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Abstract:-This paper represent a Blind algorithm that restore the blurred images for single image  and multi-image 

blur de-convolution and multi-image super-resolution on low-resolution images deteriorated by additive white 

Gaussian noise ,the aliasing  and linear space-invariant. Image De-b lurring is a field of Image Processing in which 

recovering an original and sharp image from a corrupted image. Proposed method  is based on alternating 

minimizat ion algorithm  with respect to unidentified blurs and high-resolution image and the Huber-markov random 

field(HMRF) model for its ability to preserve discontinuities of a image and used for  the regularizat ion that exploits 

the piecewise smooth nature of the HR image. SIFT algorithm is used for feature extraction in a image and produce 

matching features based on Euclidean distance of their feature vectors  that help in calculation of PSF. For blur 

estimation, edge-emphasizing smoothing operation is used to improve the quality of blur by enhancing the strong 

soft edges. In filter domain the blur estimat ion process can be done rather than the pixel domain for  better 

performance that means which uses the gradient of HR and LR images for better performance.  

 

 Keywords- Image restoration, SIFT Algorithm, super-resolution, blind estimat ion, blind de-convolution, Huber 
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1. INTRODUCTION 

Image processing is an area in which NASA, mainly  

through work done at JPL, clearly leads the field. 

Capturing the videos and high feature images is very 

critical in many applications such as astronomical 

images, medical images, surveillance, microscopy 

images, remote sensing.Blurring may refer to defocus 

aberration (blurring of an image due to incorrect 

focus), motion b lur (b lurring of an image due to 

movement of the subject or imaging system) and 

bokeh (the appearance of out-of-focus areas in a 

photograph) In digital imaging, blu rring is a 

bandwidth reduction of the image due to imperfect 

image construction process which gives poor image 

quality. Some blurring always present in the 

recording of a d igital image. Along with these 

blurring effects, noise all the time corrupts any 

recorded image. Image de-blurring is an inverse 

problem whose purpose is to get better an image 

suffered from degraded observations. In image de-

blurring, we look for to recover sharp original image 

by using a mathematical model of the blurring 

procedure. The key issue is that some informat ion on 

the vanished details is indeed present in the blurred 

image but this informat ion is “hidden” and can only 

be recovered if we know the details of the blurring 

process. 

Reconstructing process is divided into two categories, 

 
              

Fig. 1 Methods of De-blurring 

 

ISSN:2320-0790 

http://en.wikipedia.org/wiki/Bokeh


COMPUSOFT, An international journal of advanced computer technology, 3 (7), July-2014 (Volume-III, Issue-VII) 

1025 

 

First are non-blind in which the blurring function is 

given and the degradation process is reversed using 

one of the restoration algorithms and second blind 

where blurring operator (PSF) is not known. De-

convolution using blind method is very complex 

process where image recovery is performed with little  

or no prior knowledge of the degrading PSF. The 

PSF represent the impulse response of a point source. 

Blind de-convolution and super resolution are two 

methods are used to increase the apparent resolution 

of the images. Blind de convolution (BD) method is 

used to remove blurring and noise and input and 

output images are of the same size, while the super 

resolution method is used to remove the effect of 

noise and blur. The high resolution images requires 

the bulky optical and high-cost elements whose 

physical sizes defines resolving the power of images 

and the light gathering capability. The computational 

imaging combines the power of the digital processing 

with data offended from optical elements to procreate 

HR images. The effect of b lurring, aliasing, and noise 

may affect the resolution of an image, which is 

defined as the finest detail that can be visually 

resolved in the captured images. In SR technique, the 

size of input image is smaller as compared to the 

output image. Another difference is that blurs 

attenuate or eliminate aliasing in the underlying low-

resolution (LR) images, in a SR problem the blur 

may not be as extensive as in a BD prob lem for both 

SR and BD, and techniques are proposed in the 

literature for reconstruction from a multip le images 

or single image. Multip le LR images is fusing and 

reconstructing one HR image using the Multi-image 

super-resolution method.  

 

1.1 Procedure-  
 

We learned some algorithms and approaches which 

are applied on single image, multichannel image the 

result get from that algorithms is effectiveness and 

robustness in output image. Blur estimat ion 

procedure are based on three things-1.Edges and their 

adjacent regions are more useful in blur evaluation.2.  

