
 
 

 

  
Abstract—In this paper, we propose a learning based 

technique for imagedeblurring using artificial neural 
networks. We model the original image as Markov 
Random field and the blurred image as degraded version 
of the original MRF. We do not make any prior 
assumptions for the blur kernel and develop the 
proposed algorithm by taking into account the space 
varying nature of the blur kernel. We re-formulate the 
image deblurring problem problem in terms of learning 
the mapping between original-MRF (original image) and 
degraded-MRF (blurred image), which is generally non-
linear. Instead of learning parameters of proposed MRF, 
a simple three layer neural network with 
backpropagation algorithm is used to learn the desired 
nonlinear mapping. Results of the experimentation on 
real data are presented. 

Index Terms—Image Restoration, Image Deblurring, 
Markov Random Field, Neural Networks 

 

I. INTRODUCTION 
Image Restoration refers to the construction of the 

original image given its degraded version, when the 
phenomenon responsible for the degradation is known. The 
techniques in image restoration mostly deal with the 
modeling of the degradation process and then applying the 
inverse processes to recover the original image [1]. In this 
paper, we are dealing with a particular type of image 
degradation known as image blurring. Blurring usually 
makes an image unfocused as it has adverse effect on the 
high frequency components present in the image. Blurring 
may be caused by an optical system (e.g, out of focus, 
diffraction limit, aberration, etc.), relative motion between 
the image and the original scene (motion blur) and the point 
spread function (PSF) of the LR sensor [2]. In order to 
deblur a degraded image, its important to know the 
characteristics of the blurring process. This is rather a 
difficult task and in most of the image processing algorithms 
characteristics of the blur are assumed to be known and an 
approximation to blur kernel is often made. 

In literature, various image deblurring algorithm such as, 
Wiener Filtering [3], Regularized Filtering [2], and the 
Iterative Lucy-Richardson Algorithm [4], etc have appeared 
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in the recent times. However, all these methods require prior 
information about blur kernel, which is difficult to obtain. 
So, the performance of these algorithms depends on the 
choice of blur kernel (often assumed by algorithm designer) 
and hence the results are not satisfactory. When there is little 
knowledge regarding the noise and blur the iterative Lucy-
Richardson Algorithm gives better results than wiener 
filtering and regularized filtering approach. However, in all 
these approaches blurring process is assumed to be linear 
and space invariant. Some methods, such as [5] have been 
proposed for image deblurring by taking into account the 
space variant nature of the blur process, but, these have their 
own limitations such as computational complexity, 
convergence issues etc. In this paper, we are proposing a 
method for image deblurring using neural networks. Our 
method assumes no prior knowledge of the blur kernel; 
instead, we estimate the blurring process during learning 
phase of neural network. We present the experimental results 
in comparison to state-of-the art image deblurring 
algorithms.  

The main contributions of our paper are as follows: 
1. Proposing a Markov Random Field Model for learning 

based image debluring. 
 2. Using this model to estimate a relationship between 

degraded pixels in blurred image and corresponding pixels 
in original image through artificial neural networks. 

3. Demonstrating the efficacy of this setup on a diverse set 
of images, and in comparison to state of the art techniques. 

We propose the model for image debluring, the 
motivation behind it, and the properties of the model in 
Section 2. We present the proposed learning based image 
debluring setup in Section 3. We demonstrate basic image 
delurring results by using a Neural Network within the 
proposed setup in Section 4. 

II. BLUR MODELLING 
In this section we shall establish a statistical model for 

capturing the relation between original image and 
corresponding blurred image. If we have an original image I 
and a blur kernel H (unknown), the blurring process can be 
represented in terms of convolution of I with H (Equation 
(1)). 

