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Abstract— The main objective of this paper is blur estimation 
for blind restoration of natural images. This project estimate 
parameters of two blur such as linear motion and Out-of-Focus.
Two modifications are introduced to the transform, which allow 
the identification of the blur spectrum pattern of the two types of 
blur. The blur parameters are identified by fitting an appropriate 
function that accounts separately for the natural image spectrum 
and the blur frequency response. The identification of the blur 
parameters is made by fitting appropriate functions that 
account separately for the natural image spectrum and the 
blur spectrum. The accuracy of the proposed method is 
validated by simulations results, and the effectiveness of 
the this method is assessed by testing the algorithm on real 
natural blurred images and comparing it with state-of-the-
art blind de-convolution methods.

Keywords—Restoration, linear motion, out-of-focus, local 
minima, root mean square.

I. INTRODUCTION 

Image restoration is the operation of taking a 
corrupted/noisy image and estimating the clean original 
image. Corruption may come in many forms such as motion 
blur, noise and camera mis-focus. The linear motion can be of 
two types: (i)uniform linear motion with constant velocity or 
zero acceleration(ii)non uniform linear motion with variable 
velocity or non-zero acceleration. Uniform linear motion 
normally relates to the movement of an object with constant 
speed or constant variation in related parameters. Non uniform 
linear motion naturally refers to the circular motion, this 
mainly varies with radius only. An image, or image point or 
region, is in focus if light from object points is converged 
almost as much as possible in the image, and out of focus if 
light is not well converged. There are two main alternative 
approaches to BID: (i)simultaneously estimate the image and 
the blur (ii) obtain a blur estimate from the observed image 
and then use it in a non-blind de-blurring algorithm. Image de-
blurring is an inverse problem whose aim is to recover an 
image from a version of that image which has suffered a linear 

degradation, with or without noise. This blurring degradation 
may be shift variant or shift invariant. Common motion types 
include: uniform velocity, acceleration motion and vibrations. 
Zero patterns of the blurred image in the spectral domain only 
appear in the case of uniform velocity motions.

Blur travels in a single direction, horizontally. In this 
case, Length means as Radius in other filters: it represents the 
blur intensity. More Length will result in more blurring. Angle 
describes the actual angle of the movement. Thus, a setting of 
90 will produce a vertical blur, and a setting of 0 will produce 
a horizontal blur. Motion blur is the apparent streaking of 
rapidly moving objects in a still image or a sequence of 
images such as a movie or animation. It results when the 
image being recorded changes during the recording of a single 
frame, either due to rapid movement or long exposure. Motion 
blur that creates a circular blur. The Length slider is not 
important with this type of blur. Angle on the other hand, is 
the primary setting that will affect the blur. More Angle will 
result in more blurring in a circular direction. The Radial 
motion blur is similar to the effect of a spinning object. The 
center of the spin in this case, is the center of the image.
Motion blur is the apparent streaking of rapidly moving 
objects in a still image or a sequence of images such as 
a movie or animation. It results when the image being 
recorded changes during the recording of a single frame, either 
due to rapid movement or long exposure.

Image blur is caused either by the camera motion or 
by the object motion. Camera motion is the camera vibration 
when shutter is pressed. Image blur is introduced in a number 
of stages in a camera. The most common sources of image 
blur are motion , defocus and aspects inherent to the camera, 
such as pixel size , sensor resolution, and the presence of anti-
aliasing filters on the sensors.

