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ABSTRACT 

 License plate is the unique identification of vehicles. Over speed vehicle and accident zone can be capture 

by using the surveillance camera. These camera's used to capture the motion images (i.e. vehicles) frequently ,  but 

due to fast motion the images will be blurred, unrecognizable and the observed images will be in the form of low 

resolution and suffer severe loss of edge information. Blur is the major cause of image degradation .To restore such 

images the novel scheme based on sparse representation is used to convert the blurred image to visible image. Novel 

scheme contains two parameters; they are length and angle estimation combined with cosine transformation. Angle 

and length estimation contains several major sub divisions. Angle includes coarse and fine angle estimation, length  

includes cosine transform, radon transform and length estimation. Here, the sparse representation coefficient of the 

recovered images are analyzed with the angle of the kernel to restore the visible image. It is observed that novel 

scheme, with cosine transformation is better that compared with novel scheme Fourier transformation. 

 

I. INTRODUCTION  

Image processing is a strategy to playout a 

few operations on a picture, so as to get an improved 

picture or to concentrate some valuable data from it. 

It is a type of signal processing in which input is an 

image and output may be image or features 

associated with that image. Nowadays, image 

processing is among rapidly growing technologies. It 

forms core research area within engineering and 

computer science disciplines too.Blur is a common 

degradation phenomenon in the imaging process.  In 

image deconvolution problems, the goal is to 

estimate an original image from an observed image. 

It aims to produce a higher-resolution image based    

 

 

on one or set of images taken from the same scene. 

The reasons of low determination pictures can be 

distinguished as movement obscuring brought about 

by camera shaking or relative speed of camera and 

the scene. Since high resolution (HR) advanced 

cameras are costly. 

Vehicle License plate recognition (LPR) is 

one of classical problems in computer vision. License 

plate is the unique identification of vehicles. Over 

speed vehicles and accident zone can be capture by 

using the surveillance camera. 

To restore blurred images the novel scheme 

based on sparse representation is used to convert the 

blurred image to original image.  Novel scheme 

contains two parameters; they are length and angle 

estimation combined with cosine transformation.  

Angle includes coarse and fine angle estimation, 

length includes cosine transform, radon transform 

and length estimation. 



Fourier Transform 

Fourier transform is suitable for analysis of 

the steady-state of sinusoidal signals but it fails to 

capture the sharp changes and discontinuous in the 

signals. It is a magical mathematical tools. By using 

enables the solution to difficult problems bemade 

simpler. It is an apparatus which is utilized to break 

down a picture into its sine and cosine makes a 

picture into its sine and cosine parts. The yield of the 

change speaks to the picture in Fourier to recurrence 

space. The Fourier transform can be better analyze a 

signal in another domain rather than the original 

domain. It will convert the functions of time into 

frequencies.  When sound and recorded digitally the 

strength of sound wave will be recorded.wav file but 

in now a days. Instead of the Fourier transform is 

recorded.  
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Radon Transform 

The representation of radon transform g(𝜌,𝜃) as an 

image with 𝜌  and 𝜃  as co-ordinate is called a 

sinogram.  It is difficult to interpret a sinogram. This 

radon function computes projections of an images 

matrix along specified directions. A sinogram is a 

special x-ray procedure that is done to visualize any 

abnormal opening (sinus) in the body, following the 

injection of contrast media (x-ray dye) into the 

opening.  

The Radon transform can be defined by  
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Cosine Transform 

It is a system for changing over a flag into 

rudimentary recurrence segments. It is broadly 

utilized as a part of image compression. It is similar 

to the discrete Fourier transform; it transforms a 

signal or image from the spatial domain to the 

frequency domain. Image compression is limiting the 

size in bytes of a design record without corrupting the 

nature of the picture to an unsuitable level. The 

reduction in document estimate permits more pictures 

to be put away in a given measure of plate or memory 

space. It also reduces the time required for images to 

be sent over the Internet or downloaded from Web 

pages. 