J = I*H + n         (1) 
In above equation J is the blurred image and n is the noise 

added during blurring process. The blur kernel H may be 
space variant and we have made no assumptions about the 
same in our model. Now, we shall model the statistical 
correspondence among the patches of blurred and original 
image using Markov Random Fields. It has been established 
that local changes are made in an image based upon the 
current value of pixel and its immediate neighborhood. This 
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change is random and Markov Random Field (MRF) 
provides a convenient and consistent way to model this 
context dependent local relationship among pixels. This is 
achieved through characterizing mutual influence among 
pixel intensities us-ing conditional probabilities for a given 
neighborhood. For image debluring, pairwise MRF can be 
used to model local pixel relationships in both original and 
blurred images, where the variables correspond to pixel 
intensities and edges correspond to the interactions among 
neighboring pixel values. Let us consider, a 3×3 
neighborhood of a pixel at location (i, j) in given patch of 
original image. Pairwise MRF model for this patch can be 
visualized as shown in Fig. 1. 

 
Fig. 1. Markov Random Field relationship between a pixel at location i, j 
with its neighborhood 
 

Mathematically, let Z be a random field over given N×N 
original patch. From the Hammersly-Clifford theorem, we 
have P(Z=z)=(1/Zp) e-U(z, θ), where z is a realization of Z; 
Zp is the partition function given by  ∑z  e-U(z, θ); θ is the 
parameter that defines MRF model (factors for interaction 
among pixels) and U(z; θ) is the energy function given by 
∑cєCVc(z; θ). Where, Vc(Z; θ) is the potential function 
associated with a clique c, and C is a set of all the cliques. 
For a 3×3 neighborhood of a pixel in original image at 
location i,j (Fig. 1.), Gibbs energy function can be given as 
follows: 

 
U (z, θ) = ∑∑α[(zi,j - zi,j+1)2+ zi,j - zi,j-1)2]  
+ β[(zi,j - zi-1,j)2 +  (zi,j  - zi+1,j)2]  
+ γ[(zi,j - zi-1,j+1)2 + (zi,j - zi+1,j-1)2] 
            + δ[(zi,j - zi-1,j-1)2 +  (zi,j  - zi+1,j+1)2]                    (2) 
 
In equation 2, the parameter set, θ, consists of unknown 

parameters α; β; γ; and δ, i.e. θ = [α; β; γ; δ]. Parameter set 
θ, can be estimated by learning MRF model, depending on 
the choice of clique potentials. Further, if we consider clique 
potentials as a function of a finite difference approximation 
of the first order derivative at each pixel location [5], [6], 
then the learnt MRF parameters shall specify the weightage 
for the regularity of desired deblurred patch. 

Blurred patch corresponding to given original patch can 
also be modeled using MRF of equation (2), but with 
different parameter set as for the blurred image we have a 
degraded MRF. Further, the parameter set of degraded MRF 

is not constant as the blur kernel may be space variant. This 
leads to a complex formulation for Gibbs energy function 
where parameter set is dependent on location of the 
degraded pixel. For 3×3 neighborhood of blurred pixel at 
location (i; j) Gibbs energy function can be represented as 
shown in equation (3). 

 
U (z, θ) = ∑∑αi,j[(zi,j - zi,j+1)2+ zi,j - zi,j-1)2]  
+ βi,j[(zi,j - zi-1,j)2 +  (zi,j  - zi+1,j)2]  
+ γi,j[(zi,j - zi-1,j+1)2 + (zi,j - zi+1,j-1)2] 
            + δi,j[(zi,j - zi-1,j-1)2 +  (zi,j  - zi+1,j+1)2]                    (3) 
 
In order to deblur the blurred image, we need to establish 

a functional mapping between the degraded MRF (blurred 
image) and corresponding MRF of original image. One 
approach could be of learning the MRF parameter for 
original image and apply the same model to the blurred 
image. However, this approach is not so efficient for our 
space variant blur model. Hence, we resort to an alternate 
solution and we propose that desired mapping between 
blurred image and corresponding original image can be 
learnt via neural networks. 

