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Abstract: Restoring a comprehensible image from a single motion-blurred image appropriate to camera shake has 
extended one challenging difficulty in digital imaging. Existing blind de-blurring techniques also only can eliminate 
simple motion blurring, or need user interactions to effort on more complex cases. In this proposed a few common 
types of convolution that cause previous methods to fail, such as pixel diffusion and non-Gaussian noise. We 
propose a new novel blur model that explicitly takes build a robust non-blind de-convolution algorithm upon it, 
which can effectively reduce the visual artifacts. A new joint optimization problem, which concurrently maximizes 
the sparsity of the blur kernel and the sparsity of the clear image under positive suitable redundant tight frame 
systems . Without requiring any prior information of the blur kernel is input, our proposed approach is able to 
recover high-quality images from given blurred images. The effectiveness of our method is established by 
experimental results on both synthetic and real-world examples. 
Keywords: Blind motion, image processing, minimization algorithm 
 
I. INTRODUCTION  
 

Motion blurring is one of the major causes of poor image 

quality in digital imaging. When an image is capture by a 

digital camera, the image represents not presently the scene at 

a single instant of time, but the scene over a period of time. If 

objects in a scene be moving fast or the camera is moving over 

the period of exposure time, the objects or the whole scene 

will appear blurry along the direction of relative motion 

between the object/scene and the camera. Camera shake is one 

main origin of motion blurring, especially when taking images 

using telephoto lens or using long shutter speed in low lighting 

condition. 

 
Motion blur is the effect of the relative motion between the 

camera and the original scene during the integration time of 

the image. It can be visibly seen in the pictures that were taken 

with long exposure times and the pictures of fast stirring 

objects.  

 

The motion blur effect is frequently used in computer graphics 

to make synthetic images and animations appear more realistic 

and to add additional information about the art and the 

direction of the motion (we will touch the focus of motion blur 

simulation in section 1). On the other hand, the real-world 

images often suffer from very strong motion blurs. The 

characteristic reasons are the camera motion and the motion of 

an object on the scene. 
 
Motion blur is not constantly a negative effect. It makes 

images and animations look more realistic in certain situations. 

Motion blur can be practical in almost every movie and TV 

program. This effect is simulated in many computer games. 

Motion blurred images contain extra information about the 

direction of the movement and are more pleasing to our eyes. 

 

 

 

 

 

 
 
 
 
 
 
 
 
 

Figure 1:  Motion Blur Examples 
1.1 Objective 
 

The objective of a blind motion de-blurring optimization 

approach is to remove complex motion blurring from a single 

image by introducing new sparsity-based regularization 

conditions on both images and motion-blur kernels. Our 

approach is closely connected to recent works on both non– 

blind image de-convolution and blind motion deblurring. 

Based on analysis-based sparsity prior of images in framelet 

domain and a mixed regularization on motion-blur kernels, 

which includes both analysis-based sparsity prior of kernels in 

framelet domain and smoothness prior on kernels, our new 

formulation on motion de-blurring leads to a existing 

algorithm which can recover a clear image from a given 

motion-blurred image. 
A.  Short Survey of Relevent Literature:  
The double motion de-blurring algorithms succeeded in small 

and simple motion blur and are very sensitive to noise. We 

increase a robust feedback algorithm to achieve iteratively 

kernel estimation and image de-blurring. In kernel estimation, 

the stability and capability of the algorithm is deeply improved 

by incorporating a robust cost function and a set of kernel 

priors. The robust cost function serves to refuse outliers and 

noise, while kernel priors, counting sparseness and continuity, 

eliminate ambiguity and maintain kernel shape. In de-blurring, 

a novel and robust approach which takes two blurred images 

as input to deduce the clear image. The de-blurred image is 

then used as feedback to refine kernel estimation. 
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Two nonlocal regularizations for image recovery, exploited the 

spatial interactions in images. We get superior results by 

preprocessed data as input for the subjective functionals. 

Applications discussed include image deconvolution and 

tomographic reconstruction. The numerical results 

demonstrate our method outperforms some previous ones.  
 

