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Abstract— De-noising the image comprising mixed noises 

all together is a challenging task as the distribution of noise 

is unsystematic across the image and does not have a 

parametric model. A system that preserves the original 

image matters that are not damaged and bring back the 

damaged or noisy part is an significant requirement 

wherever the noise distribution is indefinite. Additive white 

Gaussian noise (AWGN) combined with impulse noise (IN) 

is a kind of distinctive noise. In the removal of these noises 

lots of researches have been published, but many of them 

are detection based techniques. That is first impulse noise 

pixels locations is spotted and then mixed noise is removed. 

When mixed noise is robust, such schemes may yield 

artifacts. In this paper a modest and effective, different 

image denoising strategy based on weighted encoding with 

sparse nonlocal regularization model is suggested. This 

method is used to detect both noises instantaneously, where 

the regulation function consists of the sparsity and nonlocal 

self-similarity and then weighted encoding technique is 

engaged. It is perceived from experimental outcomes that 

projected method accomplishes leading performance in 

denoising image also pictorial quality of restored image is 

enhanced and the quality measuring factors shows the 

greater parallel with the original image. 
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I. INTRODUCTION 

The errors in image acquisition and/or transmission over 

wired or wireless networks, causes random variations in 

image brightness and hence the noise is introduced in the 

image. This variation in image brightness from the average 

can be considered to be the noise associated with the image. 

Denoising, this is a primary problem of image processing 

aims at calculating original image from its noisy image and 

to keep the fine details, textures and edges. The commonly 

met two types of noises are additive white Gaussian noise 

(AWGN) along with impulse noise (IN). Additive Gaussian 

noise is produced during image acquisition, caused by 

thermal motion of electrons in circuits and camera sensors 

and it is described by addition of each image pixel with a 

value taken by zero-mean Gaussian distribution. Because of 

transmission discrepancy, bit errors transmission, camera 

sensors faulty pixels and faults in hardware memory 

locations impulse noise is created. Due to the multiple 

sources of noise the mixture of AWGN and IN is 

confronted. The noise model distributed over image is an 

strange component and hence removal of several noises 

from image is demanding task and difficult work. Many 

methods have been projected over past decades for the 

removal of mixed noise. In this paper a novel method is 

projected that is weighted encoding with sparse nonlocal 

regularization to detect the multiple noises at the same time. 

The sparsity and self-similarity are put together into the 

regularization term and then weighted encoding technique is 

used. 

II. LITERATURE REVIEW 

The existing approaches for mixed noise removal cover a 

wide variety of strategies, using different detection based 

methods. A new method proposed for mixed noise removal 

which involves weighted encoding with non-local 

regularization model[1]. The image degraded by SPIN 

illustrates bright pixels in dark regions and dark pixels in 

bright regions. To remove IN nonlinear filters for example 

median filters have been mainly used. Median filters have 

one drawback that is the image local structures can be 

damaged and this formulates the denoised images look not 

natural. When IN density is high, this trouble becomes 

serious[1]. Some paper proposes median filters 

enhancements for better maintaining the image local 

structures. Among them, the filters are matter to over-

smooth the fine scale image facts[2]. By training a 

significantly over-complete dictionary, projected sparse 

redundant illustration and K-SVD founded denoising 

algorithm [4]. R. Li and Y. J . Zhang proposed median-

based signal-dependent rank ordered mean SDROM filter, 

used for the IN deduction in addition to mixed noise 

deletion. However, once this method is applied to image 

with mixed noise, pictorially disagreeable objects are 

created[5]. Lei Zhang, Jian Yang proposed weighted 

encoding and sparsity method for the removal of multiple 

noises simultaneously. 

III. PROPOSED METHOD 

The existence of noise is a commonly detected phenomenon 

of the image while transmission and in image acquisition. 

Many techniques are established to restore the image in 

presence of multiple noises source. This section discusses in 

detail about the multiple noise source, the proposed 

denoising model and algorithm. 

