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Abstract— Image restoration aims to restore an image from a 

degraded image. The degradation may occur during image 

acquisition or image transmission. Image degradation lowers the 

quality of the image. In this paper additive Gaussian noise is 

considered for degrading the original image. For restoring the 

image from degraded image the proposed method used both local 

and non-local similarity patterns. The restoration problem is 

modeled with regression model. Two regularization terms are 

considered for representing prior image information. One 

regularization term is for local patterns and other is for non-local 

similarity patterns. The additive local regularization term is used 

to restore the edges. The non-local regularization term works best 

for local smoothness and edge information will be lost. The 

proposed algorithm took a clean image of size 256x256 and added 

with Gaussian noise with different levels of noise levels. A 

self-adaptive dictionary is trained for a particular window of 

image with local and non-local patterns and stacked to three 

dimensional matrix. The patch size considered for training the 

dictionary is 10x10. For restoring each patch it searches best 

atoms form the trained dictionary. The efficiency of the algorithm 

is estimated by parameters mean square error, root mean square 

error, PSNR and FSIM. The algorithm is also tested for different 

images like cameraman, house, Barbara, Lena and parrot.  The 

proposed algorithm is tested with conventional algorithms. . 

 

Index Terms—Image restoration, Sparse representation, 

Gaussian noise, Dictionary learning, self-similarity.  

I. INTRODUCTION 

In Image processing the noise present in the image is one 

of the predominant factor causing low quality of the image. 

The noise introduced during image capture has to eliminate 

for further processing of the image in later stages. The 

process of removal of noise from the image to reconstruct the 

image like original image is called image restoration. The 

lesser the difference between original image and 

reconstructed image, the more removal of noise. The 

efficiency of the algorithm depends on less displacement 

between reconstructed image and original image.  

Let the original image is x, and y is the degraded image, 

represented as  

                                             (1) 

Where η is the noise added to the transformed image. The 

noise can be additive or multiplicative, is always unknown 

quantity. The H is degradation function. The function H 

defines the functionality like image restoration, image  
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deblurring or compressive sensing. If H is a diagonal matrix 

with elements as either 0 or 1 in diagonal then the equ (1) is 

image restoration. As η is unknown the error is given by  

                                                                        (2) 

The (2) won’t give exact difference between original 

image and reconstructed image as noise is unknown. To 

overcome this ill-posed image restoration, image prior 

information is needed and added for regularizing and the 

solution for (1) is minimizing problem given by 

                      
 

 
           

                     (3) 

arg min argument is    norm of mean square error and 

    is regularization term specifies image prior information 

and  

       is Lagrange multiplier called regularization parameter. 

There are many optimization algorithms proposed for above 

problem (3) like total variation [1-2], Group based Sparse 

representation [3] etc. Sparsity property of natural image 

used for regularization in image denoising. In this method 

each patch is reconstructed by dictionary, trained from 

natural images.  

The efficiency of image restoration depends on the 

dictionary and patch. Non local means NLM [4] used mainly 

nonlocal regularization term uses non local self-similarity in 

the images. GSR groups the patches to restore the image [5, 

6]. In this paper for regularization term used both local and 

non-local similarity pattern in patches to learn dictionary.  

II. CONVENTIONAL METHODS  

In image restoration using constrained optimization in 

conventional methods constraints are applied using Lagrange 

multiplier and solution are obtained by gradient methods [7, 

8]. In these methods with assumption that the images are 

locally smooth except at edges of the image. The design of 

regularization term gives the effectiveness of restoration 

problem. The dictionary set consists of patches of each 

pattern in one column. If the dictionaries trained well then the 

restoration problem performance is increased as dictionary 

learning is employed to images. K-SVD method [9] 

optimizes sparse approximation in the learned dictionary. 

This method gives how to train the dictionary by using non 

local similarity in the image for a given patch. 

In an image the repetition of the pattern exists example like 

the most of the background pattern, textures and structures 

are spread in most regions. The non-local similarity method 

is designed by assumption that the pattern of the image may 

be repeated. For a pattern in a patch may be present in same  
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type structure in window or any non-local patches. The 

sparsity enhancement done by BM3D [10] techniques, the 

patches are stacked into 3D instead of 2D. The non-local 

regularization is effective compared to local regularization 

method [11]. In non-locally centralized sparse representation 

(NCSR) [12]. 