The general equation for a 1D (N data items) 

DCT is defined by the following equation:  
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The general equation for a 2D (N by M image) DCT 

is defined by the following equation:  
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and the corresponding inverse 2D DCT transform is 

simple F-1(u,v), i.e.: where  

A(𝜀) = {
1

 2
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                1       otherwise 

II. LITERATURE  REVIEW 

Blind motion de-blurring estimates a sharp 

image from a motion blurred image without the 

knowledge of the blur kernel[1]. Although significant 

progress has been made on tackling this problem, 

existing methods, when applied to highly diverse 

natural images, are still far from stable. It focuses on 

the robustness of blind motion deblurring methods 

towards image diversity - a critical problem that has 

been previously neglected for years. To classify the 

existing methods into two schemes and analyze their 

robustness using an image set consisting of 1.2 

million natural images. The first scheme is edge 

specific, as it relies on the detection and prediction of 

large-scale step edges. This scheme is sensitive to the 

diversity of the image edges in natural images. The 

second scheme is non-edge specific and explores 

various image statistics such as the prior 

distributions. This scheme is sensitive to statistical 

variation over different images. Based on the 

analysis, the address the robustness by proposing a 

novel non-edge specific adaptive scheme (NEAS) 

which features a new prior that is adaptive to the 

variety of textures in natural images. By comparing 

the performance of NEAS against the existing 

methods on a very large image set, demonstrate its 

advance beyond the state of the art. 

A novel approach is mainly described to 

reduce spatially varying motion blur in video and 

images using a hybrid camera system. A hybrid 

camera is a standard video camera that is coupled 

with an auxiliary low-resolution camera sharing the 

same optical path but capturing at a significantly 

higher frame rate[2]. The auxiliary video is 

temporally sharper but at a lower resolution, while 

the lower frame rate video has higher spatial 

resolution but is susceptible to motion blur. This 

deblurring approach uses the data from these two 

video streams to reduce spatially varying motion blur 

in the high-resolution camera with a technique that 

combines both deconvolution and super-resolution. 

This algorithm also incorporates a refinement of the 

spatially varying blur kernels to further improve 

results. This approach can reduce motion blur from 

the high-resolution video as well as estimate new 

high-resolution frames at a higher frame rate. 

Experimental results on a variety of inputs 

demonstrate notable improvement over current state-

of-the-art methods in image/video deblurring. 

To present a new algorithm for removing 

motion blur from a single image. This method 

computes a deblurred image using a unified 

probabilistic model of both blur kernel estimation and 

unblurred image restoration[3]. To present an 

analysis of the causes of common artifacts found in 

current deblurring methods, and then introduce 

several novel terms within this probabilistic model 

that are inspired by this analysis. These terms include 

a model of the spatial randomness of noise in the 

blurred image, as well a new local smoothness prior 

that reduces ringing artifacts by constraining contrast 

in the unblurred image wherever the blurred image 



exhibits low contrast. To describe an efficient 

optimization scheme that alternates between blur 

kernel estimation and unblurred image restoration 

until convergence. As a result of these steps, to 

produce high quality deblurred results in low 

computation time. This can able to produce results of 

comparable quality to techniques that require 

additional input images beyond a single blurry 

photograph, and to methods that require additional 

hardware. 

To propose a motion deblurring algorithm 

that exploits sparsity constraints of image patches 

using one single frame. In this formulation, each 

image patch is encoded with sparse coefficients using 

an over-complete dictionary[4]. The sparsity 

constraints facilitate recovering the latent image 

without solving an ill-posed deconvolution problem. 

In addition, the dictionary is learned and updated 

directly from one single frame without using 

additional images. The proposed method iteratively 

utilizes sparsity constraints to recover latent image, 

estimates the deblur kernel, and updates the 

dictionary directly from one single image. The final 

deblurred image is then recovered once the deblur 

kernel is estimated using in this method. Experiments 

show that the proposed algorithm achieves favorable 

results against the state-of-the-art methods.  

The new method is to estimate the 

parameters of two types of blurs, linear uniform 

motionand out-of-focus for blind restoration of 

natural images[5]. The method is based on the 

spectrum of the blurred images and is supported on a 

weak assumption, which is valid for the most natural 

images: the power-spectrum is approximately 

isotropic and has power-law decay with the spatial 

frequency. They introduce two modifications to the 

radon transform, which allow the identification of the 

blur spectrum pattern of the two types of blurs above 

mentioned. The blur parameters are identified by 

fitting an appropriate function that accounts 

separately for the natural image spectrum and the 

blur frequency response. The accuracy of the 

proposed method is validated by simulations, and the 

effectiveness of the proposed method is assessed by 

testing the algorithm on real natural blurred images 

and comparing it with state-of-the-art blind 

deconvolution methods. 