A. Mixed Noise 

Let x be represents the image and the pixel x(i,j) have the 

location at (i,j). The noisy observation of x is y. The additive 

white Gaussian noise for every noisy pixel y(i,j) in y is 

modeled as 

y (i,j)= x(i,j) + v(i,j) (1) 

Where v(i,j) is identical and independently 

distributed noise (i.i.d) and follows zero-mean Gaussian 

distribution. Salt-and-pepper impulse noise (SPIN) also 

random-valued impulse noise (RVIN) are the most common 

types of impulse noise. [dmin ,dmax ] is the dynamic range 

of y. 

Two types of noises are considered in this paper, 

AWGN mixed with SPIN and AWGN mixed with RVIN 

and SPIN. 
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For the first case the signal observation model is, 

y(i,j) varies from dmin to dmax with probability of s/2 and 

x(i,j) + v(i,j) with probability of 1-s, where s varies from 

0≤s≤1. 

For the second case, the observation model is, y(i,j) 

varies from dmin to dmax with probability s/2, x(i,j) + v(i,j) 

with probability (1-r)(1-s), where s varies from 0≤s≤1, r 

varies from 0≤ r ≤1 and d(i,j) is uniformly distributed within 

dmin and dmax. The proposed scheme has pre-processing 

step which includes the filtering of input image using a non-

linear filter. The median filter replaces the value of a pixel 

by the median of the intensity values of neighbourhood 

pixels. It effectively reduces impulse noise and also the 

variation in intensity values. 

B. De-noising Model 

Two phase frameworks are followed by many mixed noise 

removal methods. In these methods primarily the impulse 

noise pixels are detected and replaced, and after that to 

restore the image some AWGN removal methods are 

applied. The trilateral filter (TF) incorporates ROAD 

statistics into bilateral filter (BF) to prepare a simple model. 

This does not requires impulse pixel detection also it attains 

better results for combined AWGN and RVIN removal. But 

this TF not gives good results for either SPIN removal or 

mixed AWGN and SPIN removal and this ROAD method 

may produce false values. 

To develop the mixed noise removal method that 

does not carry out the detection of impulse pixels and 

removal of AWGN separately and conducts these tasks in a 

unified framework, in this paper a novel weighted encoding 

model is proposed. That does not have an explicit impulse 

pixel detection step and can process AWGN and IN 

simultaneously. In this proposed model sparsity and non-

local self-similarity priors of natural images are integrated.  

Let         be an image. Following the notation 

from paper [4]              be the stretched vector of an 

image patch of size √  ×√ , where    the matrix operator 

that extracts patch    from � at location i . Based on the 

sparse representation theory {37}, find an over-complete 

dictionary Φ = [  ;  ;….;   ] ∈      to sparsely code   , 

where         is the jth atom of Φ. The representation of    

over dictionary Φ can be written as     , where    is a 

sparse coding vector with only a few non-zero entries. The 

least square solution of x can be obtained as 

(2) 

the expression is rewritten for convenience as 

𝓧 = Φα , 

Where α is the set of all coding vectors   . 
The observation of 𝓧 is noise corrupted in image 

denoising, and that can only encode the noisy observation y 

to obtain the desiredαover the dictionary Φ. In the case of 

AWGN noise the encoding model can be generally written 

as 

      (4) 

     Where R(α) is some regularization term 

imposed on α and λ is the regularization parameter. For 

AWGN  noise model, with certain regularization term, there 

solved coding vector is the maximum a posteriori(MAP) 

solution. The images which are corrupted by mixed noise 

have the distribution of noise generally far from the 

Gaussian. 

The robust estimation technique can be adopted to 

modify the data fidelity term, so that the data fidelity term 

can be Gaussian-like and its distribution can be more 

regular. 

Let e = [  ;   ; . . . ;  ] = y – Φα 

Where    = (y − Φα)(i). Assuming that 

  ,  ,….,  are i.i.d. samples, instead of minimizing e which 

actually assumes that   follows Gaussian distribution, use 

the robust estimation technique to minimize the following 

loss 

      (6) 

In this equation considered above, The function ƒ 

controls the contribution to the whole loss of each residual. 

In general, ƒ should have the following properties: 

nonnegative, monotonic, and symmetric. 