III. PROPOSED ALGORITHM 
In order to develop the proposed algorithm, we need to 

have a blurred image and corresponding original image 
(ground truth). Our problem is to establish the functional 
mapping between original MRF and degraded MRF, which 
is generally non-linear. In order to do so, we need to pick a 
3×3 patch form blurred image and the center pixel of the 
corresponding patch form the original image. We can learn 
the desired mapping by giving blurred patch as input to the 
neural network and the center pixel of the original patch as 
the output. Training samples can be generated by shifting the 
center pixel of 3×3 patch by one pixel in either direction for 
both the blurred patch (training input) and the original patch 
(target output). We capture the desired mapping by using a 
small number of sigmoid basis functions (hidden nodes of a 
neural network). We conjecture that learnt mapping captures 
the orientation and distance from the center of an edge 
passing through the original patch (neglecting the trivial case 
of a homogenous patch). Thus, the function will be able to 
sharply reconstruct the edge in the deblurred patch. 
Proposed algorithm is also explained in Fig. 2. and an 
illustration is given in Fig. 3. 

 
Fig. 2. Proposed learning based image deblurring set up shown here for 
blurred and original patches of size 3×3. 
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IV. EXPERIMENTAL RESULTS 
We performed experiments on various sets of images 

representing natural scenarios but having different amount of 
details (high frequency components). The test data used for 
testing our debluring algorithm is shown in Fig. 4. In this 
section, we present some of the results of experiments to 
demonstrate the efficacy of proposed algorithm. We ran our 
experiments on three layer neural network using 
backpropagation algorithm for weight adaptation. We used 
lena image of size 512×512 pixels blurred with a spatially 
varying blur kernel in which the top left portion is blurred 
with an averaging kernel and the top right, bottom right and 
bottom left portions have been blurred with Gaussian Blur 
Kernels of variances 10, 18 and 20 respectively. We also 
used images of size 128×128 pixels blurred totally with 
gaussian blur kernel of variance 10. 

Neural Network used for our experimentation had one 
output node with linear activation function, 12 hidden nodes 
with sigmoid activation functions and the number of input 
nodes depended on the size of neighborhood used. We 
performed experiments by picking 3×3 patches, hence, for 
our case there were 9 input nodes. The results of our 
experiments on Lena image blurred with spatially varying 
Blur Kernel are shown in Fig. 5. 

As the chosen state of the art algorithms do not deal with 
spatially variant blur the results could not be compared. So, 
Images in Figs. 6,7,8,9 have been blurred with spatially 
invariant Blur kernels and the results from our algorithm 
have been compared with the state of the art algorithms. It 
has been observed that results of Iterative Lucy-Richardson 
Algorithm (ILRA) are superior to regularized filtering and 
wiener filtering, hence, the results for test images are 
presented only in comparison to ILRA.  

From the results it can be concluded that the proposed 
algorithm has better image deblurring capability than the 
chosen state-of-the art techniques.  

 

 
Fig. 3. Illustration of Proposed learning based image deblurringset up. 

 
 

Fig. 4. Test Data for Experimentation 
 

 
Fig. 5. Results of Spatially-Varying Blurred Lena image. 
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Fig. 6. Results of Mandril image 
. 

 
Fig. 7. Results of Vegetables image. 
 

V. CONCLUSION 
In this paper, we modeled the dependency of pixel 

intensity on the neighborhood pixels, at a particular location 
in original image as Markov Random Field. We proposed 
that the dependency of the pixel intensity on its 
neighborhood exists even for blurred image, however, the 
degree and nature of dependency in blurred image is decided 
by the characteristics of blur kernel. In order to deblur the 
given image, we proposed that the mapping between original 
MRF and degraded (blurred) MRF can be learnt by using 
simple three layer neural network with backpropagation 
algorithm. By using neural network approach we by-passed 
the computationally tedious task of MRF parameter learning. 
Our results, compared favorably to the stat-of-the art image 
deblurring techniques. 

 
Fig. 8. Results of Aeroplane image 
 

 
Fig. 9. Results of Ship image. 
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