average of all pixel 

intensities where the family of weights depends on the similarity between the pixels and the neighborhood of the 

pixel being processed. The concept of Self-Similarity was originally developed by Efros and Leung (Efros and 

Leung, 1999).  

 

Problem of Mixed Noise Removal: 

 NL-means works well to remove Gaussian noise and also can preserve image details very well. But it 

cannot handle impulse noise effectively as the existences of impulse noise will greatly affect similarity metrics. 

So it is desirable to design a framework based on NL Mean-Median to remove mixed noise. 

 Newly, Xiong and Yin (Xiong and Yin, 2012) proposed a multi-phase denoising framework for mixed 

noise removal based on NLmeans algorithm. But, it did not solve the problem of NL-means with impulse noise. 

Instead of, they run NL-means on impulse free image after median-type filtering. The algorithm worked as 

multi-phase noise removal that has to remove impulse noise first, and then remove Gaussian noise. It cannot 

concurrently remove both types of noise; also pixels corrupted by impulse noise have to be filtered three times 

sequentially to finally get restored, which is very computationally inefficient. 

 

Enhanced NL-Mean-Median: 

 ENLMM algorithm estimates every pixel intensity based on information from the whole image thereby 

exploiting the presence of similar patterns and features in an image. ENLmean-median filter estimates noise free 

pixel intensity as a weighted average of all pixel intensities in the image. The weights are proportional to the 

similarity between the local neighborhood pixel being processed and local neighborhood of surrounding pixels. 

Then the salt and pepper noise is removed by the median introduced in the enhanced version non local mean. 

 Let an unknown signal Xi, i=1,2,3,… N is corrupted by an adaptive noise process Vi. Then the observed 

signal is Yi = Xi + Vi. Denoised signal of the pixel intensity is computed as the weighted average of all pixels in 

the image __ 

Xi =  

 It is pixel based NL-Means algorithm. 

 In block based NL-means overlapping blocks are used, resulting in multiple estimated for each pixel in a 

block. To aggregate the different estimates, an add and weighting function B(K) determines the weight 

contribution of central pixel to its neighbor at relative position K:  

 Xi =  

 W(i,j) – Depend on the similarity between the neighborhoods centered at position i & j. 

 In order to denoise a pixel, it is better to average the nearby pixels with similar structures(patches). The 

resemblance is regarded in terms of a patch centered at each pixel not just the intensity of the pixel itself. 

Weight can be interpreted as the difference between fx (f centered in x) ad fy (f centered in y), weighted against a 

Gaussian window Ga. The distance ||fx – fy|| measures how similar are two patches of f centered at x & y. If two 

patches are similar, then the corresponding weights Wf(x,y) will be high and vice versa. 

 ENLMM algorithm not only compares the gray level in a single point but the geometrical configuration in a 

whole neighborhood. Let V be the noisy image,  

V={V(i) / i€I} 

 The estimated value NLMM[V](i), for a pixel „i‟ is computed as a weighted average of all pixels in the 

image. 

NLMM[V](i)=  

{W(i,j)}j depend on the similarity between pixels i & j such that 0≤W(i,j)≤1 & . 

 Similarity between two pixels i & j depends on the similarity of intensity level vectors V(Ni) & V(Nj) and 

Nk denotes a square neighborhood of fixed size and centered at pixel „k‟. This similarity is measured as a 

decreasing function of the weighted Euclidean distance. 

|| V(Ni)- V(Nj)  where a>0 is the standard deviation of the Gaussian kernel. 
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 The pixels with similar gray level neighborhood to V(Ni) have larger weights in the average. These weights 

are defined as 

 W(i,j)= , where Z(i) is the normalizing factor 

 Z(i)= , where h is the degree of filtering 

 Salt and pepper noise is removed by considering the fact that the noisy pixels and noise free pixels differ 

significantly. In this paper Gaussian mixed salt and pepper noise is removed by applying ENLMM twice with 

two different values of degree of filter. Smaller degree of filtering is used to remove salt and pepper noise and 

larger degree of filtering is used to remove the remaining Gaussian noise. 

 

Procedure for ENL-Mean-Median Algorithm: 

 For each pixel a 

(i) Take a window centered in x and size (2p+1 × 2p+1), A(a,p) 

(ii) Take a window centered in x and size (2q+1 × 2q+1), W(a,q) 

 Set Wmax=0 

(iii) For each pixel y in A(a,p) and y different from x, compute the difference between W(a,q) and W(b,q) as  

 d(a,b) ie., d(a,b)=W(a,q)-W(b,q) 

(iv) Compute the weight from d(a,b) as W(a,b)=exp(-d(a,b)/h) 

If W(a,b)>Wmax then Wmax=W(a,b) 

Compute the average, average+= W(a,b)*u(b) 

Carry the sum of the weights, totalweight = Wmax 

Restored value, rest(a)=avg/total weight 

(v) To calculate distance 

function caldistance(a,b,p) 

 {  

 totaldistance=0 

 dist=(u(a)-u(b))^2; 

 for i=1 until p 

 { 

  for each j=(j1,j2) 

  pair of integer numbers such that 

  max(|j1|,|j2|)=i 

  { 

dist+=(u(a+j)-u(b+j))^2; 

} 

  aux=dist/(2*i+1)^2; 

  totaldistance+=aux; 

 } 

 Totaldistance/=p; 

 } 

 Similarity weights are selected based on linear regression (Jonathan Taylor, 2009). 

(vi) Remove salt and pepper noise  

 

Results: 

 In this section, experimental results of the proposed mixed noise denoising framework are presented, and 

compared with other local mean filters: 

 
Table 1: Comparison of Gaussian mixed salt-and-pepper noise removal framework results with other filter results 

S.No Image Arithmetic Mean Filter Geometric Mean Filter Contra Harmonic 

Filter 

ENLMM 

Filter 

1 Cameraman 9.963 17.6 15.6 35.851 

2 Rice 11.2765 16.8 14.47 36.006 

3 Tire 19.167 10.18 8.55 35.29 

4 Pout 12.261 17.31 14.95 35.63 

 

 From the table it is observed that ENLMM based mixed noise removal technique achieves superior 

performance in terms of PSNR compared to local mean-median filter approach. Moreover the image quality in 

terms of visual appearance is also good in ENLMM based approach. Hence it is obvious that ENLMM based 

approach is performing better than local mean median based methods. 
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Fig. 1: Denoising results of Cameraman image corrupted by mixed Gaussian and salt-and-pepper noise, 

 

 
 

Fig. 2: Denoising results of Rice image corrupted by mixed Gaussian and salt-and-pepper noise. 

 

Conclusion: 

 In this paper, a simple image denoising algorithm has been proposed. It exploits the self similarity and non 

local averaging of the pixels surrounding the pixel of interest has been taken into account. Non local means 

algorithm has been extended to remove the Gaussian mixed Impulse noise. To prove the effectiveness and 

efficiency of the algorithm, it has been applied to various standard test images. This algorithm provides very 

good noise removal capability, which can be proved from the results obtained. It also provides very good noise 

removal capability compared to local mean algorithm based filters. Presently this algorithm works well for 

natural images. It can be extended in the future to work for images which don't have self similarity properties 

such as medical and satellite images. As the algorithm takes some time to complete the process, in future, 

improvement can be made to reduce the calculation time. Improvements in the removal of salt and pepper noise 

can also be achieved. 
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