1) ƒ(e) ≥ 0 and ƒ (0) = 0; 

2) ƒ (  ) ≥ ƒ (  ) if |  | ≥ |  |; 

3) ƒ (e) = ƒ(−e) 

When ƒ (  ) =  
 , the model in above Eq. 6reduces 

to the Eq. 4. Assign each residual proper weight to weaken 

the effect of the heavy tail in mixed noise distribution, these 

results in a weighted residual: 

        (7) 

The residuals can be classified into two categories 

in the problem of mixed noise removal categories. The 

residuals obtained at the pixels follow Gaussian distribution 

which are corrupted by AWGN and they can remain 

unchanged. The residuals should be assigned with weights 

close to 1. The residuals obtained at other pixels which were 

corrupted by impulse noise are assigned with smaller 

weights to reduce the heavy tail of the distribution. 

A new loss function can be adopted according to 

the above analysis, 

ƒ(  ) =   
       

 , and as a result we have a new 

model for mixed noise removal: 

(8) 

Where W is a diagonal weight matrix with diagonal 

element    =  . For mixed noise removal, some 

regularization terms R(α) can be used to make the above 

weighted encoding model more effective based on the priors 

of natural images. The two priors widely used here are, local 

sparsity and nonlocal self-similarity (NSS). The local 

sparsity of encoding coefficients α can be characterized by 

theL1-norm of α and the non-local self-similarity is 

characterized by the prediction error of a patch by its similar 

patches. Two priors are integrated into sparse non-local 

regularization term in this project and adopted into the 

equation 8 

Search the similar patches to each patch   , within a 

large window centred at location i. If the Euclidean distance 

between the patches is not greater than a preset threshold, a 

patch   
  is collected as a similar patch to   . To predict    

select the first Lclosest patches to    and use the weighted 

average ofthem. 

  ̂=∑   
    

  
   (8a) 
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The weight   
 
is inversely proportional to 

thedistance between patches  and the following equation, 

(8b) 

Where h is a preset scalar and ω is a normalization 

factor. The coding coefficients    and    must be similar, 

when a patch and its nonlocal prediction are encoded by a 

given dictionary   , i.e.,    =      and   ̂=      . The 

equation can be used as the 

regularization term to regularize the solution of Eq. (8): 

(9) 

Where     (p = 1 or 2) refers to the   -norm. 

The value of p can be determined by checking the 

distribution of   −    . Let 

  =   −    (10) 

Here assume that the elements in   arei.i.d.and 

follow generalized Gaussian distribution (GGD), which is 

defined as: 

f (γ ) = β exp{−(|γ |/σγ )β }/(2σγ Γ (1/β)) (11) 

Where Γ denotes the gamma function, and σγ is a 

scale parameter. The shape of a GGD is determined by the 

value of β in Eq. (11).Setting β = 1 leads to Laplacian 

distribution or β = 2 leads to Gaussian distribution. If we 

consider an example to figure out which setting should be 

used for the distribution f (γ) by running the proposed 

algorithm without the regularization in Eq. 9 on image Nin 

we see that Laplacian distribution fits the histogram of γ 

much better. Hence we can assume that γ follows Laplacian 

distribution and the   -norm regularization on γ could lead to 

a MAP-like estimation. Finally, the proposed model 

becomes 

(12) 

The encoding residual is weighted by data fidelity 

term and the sparsity and NSS priors are integrated by the 

regularization term in this above model. The proposed 

model can be called as weighted encoding with sparse 

nonlocal regularization.  

In this Eq. (12) proposed model, W is a diagonal 

weight matrix and its element     is automatically 

determined and assigned to pixel i. The pixels corrupted by 

impulse noise should have small weights to reduce their 

effect on the encoding of y over Φ. The uncorrupted pixels 

weights should be assigned close to 1. In the proposed 

algorithm, from clean natural images dictionary Φ is pre-

learned, and impulse noise corrupted pixels will have big 

coding residuals. Accordingly, for setting of weight      

thecoding residual   can be used, and    must be inversely 

proportional to the strength of  .Set   ∈ [0, 1] in order to 

make the weighted encoding easy to control and stable. 