II. EXISTING SYSTEM

The Radon transform of the spectrum of the blurred 
image has been proposed for motion blur estimation .The idea 
is that along the direction perpendicular to the motion, the zero 
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pattern will correspond to local minima. 
The motion angle can thus be estimated

as the one for which the maximum of the Radon transform
occurs, or that for which the entropy is maximal. The motion 
blur length is then estimated using fuzzy sets and cepstral 
features. Instead of working directly on the spectrum of the 
blurred image, the method in exploits the same ideas on the 
image gradients. Other methods exploiting the existence of 
zero patterns in the Fourier domain include the Hough 
transform employed in and the correlation of the spectrum 
with a detecting function. Traditional motion-blurred image 
restoration methods are algebraic methods and frequency 
domain methods. Algebraic methods estimate the original 
image with pre-selected statistical criteria, and are used mainly 
in spatial domain. The frequency domain methods eliminate 
blur with various filters. Both algebraic methods and 
frequency domain methods have some disadvantages: 
algebraic methods cannot ensure the result image is the 
optimum estimation, while the frequency domain methods 
need to process the noise amplification caused by zero points 
of transfer function

A. Inverse Radon Transform Definition

The iradon function inverts the Radon transform and 
can therefore be used to reconstruct images.
As described in Radon Transform, given an image I and a set 
of angles theta, the radon function can be used to calculate the 
Radon transform.

R = radon(I,theta)     (1)

The function iradon can then be called to reconstruct the 
image I from projection data.

IR = iradon(R,theta)    (2)

In the example above, projections are calculated from the 
original image I. Note, however, that in most application 
areas, there is no original image from which projections are 
formed. For example, the inverse Radon transform is 
commonly used in tomography applications. In X-ray 
absorption tomography, projections are formed by measuring 
the attenuation of radiation that passes through a physical 
specimen at different angles. The original image can be 
thought of as a cross section through the specimen, in which 
intensity values represent the density of the specimen. 
Projections are collected using special purpose hardware, and 
then an internal image of the specimen is reconstructed 
by iradon. This allows for non invasive imaging of the inside 
of a living body or another opaque object. iradon reconstructs 
an image from parallel-beam projections. In parallel-beam
geometry, each projection is formed by combining a set of line 
integrals through an image at a specific angle.

B. Improving the Results

Inverse radon uses the filtered back projection algorithm 
to compute the inverse Radon transform. This algorithm forms 

an approximation of the image I based on the projections in 
the columns of R. A more accurate result can be obtained by 
using more projections in the reconstruction. As the number of 
projections (the length of theta) increases, the reconstructed 
image IR more accurately approximates the original image I. 
The vector theta must contain monotonically increasing 
angular values with a constant incremental angle D-theta. 
When the scalar D-theta is known, it can be passed to i-
radon instead of the array of theta values. Here is an example.

IR = i-radon(R,Dtheta)     (3)

The filtered back projection algorithm filters the 
projections in R and then reconstructs the image using the 
filtered projections. In some cases, noise can be present in the 
projections. To remove high frequency noise, apply a window 
to the filter to attenuate the noise. Many such windowed filters 
are available in iradon. 

Inverse radon also enables you to specify a normalized 
frequency, D, above which the filter has zero response. D must 
be a scalar in the range [0,1]. With this option, the frequency 
axis is rescaled so that the whole filter is compressed to fit into 
the frequency range [0,D]. This can be useful in cases where 
the projections contain little high-frequency information but 
there is high-frequency noise. In this case, the noise can be 
completely suppressed without compromising the 
reconstruction. The following call to i-radon sets a normalized 
frequency value of 0.85.
IR = iradon(R,theta,0.85)          (4)

III. PROPOSED METHOD

The  proposed system is used to estimate the 
parameters of  linear uniform motion blurs and out-of-focus 
blurs by using the Modified Radon Transforms. The two 
different ways of Modified RT are described below and the 
methods of .

A. Radon-d Transform

The Radon-d modification of the RT performs 
integration over the same area, independently of the direction 
of integration. Radon-d transform of a natural image can be 
approximated by a line, as a consequence of the fact that the 
spectrum follows the power law. To approximate the Radon-d 
transform of a natural image fitting a third order polynomial
Rd (log |F|, ρ, θ) ≈ a ρ3 + b ρ2 + c ρ + d.          (5)

This  transform is independent of �.