Image in-painting is a fundamental problem in image 

processing and has numerous applications. Motivated by the 

recent tight frame based methods on image reinstallation in 

either the image or the transform domain, is an iterative tight 

frame algorithm for image in-painting. We consider the union 

of this framelet-based algorithm by interpreting it as iteration 

for minimizing a special functional. The verification of the 

convergence is less than the framework of convex analysis and 

optimization theory. 

 
II. EXISTING SYSTEM 
 
Blind motion deblurring by multiple images” recovery of 

degraded images due to motion blurring is one of the 

demanding problem in digital imaging. Most accessible 

techniques on blind deblurring are not capable of removing 

complex motion blurring from the blurred images of 

composite structures. One promising approach is to recover the 

clear image using many images captured for the scene. 

However, it is experimental in practice that such a multi-frame 

approach can recover a high-class clear image of the scene 

only after multiple blurred image frames are accurately aligned 

during pre-processing, which is a very tricky task even with 

user interactions. In this paper, by exploring the sparsity of the 

motion blur kernel and the comprehensible image under 

certain domains, we proposed an different iteration approach 

to simultaneously identify the blur kernels of given fuzzy 

images and re-establish a clear image. This approach is not 

only is robust to image formation noises, but moreover is 

robust to the alignment errors along with multiple images. A 

modified version of linearized Bregman iteration is then 

urbanized to efficiently explain the resulting minimization 

problem. 
 
III.     ISSUES IN THE EXISTING SYSTEM  
 
In blind de-convolution, mutually the blur kernel p and the 

clear image g are unknown. Then the problem becomes under-

constrained and there survive considerably many solutions. In 

general, blind de-convolution is much more challenging than 

non-blind de-convolution. Motion de-blurring is a classic blind 

de-blurring problem, because the motion between the camera 

and the scene constantly varies for different images.The 

problem of restoring a still image containing a motion blurred 

object cannot be entirely solved by the blind de-convolution 

techniques because the background may not go through the 

same motion. 

 

Image de-convolution belong to the class of ill-posed inverse 

troubles for which the uniqueness of the solution cannot be 

recognized, and the solutions are oversensitive to any input 

data. 

IV.    PROPOSED SYSTEM 
 
A regularization based approach is projected to remove motion 

blurring from the image by regularizing the sparsity of 

mutually the original image and the motion-blur kernel below 

tight wavelet frame systems. Furthermore, an adapted version 

of the split Bergman method is planned to professionally solve 

the resulting minimization problem. The variation approach is 

proposed in which it also assumes the smooth prior of both 

images and kernels by considering Gaussian distribution 

priors. Likewise, the parameters concerned in the 

regularization are also automatically inferred in by using the 

conjugate hyper priors on parameters.  
 
The motivation of the proposed regularization term on motion 
blur kernels is explained as follows. At present there are two 
components in the regularization term: one is the analysis 
based sparsity regularization under framelet domain ||Wp||1 and 
the other is the l2 norm regularization. 

 
V.ARCHITECTURE AND DESIGN OF 

PROPOSED SYSTEM  
 

As this can be seen from the top portion of Figure 2, The data 

set contains blurred image.In the Input image this first 

calculates the psf( point spread function) value of motion-

kernel blur value. Next step of standard deviation process is to 

determine the color variations among the image (i.e., RGB 

value) to the Sparsity regularization, in this part this is used to 

regularize the deviation image synthesis- based sparsity 

constraint of motion kernels in curvelet domain and synthesis-

based sparsity constraint of images in wavelet domain 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 2:  Motion Blur Examples 

 
VI. IMPLIMENTATION  
The non-blind de-convolution be an ill-conditioned problem as 

it is sensitive to noise, that is, a small perturbation of f may 

lead to a large distortion on the direct solution of (1). 

Extensive studies have been done along the line of increasing 

algorithms robust to noise. Arresting some regularization 

terms is proven to be an effective approach. Though, blind 

deblurring is a  large amount more challenging problem as it is 

also an under-constrained problem. 
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The framelet system is chosen to represent both original 

images and motion-blur kernels for its implementation 

simplicity and computational efficiency. 
 