Simple and appropriate choice of     can be 

             
  ,            (13) 

In this equation  is a positive constant to control 

the decreasing rate of   with respect to  . With Eq. (13), to 

reduce the effect in the encoding process the impulse noise 

corrupted pixels are assigned with lower weights. This 

weighting scheme will make the corresponding loss function 

f(  ) to meet the requirements all the requirements.  

The proposed model in Eq. (13) becomes an  -

norm sparse coding problem once W is given and it can be 

solved using many existing  –norm minimization 

techniques. In this project, for simplicity it is solved by 

iteratively reweighted scheme. If we consider V as a 

diagonal matrix and it is initialized as an identity matrix, and 

each element of V is updated in the (k + 1)th iteration as 

(14) 

Where ε is a scalar and  
    is the ith element 

ofcoding vector α in the kth iteration. Then update αas 

(15) 

The desiredα can be obtained efficiently by 

iteratively updating V and α. 

IV. EXPERIMENTAL RESULTS 

In the experiments two types of mixed noise can be 

considered: AWGN+SPIN and AWGN+RVIN+SPIN. In 

both the proposed models, PSNR and image perceptual 

quality index FSIM are used to calculate quantitatively the 

denoising results. 

A. Model-1 (AWGN+SPIN) 

In this model of AWGN+SPIN mixed noise, the standard 

deviation of AWGN varies with σ = 10, 20, 25 and SPIN 

ratio varies with s = 30%, 40%, 50%, respectively. Here for 

Lena image one among these Is considered.  

 
(a)                        (b) 

 
(c) 

Fig. 1: (a) Original image lena (b) AWGN+SPIN noise 

corrupted image lena (σ = 20; s = 40%). (c) Denoised image 

lena from WESNR model. 

It is seen from the 1.c restored image that proposed 

method gives visually good image and better performance in 

terms of mixed noise removal. 

B. Model-2 (AWGN+SPIN+RVIN) 

In this model of AWGN+RVIN+SPIN mixed noise, the 

standard deviation of AWGN varies with σ = 5, 10, 15, the 

RVIN ratio varies with r = 0.5%, 5%, 10%, 15% and the 

SPIN ratio varies with SP = 30%, 40%, 50%, respectively. 

Here for House image σ = 10; s = 30%; r =0.5% standard 

deviation is considered.  
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(a)                          (b) 

 
(c) 

Fig. 3: (a) Original image House (b) AWGN+SPIN+RVIN 

noise corrupted image House (σ = 10; s = 30%; r =0.5%). 

(c) Denoised image House from WESNR model.  

Input image Deviation PSNR FSIM 

Lena image 
σ = 20, 

s = 40% 
32.34565686 0.97199100 

House image 

σ = 10, 

s = 30%, 

r =0.5% 

30.77895754 
0.96402899 

 

Table 1: Denoised results of mixed noise removal in terms 

of PSNR (dB) and FSIM (%) 

In the AWGN +SPIN mixed noise removal 

projected method could reliably achieve much higher PSNR 

and FSIM indices with the results presented in ROR-NLM 

and Cai et al.‟s methods. With AWGN+RVIN+SPIN 

removal, this WESNR method also shows good PSNR and 

FSIM. It can be seen that the proposed method consumes 

less time. 

V. CONCLUSION 

In this paper weighted encoding with sparse non-local 

regularization model, a new method for simultaneous 

removal of mixed noise is proposed. To solve the difficulty 

of irregularity and heavy tail of  the spreading of the mixed 

noise, e.g., AWGN and IN this new model is proposed. The 

image patches are encoded over a set of PCA dictionaries 

learned online, and to overwhelm the dense tail of the 

distribution coding residuals are weighted. To resolve is a 

pixel is heavily corrupted by impulse noise weights were 

modernized suitably. In the meantime, image previous 

sparsity and prior nonlocal self-similarity were united into a 

particular non-local sparse regularization term to increase 

the strength of weighted encoding. The consequences 

obviously demonstrated that WESNR overtakes much other 

state-of-the-art mixed noise removal methods and also 

provides a worthy photographical images and on less 

calculation difficulty.  
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