Start the blur evaluation with just only some edges 

and progressively allows more and more edges to 

contribute; 3. Blur evaluation is done in the filter 

domain rather than the pixel domain. 

Steps for Blind De-convolution are given below as: 

 

(a)Convolution Operation:-SIFT algorithm is used for 

feature extraction in a image and produce matching 

features based on Euclidean distance of their feature 

vectors that help in calculation of PSF.For 

convolution purpose we added Gaussian blur to an 

original image. 

 

(b)De-Convolution Operat ion:- 

1. In Adaptive BSR method we de-convolute the 

blurred image or the effect of blur and noise from 

images. 

2.The Edge-Emphasizing smoothing operations and 

sharpen technique are used on MISR(SR), SIBD and 

MIBD, is a method which support blur estimat ion 

process to removing the effect of blur and noise from 

blurred image. 

3. Reconstruction of image. 

 

 

 
 

Fig.2 Convolution and De-Convolution 

Process 
 

Image Degradation Model:-  
 

For de-blurring the image, we need a mathemat ical 

description of how it  was blurred. In  shift-invariant 

model, every point in the original image spreads out 

the same way as forming the blu rry image. By  
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adding, degradation function and additive noise in 

original image, blu rred image is formed.  

Image is described as follows.  

 

G (m, n ) = H (m, n)*F (m, n) + N (m, n) 

Where * is 2-D convolution, H (m, n) is the point-

spread function (PSF), F (m ,n) is the original image, 

and N(m, n) is noise 

 
                        Fig. 1 Degradation model 

 

 

Following parameters are used while implementing 

degradation model- 

A. Gaussian filter 

Gaussian filter is used to create blur image with 

Gaussian function .It is the filter where impulse 

response is a Gaussian function. Gaussian functions 

is of the following form- 

G(x, y ) =1/2 πσ2 * e-x2+y2/2σ2  

Where σ variance and x is the distance from the 

Origin in the horizontal axis and y is the distance 

from the origin in the vertical axis respectively. 

Gaussian Filter creates a blur image in short time.  

B. Gaussian noise 

Gaussian noise is statistical noise having 

a probability density function equal to that of 

the normal distribution. Gaussian noise called white 

noise is used with constant Mean and variance. 

C. Blurring Parameter 

PSF, Blur length, Blur angle and type of noise are the 

parameters to create blur image. Point Spread 

Function is a blurring function. When observed point 

intensity of image is spread over several pixels, it is 

called PSF. Image is degraded by the number of 

pixels is called blur length. Also it is the number of 

pixel position is shifted from original position. There 

are different types of noise such as Gaussian noise, 

Salt and pepper noise which are used for blu rring.  

 

 

2. LITERATUREREVIEW  

In [1], they have proposed an algorithm which 

provides automatic way of estimating a defocus blur 

map from a single input image. In previously the 

majority of blind de-convolution algorithms focus on 

estimating shift-invariant point spread-functions 

(PSFs), or shift-vary ing PSFs. PSFs are spatially  

varying so that estimat ing defocus blur is a not easy 

task and cannot be represented by any global 

descriptor.  

In [2], they have proposed a Riemannian framework 

which is used in analyzing signals and images. There 

is a familiar relation between Gaussian blurring and 

the heat equation, we set up an act of the blurring 

group on image space and define an orthogonal 

section which represents and compare images . A 

path-straightening algorithm is used to compare 

images based on geodesic distances. 

In [3], they have proposed a blind de-convolution 

algorithm to restore the blurred images by the help of 

canny edge detector algorithm. In the beginning 

original image is fuzzy using Gaussian filter. Then in 

the edges of the fuzzy image, the ringing effect can 

be detected by using Canny Edge Detection method 

and then ringing effect can be removed before 

restoration process. Blind De-convolution algorithm 

is useful for the fuzzy image to get reconstructed 

image. 

In [4], they have proposed Blind de-convolution, 

which is done simultaneous blur and image 

estimation. It is now well known that if mult iple 

images of the same scene are acquired, this 

multichannel (MC) b lind de-convolution problem is 

better posed and allows blur evaluation 

straightforwardly from the degraded images. We get 

better the MC proposal by adding robustness to noise 

and steadiness. We formulate blind de-convolution as 

a regularized optimization problem and alternately 

optimizing look fo r a solution with respect to the 

image and with respect to blurs. 

