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Abstract—Sparse representation is one of the powerful statistical image modeling techniques. Of late, sparse modeling 
techniques have been widely used in the area of image restoration. The basic concept behind the idea is that natural images 
are sparse in some of the domain. The quality of the recovered image using sparse modeling techniques greatly depends on 
the sparsity of the domain. In this paper we propose an algorithm which adaptively chooses a sub-dictionary to represent 
each patch within an image, such that the entire image will have a better sparsified representation. In addition, we introduce 
an adaptive regularization term called smoothing regularization parameter. The smoothing regularization parameter adds an 
extra constraint into the l2-minimization problem. The proposed algorithm gives much improved results than most of the 
state of the art algorithms in terms of PSNR and sharpness. 
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I. INTRODUCTION 
 
Image restoration is a process which is meant for 
compensating the defects that cause the image to get 
degraded. Image restoration process thus estimates 
the original image from the corrupted image. Noise 
can also appear within the image. A degraded image 
can be thus modelled as [4]: 
y = WHx + n  (1) 
Where x is the clear image to be recovered, y is the 
degraded output, n is the additive noise. Our aim is to 
find an estimate of x, which is given by x ̂such that x̂ 
≈ x. (See Figure1). 

 
Figure 1: Model of image degradation/restoration process 

 
H and W are the degrading operators. H is the 
blurring operator and W is the down sampling 
operator. When H and W operators are identity, then 
our problem becomes denoising. If only W is 
identity, then our problem becomes deblurring, which 
is our area of interest within this project. 
Image Restoration is a typical ill posed inverse 
problem. It is because finding the matrix H is not a 
straight forward method in most of the cases. 
Mathematically speaking, if most of the Eigen values 
of the H matrix are almost nearer to zero, then this 
will make the matrix inversion very unstable. 
 Regularisation is one of the methods adopted 
for solving the ill posed inverse problem. Apart from 
minimising the error between the target value and the 
estimated value, we add a regularisation term too. 
This term, called as the prior captures the properties 
of the desired solution. The selection of a good prior 
is an important step in solving the restoration 
problem. In our project we use the sparsity prior 
along with Auto Regressive model. With the sparsity 

prior, we represent the original image x over the 
dictionary D such that    x ≈ Dα. x can be found out 
from the degraded observation y by solving the 
minimisation problem given below: 

2 1 0min{|| || || || } y Hx            (2) 
In equation (2) the first term is known as the relation 
to measurements / likelihood and the other term 
enforces the “prior knowledge” to the solution. The 
parameter λ is known as the regularisation parameter 
and it controls the closeness to the data versus the 
prior knowledge. In most of the practical cases the H 
matrix will be unknown. The l0 minimization is non-
convex, hence is an NP-hard problem. Such problems 
are usually solved by greedy algorithms [2]. 
 
One of the critical issues is the determination of the 
dictionary D. Dictionary can be either taken off-shelf 
or can be trained from a set of image data. The 
disadvantage with the first approach is that, it lacks 
adaptivity to local image structures, but 
implementation wise it is faster. In our project, we 
use well trained sub-dictionaries from a set of high 
quality image patches and use Adaptive Sparse 
Domain Selection (ASDS) scheme for representing a 
given patch. To improve the representation we use a 
sparsity regularisation term. Here, instead of using a 
universal dictionary to sparse code the whole image, 
we select a sub-dictionary adaptively for each local 
image patch. That is, each local patch is now 
represented using the best selected sub-dictionary 
from a set of sub-dictionaries. The adaptively selected 
sub-dictionaries represent each local image patch 
more accurately than the universal dictionary. 
 
II. IMAGE RESTORATION (IR) 
 
Images are meant for storing or displaying 
information. But sometimes these images are not 
always recorded or captured properly. This may cause 
the output image obtained to be the corrupted form of 
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original sharp input image. Image restoration 
techniques usually perform the inverse of the 
degrading process. With sparsity prior, representation 
of the image x using dictionary Dand the sparse 
vectorαis obtained by solving the l0minimization 
problem [1]. 

 
2
2 1 0arg min{|| || || || }  


 y HDα  (3) 

 
Using sparse representation we are representing the 
image x by the linear combination of atoms by 
estimating the sparse vector α. In above equation l0 
normcounts the number of non-zero coefficients 
within the sparse vector.Using l0 norm for solving the 
equation will make the problem NP hard which is 
computationally difficult by making the solution non-
convex. To make the problem convex l1 minimization 
is widely employed [3]: 

 
2
2 1 1arg min{|| || || || }  


 y HDα  (4)      

 
III. ADAPTIVE SPARSE DOMAIN 

SELECTION 
 

In this paper, we propose an algorithm 
which adaptively assigns a sub dictionary to each 
local patch in an image. This sub dictionary is 
selected from a set of sub dictionaries which are 
trained from high quality image patches. Let D = {d1, 
d2,d3,… dK} be a set of orthogonal sub-dictionaries, x 
be an image, and xi = Eixi be the ith patch in the 
image. Ei is the vector which extracts ith patch from 
the image.If dkis the dictionary selected for 
representing xi, then xi can be approximated as x̂i = 
dkiαi such that ||αi||1 ≤ L. The whole image is 
reconstructed by averaging all image patches, which 
is mathematically written as [5, 7]. 
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For the ease of expression, a new operator  is 
defined: 
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(6) 
So the l1 minimization problem given in eq (4) can be 
rewritten as  

