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INTRODUCTION 

Medical image plays crucial role in order to detect 
certaindiseases and there are certain diseases which 
cannot detect without this images[4].The early 
stages was using Xrays and later Scan images using 
Ultra sound and CT and MRI also introduced.Xray 
images are not perfect images as it causes noise 
and blur[3].The images as a result called degraded 
images.The noise can be removed using direct 
filtering such as Guassian filter in case of white 
noise and if rician noise using non local means 
filters etc.The blurring can be removed using 
inverse filtering methods. 

In this paper we proposes an algorithm which can 
effectively reconstruct a degraded medical 
images.Mainly it is divided in to two steps that is 
blind deconvolution[2][7][9] and non blind 
deconvolution. The deconvolution is an inverse 
problem where it is blind as the unknown variables 
are not equal to the number of equations.This is 
also known as ill posed problem. Normalisation can 
be used in order to increase the contrast without 

distorting the relative intensityvalues of the 
image.This is also known as contrast stretching. 

The Fourier transform results in ringing effect and 
noise amplification. This phenomenon is called the 
Gibbs Effect. FFT brings a drop out of high 
frequency at edges of theimages.This drop out 
results in ringing effect in 
deblurredimage.Therefore prior to deconvolution 
edge tapering is required in order to avoid this 
noise amplification and ringingeffect.In Matlab we 
can use a function called edge taper thatcan be 
used in order to avoid this effect in deblurred 
image. 

Bregman variable splitting can be used to solve this 
effectively with ALM.Image regularizers using 
directional priors in x, y ,z direction.Therefore it 
helps to provide the directional view in three 
directions. The masking filter[8] using (3x3) square 
matrix.The l1 and l 2 components can split using 
split Bregman variable splitting.Regularizer used is 
adaptive regularizer.The weight of the parameter β 
and λ update in each iteration till the convergence 
meets. 

Abstract 
Medical images such as X-ray, MRI, Ultrasound etc facing lot of challenges due to noise and blurring. In 
order to do proper diagnosis the quality of the image is important. Denoising and Deblurring plays 
important role in this field of medical images. Denoising can be removed using direct filters and deblurring 
using inverse filtering methods. In this paper we are using an efficient algorithm called Alternating 
Minimization Algorithm to solve this deconvolution problem. As it is blind deconvolution we are using an 
iterative algorithm called Bregman iteration /variable splitting method. This problem is ill posed problem in 
order to convert it in to well posed we are using adaptive regularization filtering Therefore the reconstructed 
image is of better quality. This algorithm can be used for all the medical images that are used as reference 
for further analysis. 
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This improves the quality of the reconstructed 
image.Minimization can be occurred using the 
algorithm and thereafter using the non blind 
deconvolution the deblurred image and the point 
spread function can be obtained.The performance 
analysis can be observed by comparing the 
parameters such as PSNR and MSE in the deblurred 
image and blurred image. 

MATERIAL AND METHODOLOGY 

In this paper we are using an algorithm called 
alternating minimization algorithm in order to 
obtain the deblurred medical image.This method 
can be used in all types of medical images and also 
for astronomical images etc . But here we are 
focussing on medical image as it is more complex 
for denoising and deblurring. 

Fig(1) includes the overall architecture where the 
input image can be any medical image here we are 
using both X ray and ultrasound scan image.There 
are main articrafts that can occur in the images are 
aliasing and motion due to phase shifts in the 
sampling and the noise occurred as repetitive 
pattern.Normalisation can be used in order to 
remove noise effect due to the low contrast in the 
images.Ringing effect can be removed using edge 
tapering.Then the blind deconvolution step with 
Bregman iteration and variable splitting method[11] 
using Augmented Lagrangian method(ALM).Final 
step using the non blind deconvolution in order to 
obtain the deblurred or restored image. 