In [5], they have proposed an algorithm to solve 

blurred image de-convolution problem using 

Expectation maximizat ion based approach. EM 

algorithm work in wavelet domain. Gaussian Scale 

Mixture is used to model the sparsity property of 

wavelet coefficients. The Maximum a posterior 

(MAP) approximation is computed using Expectation 

maximization, where scale factors of GSM acting the 

role of hidden variables. The predictable hidden 
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scaling variables are then used to de-blur the original 

image. 

 In [6], they have proposed an algorithm for mot ion 

parameters evaluation using a single degraded image. 

For restoration of a motion blurred image to its near 

original form, the motion parameters such as blur 

length and blur angle must be appropriately 

estimated. For motion direction estimation, this 

algorithm is used for direct detection to the DFT 

central spectral line which is very simple. Two 

methods are proposed for motion length estimation, 

one is the exposure of the DFT central spectral line 

width, and another is exposure without rotation of the 

DFT spectrum. 

In [7], they have proposed an algorithm for the 

recovering a super-resolved image from a set of 

warped blurred and decimated versions. They 

proposed a new highly efficient super-resolution 

reconstruction algorithm, which separates the action 

into de-blurring and measurements fusion. The fusion 

part is a very simple non-iterative algorithm used for 

to preserve the optimality of the complete 

reconstruction process. They have presented 

algorithm for super-resolution reconstruction, for the 

special case were the geometric  warp between the 

given images consist of pure translation, the blur is 

the same for. 

In [8], they have proposed a maximum of posteriori 

framework. In many imaging systems, the detector 

array is not acceptably dense to adequately sample 

the scene with the preferred field of view. For jointly  

estimating image registration parameters and the 

high-resolution image a maximum a posteriori 

(MAP) framework is presented. Several earlier 

approaches have based on knowing a priori 

registration parameters. These approaches have not 

utilized to specifically design to treat severely aliased 

images. The registration parameters  are iteratively  

modernized along with the high-resolution image in a 

cyclic coordinate-descent optimization procedure.  

In [9], they proposed a new method based on 

adaptive filtering theory for super-resolution of 

continuous image sequences . The adaptation enables 

the treatment of linear space and time-variant 

blurring and arbitrary motion. Both of them 

understood known. The proposed new approach is 

shown to be of relatively low computational 

requirements.  

In [10], they proposed a new method for combined 

blur de-convolution and edge-directed interpolator. 

The proposed blur estimat ion process is supported by 

an edge-emphasizing smoothing operation, which 

improves the feature of blur approximation by 

enhancing strong soft edges, at the same time as 

filtering out weak structures. The proposed method 

can provide somewhere to stay an arbitrary scaling 

factor which provides state-of-the-art results as well 

as other quantitative visual quality metrics, and has 

the benefit of condensed computational complexity  

that is directly proportional to the number of pixels.  

In [11], they are proposed multichannel blind 

restoration techniques for perfect spatial alignment of 

channels and correct evaluation of blur size. An 

alternating min imization scheme based on a 

maximum posteriori estimat ion with a priori 

distribution of blurs  and a priori distribution of 

original images. This approach enables us to recover 

the blurs and the original image from channels 

rigorously corrupted by noise. Observation shows 

that the exact knowledge of the blur size is not 

compulsory, and we prove that translation miss-

registration up to a certain extent can be 

automatically removed in the restoration process. 

 

In [12], they proposed a total variation (TV) based 

blind de-convolution algorithm and variat ion 

framework is used for parameter estimation. Within a 

hierarchical Bayesian formulation, the reconstruction 

of image, the blur and the unknown hyper parameters 

for the image is estimated simultaneously and the 

image degradation by noise is also estimated. We 

develop two algorithms, which provide 

approximations to the posterior distributions of the 

hidden variables. Different values can be calculated 

from these distributions and estimation of the hidden 

variables and the ambiguity of these estimates can be 

measured. Experimental result improves the 

performance of the algorithms. 