2
2 1 1arg min{|| || || || }  


 y HD α   (7) 

A. Adaptively Choosing Sub-dictionary  
 The image is divided into patches each of √n 
x √n size, which is then high pass filtered. These high 
pass filtered patches are then clustered to form k 
similar clusters each having centroids µk. To choose 
the best suited sub-dictionary for a given cluster, we 

try to find the distance between the cluster centroid 
and centroid of each sub-dictionary. Let us denote 
centroids of sub-dictionaries as C={c1,c2,…cM}. We 
compute the Eigen vectors of the co-variance matrix 
of C to find the PCA transformation of C[8]. The 
distance between the cluster centroid and each cm is 
then computed in the sub-space spanned by first few 
Eigen vectors of C. Assume dr be the sub-space 
spanned by first r significant Eigen vectors of C. The 
distance between cluster centroid and ck is 
mathematically represented as [1], 
 

2|| ||k r k r kl  d d c  (8) 
 
 The sub-dictionary which minimizes the dk 
is selected to sparse code the given cluster. 
 
IV. SMOOTHNESS REGULARIZATION 

PARAMETER 
 
In order to better reconstruct the edges, a smoothness 
constraint and regularization parameter [6] is added 
to (4). The regularization problem can now be 
mathematically modeled as  
 

2 2
2 1 1 2argmin{|| || || || || || }    


 y HD α C
(9) 
 
Where, ||C||2 is the smoothness constraint and λ2 is the 
weight associated with the smoothness constrained. 
By adding this smoothness regularization parameter, 
reblurring of image edges during the reconstruction 
process can be prevented. In addition, it does not 
suppress high frequency edges near to smooth area 
inside the image.  
 
V. RESULTS 
 
A.Deblurred using trained dictionary D1 

 
Fig 2.Deblurred images of ‘gems’ using dictionary 
D1. Top row: original image, uniformly blurred 
(PSNR=26.490), reconstructed image at 200 
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iterations (PSNR= 33.980), Bottom row: 
Reconstructed image at 400 iterations (PSNR= 
34.680), reconstructed image at 600 iterations 
(PSNR= 34.854), reconstructed image at 800 
iterations (PSNR= 35.751). SSIM = 0.966. 
 

 
 
Fig 3.Deblurred images of ‘girl’ using dictionary 
D1.Top row: Original image, uniformly blurred 
(PSNR=27.018), reconstructed image at 200 
iterations (PSNR= 33.189),Bottom row 
:Reconstructed image at 400 iterations (PSNR= 
33.510), reconstructed image at 600 iterations 
(PSNR= 33.575), reconstructed image at 800 
iterations (PSNR= 34.003). SSIM = 0.897. 
 

 
 
Fig 4.Deblurred images of ‘tree’ using dictionary 
D1.Top row:Original image, uniformly blurred 
(PSNR=20.963), reconstructed image at 200 
iterations (PSNR= 28.440), Bottom row: 
Reconstructed image at 400 iterations (PSNR= 

28.950), reconstructed image at 600 iterations 
(PSNR= 29.070), reconstructed image at 800 
iterations (PSNR= 29.245). SSIM = 0.853. 
B. Deblurred using trained dictionary D2 

 
Fig 5.Deblurred images of ‘gems’ using dictionary 
D2.Top row: Original image, uniformly blurred 
(PSNR=26.490), reconstructed image at 200 
iterations (PSNR= 33.976), Bottom row: 
Reconstructed image at 400 iterations (PSNR= 
34.646), reconstructed image at 600 iterations 
(PSNR= 34.816), reconstructed image at 800 
iterations (PSNR= 35.674). SSIM = 0.965. 
 

 
 
Fig 6.Deblurred images of ‘girl’ using dictionary 
D2.Top row: Original image, uniformly blurred 
(PSNR=26.490), reconstructed image at 200 
iterations (PSNR= 33.211), Bottom row: 
Reconstructed image at 400 iterations (PSNR= 
33.534), reconstructed image at 600 iterations 
(PSNR= 33.600), reconstructed image at 800 
iterations (PSNR= 34.009). SSIM = 0.896. 
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Fig 7.Deblurred images of ‘tree’ using dictionary D2. 
From left, original image, uniformly blurred 
(PSNR=26.490), reconstructed image at 200 
iterations (PSNR= 28.431), Bottom row: 
Reconstructed image at 400 iterations (PSNR= 
28.928), reconstructed image at 600 iterations 
(PSNR= 29.046), reconstructed image at 800 
iterations (PSNR= 29.227). SSIM = 0.852. 
 

Table 1: PSNR AND SSIM OF BEST 
RECONSTRUCTED IMAGES USING TRAINED 

DICTIONARIES D1 AND D2 

 

CONCLUSION 
 
In this paper, we proposed a method to deblur the 
digital image which combines adaptive sparse domain 
selection (ASDS) with a smoothness regularization 
parameter. The basic fact is that the natural images 
are sparse in some of the domains and an optimal 
sparse domain of such image can vary across 
different images as well as within the same image. 
Hence by adaptively choosing dictionaries from pre-
trained dictionaries for different patches we are able 
to sparse code the image more effectively. In 
addition, the smoothness regularization parameter 
prevents the high frequency edges from reblurring 
during the restoration process. The experimental 
results on various images revealed that the proposed 
algorithm fares better than many of the restoration 
algorithms. 
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