Choose an linear motion blurred 
image

Set the parameter value (angle and 
length)_



                                                                                                                                        Available online at www.ijarbest.com
                    
                            

                          International Journal of Advanced Research in Biology, Ecology, Science and Technology (IJARBEST)
                             Vol. 1, Issue 1, April 2015

54
All Rights Reserved © 2015 IJARBEST

Fig: 3.1 Block diagram of a Radon-d transform

Linear Motion Blur

Linear  motion blur means  the linear movement of 
the entire image, along one direction The linear motion blur 
estimation will be done in two phases: (i) angle estimation; (ii) 
motion length estimation. The angle estimate is that for which 
the maximum of the RT occurs; naturally, this only works for 
very long blurs, so that the blurred image is very smooth in the 
motion blur direction, leading to a clear maximum of the RT.

In continuous domain, the angle depends on direction of 
motion and length depends on the speed and duration of 
exposure. In discrete domain both the angle and length 
depends on time spent to recover the image.

B. Radon-c transform

The Radon-c modification of the RT performs integral 
over the circular area. This transform takes the value of the 
logarithm of the spectrum magnitude of the natural image.

Fig:3.2 Block diagram of a Radon-c transform

Out-of-Focus
Out-of-focus blurring mainly occurs due to mis-focus 

while using camera, when the focal plane is away from the 
sensor plane. If mis-focus is larger than the radius of the 
obtained image will be large which will cause blur . In order 

to get original image focal distance should be set to be 
infinity.

In continuous domain, radius depends on the focal 
intensity. In discrete domain, it will depends on the pixel 
values.

C. Performance Metrics

Peak Signal-to-Noise Ratio (PSNR)

Peak signal-to-noise ratio, is a term for the ratio 
between the maximum possible power of a signal and the 
power of corrupting noise that affects the fidelity of its 
representation. Because many signals have a very 
wide dynamic range, PSNR is usually expressed in terms of 
the logarithmic decibel scale. PSNR is most commonly used 
to measure the quality of reconstruction of lossy 
compression codecs. A higher PSNR generally indicates that 
the reconstruction is of higher quality

The peak signal-to-noise ratio (PSNR) is used to 
evaluate the quality between the enhanced image and the 
original image. The PSNR formula is defined as follows:

        (6)

Mean Squared Error Rate(MSE)
The mean square error or MSE of an estimator is one 

of many ways to quantify the difference between an estimator
and the true value of the quantity being estimated. As a loss 
function, MSE is called squared error loss.

         (7)

Root Mean Squared Error Rate(RMSE)
RMSE is frequently used to measure the difference 

between values predicted by a model or an estimator and the 
values actually observed. Its the square root of the mean 
squared root error value.

         (8)

Apply Radon-d transform

Deblurred image

Set the parameter value (radius)

Apply Radon-c transform

Deblurred image

Choose an out-of focus blurred 
image
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IV. RESULT AND DISCUSSION

A  Linear Uniform Motion Blur

Fig: 4.1 a)original image b) linear uniform motion blur image c)de-
blurred image

Fig: 4.2 Performance analysis of Linear Uniform Motion
B Out-Of-Focus Blur

Fig: 4.3 a)original image b)out-of-focus blur image c)de-blurred image

Fig: 4.4 Performance Analysis of Out-of- Focus

IV. CONCLUSION AND FUTURE WORK

This proposed a new method to estimate the 
parameters for two standard classes of blurs: linear uniform 
motion blur and out-of-focus. These classes of blurs are 
characterized by having well defined patterns of zeros in the 
spectral domain. To identify the patterns of linear motion blur 
and out-of-focus blur, introduced two modifications to the 
Radon transform, i.e. Radon-d and Radon-c. The accuracy of 
the proposed method was validated by simulations, and its 
effectiveness was assessed by testing the algorithm on real 
blurred natural images. This modified radon transform is very 
fast and accurate. In future, this algorithm can be implemented 
in video processing also. By implementing this algorithm, loss 
of information can be rectified. This can be used in biometrics 
applications where the images are blurred due to shaking of 
hand and variation in shutter speed.
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