III. SELF-SIMILARITY SPARSE 

REPRESENTATION  

In this paper sparse representation of natural images 

modeled by using both self-similarities between local patches 

and non-local patches. In non-local self-similarity the edges 

information are losing. For restoring the edge information 

local similarity are added while learning the dictionary. The 

method consists of patch creation, sparse representation, 

learning dictionary. 

As in (3), the regularization term is composed of two 

properties local regularization term      and non-local 

regularization term    . The Lagrange multiplier for local 

and non-local regularization terms are     . The ill posed 

problem (3) represented with both regularization terms as 

        
 

 
           

                      (4) 

Equ (4) is image restoration problem using both local and 

non-local similarities. Local similarity term gives the 

difference between pixels to pixels. This can be estimated by 

applying gradient to the image which will restore the edge 

information. The gradient is calculated at any location of 

pixel is  

                                         (5) 

Equ (5) is used as local regularization term for local 

similarity to restoring the image. The non-local similarity 

depict the local smoothness in non-local regions. On great 

success of non-local smoothness in BM3D method for image 

restoration applications [13]. This paper also used the 

non-local similarity property for image restoration.  

Consider an image      construct the patches of size 

10x10 non-overlapping. Then search for n best patches 

similar to original image window. The best patches are 

stacked into a dictionary. 

For each patch of image find sparse vector. This sparse 

vector contains few coefficients with non-zero entries. 

Repeat this process for all patches of the image. This process 

inserting into equ (4) as  

        
 

 
            

                        (6) 

The success of image restoration depends on the dictionary 

D. Fetching the sparse coefficients from the dictionary used 

techniques like MOD [14], PCA and SVD [15]. Equ (6) 

contains three constraints namely observation constrain, local 

constrain and non-local constrain. Solving of above equ leads 

to image restoration problem. Solution for (6) can be 

obtained by using Split Bregman Iteration algorithm [16]. 

This SBI converts unconstraint problem into constraint 

minimization problem by Bregman iteration. The SBI 

iteration is given in Table1. 

 

 

 

 

 

Table 1: Split Bregman Iteraion (SBI) 

Step 1: Set i = 0, µ>0, b0 = 0, u0 = 0, v0 = 0 

Step 2:                    
 

 
             

 
  

Step 3:                    
 

 
               

 
  

Step 4:                       
Step 5:        
Step 6: stop if criteria is reached else repeat step 2 

 

The SBI algorithm is used to solve unconstrained problem 

by converting into constrain problem.  

The flow of the algorithm is represented in table 2 

Step1: Read original image and add Gaussian noise 

Step 2: Solve local regularization term for the equation  

         
 

 
        

        

Where      is a local regularization parameter. It is first 

derivative (gradient). 

Step 3: Solve non local regularization term for the equation  

         
 

 
        

         

Where      is a non-local regularization parameter. It is 

sparse approximation.  

Step 4: Check for stopping criteria If stopping criteria is 

reached stop the iterative process else go to step2. 

 

After executing the above algorithm restored image is 

obtained. The efficiency of the algorithm is estimated by the 

parameters MSE, RMSE, PSNR and FSIM.  

The non-local regularization process begins with creating 

patches of size 10x10 then search for best similar patches 

from the dictionary. The best pattern patches are stacked to 

dictionary. Then apply the transform. For sparse 

representation pick non-zero transform coefficients. Then 

reconstruct the image using the sparse coefficients.  

IV. RESULTS 

The performance of the proposed methods are analyzed 

comparing with few existing methods. The proposed method 

is implemented in Matlab2016. The images considered for 

testing of the proposed method are shown in Fig.1. The 

images are added with Gaussian noise. The noise is added 

with different noise levels 0.1, 0 n.2, 0.3, 0.4, and 0.5. The 

performance of the algorithm is estimated by the parameters 

mean square error, root mean square error, PSNR and FSIM. 

The images are considered of size 256x256. The patch size 

considered are 10x10 to creating dictionary. The values of 

Lagrange multiplier considered are 0.0017 and 0.0145. The 

number of iterations are 30. The results are tabulated. 