A. Underlying Technologies 
 
BREGMAN  DISTANCE : 

 

In mathematics, the Bregman deviation or Bregman distance is 

comparable to a metric, but does not assure the triangle 

inequality nor symmetry. There are two ways in which 

Bregman divergences are important. Firstly, they generalize 

squared Euclidean distance to a division of distances that all 

contribute to similar properties. Secondly, they bear a strong 

connection to exponential families of distributions. There is a 

bijection between regular exponential families and regular 

Bregman divergences.  
 

Definition: Let be a continuously-differentiable real-valued 

and strictly convex function defined on a closed convex set. 

The  Bregman  distance  associated  with  F  for  points is  the  

difference  between  the  value  of  F  at point p and the value 

of the first-order Taylor expansion of F around point q 

evaluated at point p:  
D F

q
   ( p , q )   F  ( p )   F  ( q )   (  F  ( q ) ,  p    q ) 

 
POINT SPREAD FUNCTION:  
 

Recollect that Image reinstallation refers to the deletion or 

minimization of known degradations in an image. This 

includes de-blurring of images corrupted by the limitations of 

the sensor or its environment, noise filtering, and correction of 

geometric distortions or non-linearity’s appropriate to sensors. 

It describes the imaging system response to a point input and 

is equivalent to the impulse response. A point input, 

represented as a single pixel in the “ideal” image, will be 

reproduced as something further than a single pixel in the 

“real” image. 

 
 

“Point Spread Functions” describe the two-dimensional 

distribution of light in the telescope focal plane for 

astronomical point sources. Modern optical designers put a 

great deal of effort into reducing the size of the PSF for large 

telescopes. 

 

 

 
 
 
 
 
 
 
 
 
 
 

Figure 3: Point Source 

 

 

 
B. Framelet Based Blind Motion Deblurring  
 

The motion-blur kernels estimated for all tested images. It is 

seen that there are camera motion along in a straight line 

segmentations but with varies speed, camera motion along 

curve and camera motion along trajectory with sharp corners. 

It is seen that the visual quality of recovered images from 

Algorithm degraded a little bit compared against that from the 

previous simulated experiment. The main reason is that the 

blurring happening in real life is hardly a perfect spatial-

invariant motion blurring, either there exist other image 

blurring effects, e.g., out of focus blurring or the motion 

blurring is not completely uniform over the whole image. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4: Input image  
 

The output image may then be regarded as a two-dimensional 

convolution of the “ideal” image with the PSF: 

g2=g1** h 

where h is the impulse response, or 

PSF. 

 

In some medical imaging systems (e.g. planar X-ray) the PSF 

can vary gradually over the field of view. In this case it is 

convenient to define a zone of constant PSF (isoplanatic 

region) to allow use of convolutional forms and the transform 

domain.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5: de-Blurring image 
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Figure 6: PSF Image 
 
  
 
VII. CONCLUSION  
Thus the paper brought in a clear view of a Framed based 

blind motion deblurring and classification-driven image. In 

our approach, we directly remove camera shake from a single 

image. Based on analysis-based sparsity prior of images in 

frame let domain and a mixed regularization on motion-blur 

kernels, which includes both analysis-based. sparsity prior of 

kernels in frame let domain and smoothness prior on kernels. 

Our new formulation on motion deblurring leads to a 

prevailing algorithm which can improve a clear image from a 

given motion-blurred image.  
 

Blind motion deblurring is a challenging blind deconvolution 

problem and there are still many open questions remained. The 

algorithm performs relatively well in the case of motion-

blurring being the uniform blurring over the image, but cannot 

deal with non-uniform motion-blurring, together with image 

blurring caused by camera rotation and the partial image 

blurring caused by fast moving objects in the scene.  
 

 

A single-image, shift-invariant motion de-blurring approach 

where the blur kernel is directly estimated from light streaks in 

the fuzzy image. Combining with the sparsity constraint, the 

blur kernel can be solved quickly and exactly from a user input 

region containing a light streak. This kernel can then be 

applied to state-of-the-art single-image motion de-blurring 

methods to re-establish the sharp image. As this approach does 

not require verification of the blur kernel against the distorted 

image, the de-blurring can be performed quickly enough for 

interactive use. 
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