To recover a clear image from a single 

motion-blurred image has long been a challenging 

open problem in digital imaging. Focus on how to 

recover a motion-blurred image due to camera 

shake[6]. A regularization-based approach is 

proposed to remove motion blurring from the image 

by regularizing the sparsity of both the original image 

and the motion-blur kernel under tight wavelet frame 

systems. Furthermore, an adapted version of the split 

Bregman method is proposed to efficiently solve the 

resulting minimization problem. The experiments on 

both synthesized images and real images show that 

the algorithm can effectively remove complex motion 

blurring from natural images without requiring any 

prior information of the motion-blur kernel. 

 

III. SYSTEM DESCRIPTION 

 In this section III, mainly discussed about 

the modules and its working. The first module is 

about the “Angle Estimation Of Linear Uniform 

Kernel” , then the second module explains about the 

“Gaussian Blur”  and the third module explains 

about the “Sparse Representation”. 

 

MODULE 1 

Angle Estimation Of Linear Uniform Kernel 

On two open picture data sets. Test happens 

show the record profitability and recuperation 



accuracy of our approach. The inadequately on 

educated over-entire word reference as the earlier of 

sharp picture has been very much examined meager 

representation has gotten little consideration in 

parameter surmising. Truth be told, parameter 

estimation likewise compares to an enhancement 

issue in a Bayesian view.  

For edge estimation, by presenting meager 

representation, in the point estimation calculation  
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where B is the obscured picture, I signifies the 

dormant picture to be recouped, kθ is the direct 

uniform movement piece dictated by point θ 

(disregard length here), and p(I) is the earlier of the 

sharp picture. 

Length Estimation of Linear Uniform Kernel 

Once the course of movement has been 

settled, Thatcan pivot the obscured picture to make 

this heading flat. At that point the uniform direct 

movement obscure bit has the frame as beneath:  
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The extent of the recurrence reaction of k(x, y) on 

level course is given by the accompanying condition:  
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where N is the measure of obscured picture in pixel. 

Given two progressive zero focuses v1, v2 of Fk(v), 

it is anything but difficult to get that:  

𝐿 =  
𝑁

 𝑣1− 𝑣2 
 

Therefore, the center of length estimation is to gauge 

the separation between two nearby zero purposes of 

recurrence reaction of part.  

𝐹𝐵 𝑢 , 𝑣 =  𝐹𝐾 𝑢 , 𝑣 𝐹1 𝑢 , 𝑣 +  𝐹𝐺(𝑢 , 𝑣) 

where F means the Fourier change administrator. It 

can find that the zero purposes of Fk is additionally 

the zeros purposes of FB without considering clamor. 

In the greater part of genuine circumstances, it is hard 

to straightforwardly look zero focuses in the 

recurrence reaction of watched picture. 

MODULE 2 

Gaussian Blur 

In picture preparing, a Gaussian obscure 

(otherwise called Gaussian smoothing) is the 

consequence of obscuring a picture by a Gaussian 

capacity. It is a generally utilized impact in design 

programming, normally to lessen picture clamor and 

diminish detail. The visual impact of this obscuring 

system is a smooth obscure looking like that of 

review the picture through a translucent screen, 

particularly not the same as the bokeh impact created 

by an out-of-center focal point or the shadow of a 

question under normal enlightenment. Gaussian 

smoothing is additionally utilized as a pre-handling 

stage in PC vision calculations keeping in mind the 

end goal to upgrade picture structures at various 

scales—see scale space representation and scale 

space usage.  

Numerically, applying a Gaussian obscure to 

a picture is the same as convolving the picture with a 

Gaussian capacity. This is otherwise called a two-

dimensional Weierstrass change. By differentiation, 

convolving by a circle (i.e., a roundabout box 

obscure) would all the more precisely imitate the 

bokeh impact. Since the Fourier change of a Gaussian 

is another Gaussian, applying a Gaussian obscure has 

the impact of decreasing the picture's high-recurrence 

segments; a Gaussian obscure is in this way a low 

pass channel.  