 

In [13], they proposed an algorithm for recovering 

the high-resolution image. Based on maximum a 

posteriori-Markov random field (MAPMRF) based 

algorithm for high-resolution image is modeled as 

MRF and estimat ion of image is done using a 

deterministic algorithm called iterated conditional 

modes (1CM) which maximizes the local restricted 

probabilit ies consecutively. They show that modeling 

by MRF lends robustness to errors in evaluation of 

motion and blur parameters. For preserve edges 

property an adaptive prior image model is used. In 

the presence of warping, blurring (space-variant) and 

down-sampling operations we derive the exact 

posterior neighborhood structure. The locality of the 

posterior distribution is vital for computational 

efficiency. 

In [14], they proposed an effective L0-regularized 

prior method for text image de-blurring.L0- 

regularized prior based on intensity and gradient. 

They develop an optimizat ion method for reliable 

kernel estimation. Th is method is provoked by 

discrete properties of text images . It does not require 
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any difficult filtering strategies to select salient 

edges. We talk about the connection with other de-

blurring algorithms based on edge selection and 

provide a more honorable way to select salient edges. 

Finally we developed a simple method to remove 

artifacts such as aliasing, noise, and blurring and 

render better de-blurred images. 

 

In [15], they planned an algorithm for a robustly ill-

posed problem which comprises simultaneous blur 

and image estimat ion. It is well-known that if 

multip le images of the same scene are captured, then 

multichannel blind de-convolution crisis  is better 

posed. This algorithm directly estimate blur from 

degraded images. We obtain better idea for 

multichannel by adding robustness to noise and 

steadiness for large blurs. In that case if the blur size 

is vastly overestimated. We prepare blind de-

convolution as a `1-regularized optimization problem 

and alternately optimizing is used to search for a 

solution with respect to the image and with respect to 

blurs. Each optimization step is transformed to a 

constrained problem by variable splitting and then 

Lagrangian method work in the Fourier domain  

which permits simple and fast implementation.  

 

In [16], they have proposed an algorithm for shift-

invariant blur is modeled by convolution and leads to 

fast FFT-based algorithms. Shift in-variant blurring 

requires equally precise and fast models. When the 

point spread function (PSF) is an impulse response 

that varies smoothly. These two contradictory 

objectives are reached by interpolation of a PSF 

samples grid. There are several models exist in the 

literature for smoothly varying PSF. We advocate 

that one of them model is both physically grounded 

and fast. With respect to a given continuous model, 

we give you an idea about that the approximat ion can 

be largely improved by tuning the PSF samples and 

interpolation weights. 

In [17], they developed a blind de-blurring approach 

to enhance image resolution without complete 

knowledge of the original point spread function 

(PSF). Approximation of an  oblique CT image can be 

done as the convolution of an isotropic Gaussian PSF 

and the actual cross section. Basically,  in a b lind de-

convolution the parameter of the PSF is often 

unavailable. Thus, estimation of the parameter for the 

underlying PSF is significantly essential for blind 

image de-blurring. Based on the iterative de-blurring 

theory, we prepare an edge-to-noise ratio (ENR) to 

characterize the image quality change due to de-

blurring. Our blind de-blurring algorithm estimates 

the parameter of the PSF by maximizing the ENR, 

and de-blurs images. 

  3. FUTURE WORK  

We learned some algorithms and approaches which 

are applied on single image, multichannel image the 

result get from that algorithms is effectiveness and 

robustness in output image. Blur estimat ion 

procedure are based edges and their adjacent regions 

are more useful in b lur evaluation and it is perfect to 

start the blur evaluation with just only some edges 

and increasingly allow more and more edges to 

contribute in the procedure. The proposed blur 

estimation procedure pre-processes the estimated HR 

image. On high resolution image we  applying an 

edge emphasizing smoothing operation which 

enhances the soft edges while smoothing out weak 

structures of the image and SIFT algorithm is used 

for feature ext raction in a image and produce 

matching features based on Euclidean distance of 

their feature vectors that help in calculation of PSF. 

SIFT algorithm is help for calcu lation of PSF. Here 

allows us to separate the registration and up-sampling 

processes from the reconstruction procedure. The 

parameters are altered so that more and more salient 

edges are contributed in the blur estimation at every 

iteration. Th is procedure is used to help in removing 

artifacts in a image and produce the High Resolution 

image in a optimize way. 
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