The MSE parameter gives dissimilarity between restored 

image and original image. The MSE values is error parameter 

between those two images. Table 1 gives the comparison of  

  



International Journal of Recent Technology and Engineering (IJRTE) 

ISSN: 2277-3878, Volume-8, Issue-2S11, September 2019 

1065 

 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  

Retrieval Number: B11800982S1119/2019©BEIESP 

DOI: 10.35940/ijrte.B1180.0982S1119 
 

 

 
Fig 1: Test Images 

 

Table 1: MSE measurement for different Gaussian noise 

levels. 

Noise 

Level 
0.1 0.2 0.3 0.4 0.5 

Camera 

man 
0.088 0.0880 0.0887 0.0893 0.0901 

House 0.1766 0.1779 0.1800 0.183 0.1883 

Lena 0.3609 0.3627 0.3660 0.3705 0.3759 

Barbara 0.1644 0.1646 0.1687 0.1619 0.1657 

Parrot 0.0749 0.0751 0.0754 0.0761 0.0772 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2: RMSE measurement for different Gaussian 

noise levels. 

Noise 

Level 
0.1 0.2 0.3 0.4 0.5 

Camera 

man 
0.938 0.9382 0.942 0.944 0.949 

House 0.4203 0.4218 0.4242 0.4279 0.4339 

Lena 0.6001 0.6022 0.6050 0.6087 0.6131 

Barbara 1.2825 1.2832 1.2840 1.2853 1.2871 

Parrot 0.8658 0.8664 0.8685 0.8722 0.8784 

 

MSE values of different images with various Gaussian 

noise levels. Lesser the MSE the more resembles restored 

image to the original image. Table 2 gives the RMSE value, it 

is square. 

Table 3: PSNR measurement for different Gaussian noise 

levels. 

Noise 

Level 
0.1 0.2 0.3 0.4 0.5 

Camera 

man 
28.68 28.68 28.65 28.62 28.58 

House 35.660 35.628 35.578 35.504 35.382 

Lena 32.557 32.535 32.496 32.442 32.381 

Barbara 25.97 25.96 25.959 25.951 25.939 

Parrot 29.382 29.376 29.355 29.318 29.257 

Table 4: FSIM measurement for different Gaussian noise 

levels. 

Noise 

Level 
0.1 0.2 0.3 0.4 0.5 

Camera 

man 
0.927 0.9268 0.926 0.9255 0.9242 

House 0.9543 0.9542 0.9539 0.9537 0.9532 

Lena 0.9595 0.9592 0.9588 0.9581 0.9571 

Barbara 0.9801 0.9801 0.9800 0.9798 0.9795 

Parrot 0.9446 0.9463 0.9459 0.9450 0.9437 

 

PSNR is Peak signal to noise ratio. It is also dissimilarity 

measurement parameter. The value of PSNR should be more. 

PSNR is inversely proportional to log of MSE 

  



 

Self-Similarity Sparse Representation for Image Restoration 

1066 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  
Retrieval Number: B11800982S1119/2019©BEIESP 
DOI: 10.35940/ijrte.B1180.0982S1119 

 

 

Fig 3: Restored images of Cameraman, House, Lena, Barbara and Parrot which are degraded by Gaussian noise levels 

of 0.1, 0.2, 0.3, 0.4 and 0.5 

 

V. CONCLUSION 

The aim of the image restoration is to remove the noise and 

the efficiency of the image restoration depends on how much 

closer the reconstructed image with the original image. The 

paper proposes self-similarity based sparse representation. 

The proposed algorithm is applied to normal images like 

Cameraman, Lena, House, Barbara and Parrot with added 

Gaussian noise of different noise levels of 0.1, 0.2, 0.3, 0.4 

and 0.5. The dictionary is constructed with patches of size 

10x10. For image restoration both local and non-local 

similarities are used. Local similarity regularization term 

restored the edge information whereas the non-local 

similarity regularization term for restoration smoothness of 

the patch in image window. The performance of the image is 

analyzed by estimating the parameters like MSE, RMSE, 

PSNR and FSIM. The performance of the proposed algorithm 

is compared with the methods like SALSA [15], NCSR [15], 

TVMM [9] for PSNR and FSIM values. The proposed 

algorithm gave better results. In this paper performance of the 

algorithm tested for Gaussian noise future work extend for 

other noises like salt-pepper and speckle noises. 
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