 



Gaussian Filtering 

 

Gaussian Filtering Gaussian separating g is 

utilized to obscure pictures and expel commotion and 

detail. In one measurement, the Gaussian capacity is:  

G(x) =  
1

 2𝜋𝜍 2
𝑒 −

𝑥2

2𝜍2  

The Gaussian capacity is utilized as a part of various 

research regions:  

–  It characterizes a likelihood dissemination for 

clamor or information.  

– It is a smoothing administrator.  

– It is utilized as a part of science. 

 

MODULE 3 

Sparse Representation 

An orthogonal premise is a word reference 

of least size that can yield a meager representation if 

intended to think the flag vitality over an 

arrangement of couple of vectors. This set gives a 

geometric flag depiction. Productive flag pressure 

and commotion decrease calculations are then 

actualized with inclining administrators registered 

with quick calculations.  

Scanty representations in excess word 

references can enhance design acknowledgment, 

pressure, and clamor diminishment, additionally the 

determination of new converse issues. This 

incorporates super determination, source detachment, 

and compressive detecting  

IV. CONCLUSION 

An approach for restoring vehicle license 

plate is used based on a single motion blurred image. 

For the motion blurred license plate image, image 

restoration provides a way to make the image clear 

by removing motion blur and noise. That propose a 

novel kernel parameter estimation algorithm for 

license plate from fast-moving vehicles. The 

algorithms to infer motion blur parameters, namely 

the motion direction and the motion length. The 

angular quasi-invariance of natural images spectrum 

was estimated by coarse to fine and the length was 

exploited in the Cosine and Radom transform 

domain. 

    In future to get clear license plate image using 

edge or isotropic property methods are used in future 

and identifying the semantics of the image 

V. REFERENCES 

1. R. Fergus, B. Singh, A. Hertzmann, S. T. 

Roweis, and W. T. Freeman, 

“Removing camera shake from a single photograph,” 

ACM Transactions 

on Graphics (TOG), 2006. 

2. C. Wang, Y. Yue, F. Dong, Y. Tao, X. Ma, G. 

Clapworthy, H. Lin, 

and X. Ye, “Non edge-specific adaptive scheme for 

highly robust blind 

motiondeblurring of natural images,” IEEE 

Transactions on Image 

Processing (TIP), Mar 2013. 

3. R. Hartley and A. Zisserman, Multiple View 

Geometry in Computer 

Vision, 2nd ed. Cambridge University Press, 2004. 

4. J.-F. Cai, H. Ji, C. Liu, and Z. Shen, “Blind 

motion deblurring from 

a single image using sparse approximation,” in 

Proceedings of IEEE 

Conference on Computer Vision and Pattern 

Recognition (CVPR), Jun 

2009. 



5.   J. F. Cai, H. Ji, C. Liu, and Z. Shen, “Framelet-

based blind motion deblurring 

from a single image,” IEEE Transactions on Image 

Processing 

(TIP), Feb 2012. 

6.    S. Dai and Y. Wu, “Motion from blur,” in 

Proceedings of IEEE 

Conference on Computer Vision and Pattern 

Recognition (CVPR). 

7.   Q. Shan, W. Xiong, and J. Jia, “Rotational motion 

deblurring of arigid object from a single image,” in 

Proceedings of IEEE InternationalConference on 

Computer Vision (ICCV), Oct 2007. 

8.  J. Wright, A. Yang, A. Ganesh, S. Sastry, and Y. 

Ma, “Robust facerecognition via sparse 

representation,” IEEE Transactions on Pattern 

Analysis and Machine Intelligence (TPAMI), 2009. 

9.  M. Elad and M. Aharon, “Image denoising via 

sparse and redundant 

representations over learned dictionaries,” IEEE 

Transactions on Image 

Processing (TIP), Dec 2006. 

10.  Z. Hu, J.-B.Huang, and M.-H. Yang, “Single 

image deblurring with 

adaptive dictionary learning,” in Proceedings of IEEE 

International 

Conference on Image Processing (ICIP), Sep 2010. 

 

 

 

 

 

 

 

 

 

 

 