As it is a blind deconvolution the number of 
unknowns are not equal to number of variables 
hence called ill posed problem[8][9].In order to 
solve for PSF using inverse filtering .It should be a 
well posed problem.The process of converting the 
ill-posed problem to well posed problem called 
regularization.One of the simplest approach is 
inverse filtering, it is least mean square estimation 
using maximum likelihood approach. jjhx  yjj2 is 
the basis least square mean but for image 
deblurring as it is ill posed it requires an additional 
term called regularizer _(x); where _(x) = IIxII (norm 
1 or 2). 

 

Fig.1: Overall Architecture 

As human vision is more sensitive to the contrast 
levelin the images and the colour level and 
brightness gives the contrast for any image.There 
are many laws in order to improve the contrast level 
such as Weber’s law, Michaelson law 
etc.Considering the max and min intensity value 
and the ratio between the luminance and average 
luminance gives the definition for contrast.The 
range of pixel values in the range 0 to 1.Here we 
are using l2 and lp norm , l2 norm is 0 and lp norm 
in between 0 and 1. l1 norm is equal to 1.Using 
adaptive regularization filtering l p norm gives 
better results than l2 . 

l1 norm is linear where as l2 norm is non linear As it 
is hard optimization problem the non linearity 
problem arises,this brings direct minimization as a 
slow process.In order to overcome these problems 
use the auxiliary variables and split this step into 
two sub optimization steps.And solve it using 
ALM.where lp norm ranges in between 0 and 1. and 
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here we are comparing the results using lp and l2 
norm. 

 

Fig.2: Low contrast noisy image 

 

Fig.3: Normalized image with improved contrast 
level 

BLIND DECONVOLUTION 

Consider the equation 

yk (i) = (hk  x)(i) + w∗ k (i)                  (1) 

where,{1 ≤ k ≤ K, i  N 2 We assume that K > 1 ∈

therefore the input images ie, blurred noisy image 
can be yk  .Values 2 from [y 1 , y 2 , ...y k ] , yk  R n ∈

.As this is ill posed[5],it becomes constrained 
problem. where hk represents blur kernel or Point 
spread function.It is convoluted to the original 
image.The noise w k is added to the convoluted 
term. Here we consider noise as zero. 

The matrix notation be:- 

 yk  = X Hk + wk                                                    (2) 

Matrices Hk and X obtained by convolute i th 
element of hk and xk  

ALTERNATING MINIMIZATION ALGORITHM 

Optimization is a hard problem as it includes both 
linear and non linear problem. [6]This can be split in 
to two sub optimization problem[14] in order to 
make this unconstrained.Two steps are involved 
that are (i) x step (ii) h step 

xstep : min M (x, h k ) + U (x)                    
(3) 

hstep : min M (x, h k ) + R(h k )                   
(4) 

Two variables to be solved includes two steps 

[1] step 1: fix h and optimize for X 

x = arg min x M (h , x)                    
(5) 

[2] step 2: fix x and optimize for h 

h = arg min h M (h, x )                   
(6) 

RESULTS AND TABLES 

To illustrate the convergence properties we have 
used the algorithm called alternating minimization 
algorithm. Using regularization term with 2 D 
laplacian kernel gives better result compared to 1 D 
kernel. Here our estimation using 2D kernel that 
includes masking filter of (3x3) that gives directional 
priors. The adaptive regularization using additional 
penalty term that is called weight term which gives 
better results. This is obtained by updating the 
weight or balance. 

The experimental analysis using input medical 
image as scan and Xray and convolve it with disk 
blur of radius 3 and psf set for  (10x10)matrix.And 
second step in which using Gaussian blur 
kernel.Comparison of PSNR using lp and l 2 norm 
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regularization can be evaluate with the help of a 
graph  in which using l p norm giving better PSNR. 

The scan image as input image and the deblurring 
using adaptive regularization method gives better 
PSNR for the increase in the no: of iteration and it 
can be represented in a bar graph for all three 
channels in fig(5).The corresponding MSE and the 
error can be represented using a graph in fig(4).The 
experiment using different medical image as Xray 
and using different blur kernel such as Gaussian 
and disk blur is used for analysis.We can observe 
the result in fig(9)as the no: of iteration increases 
the PSNR increases and as a result the restored 
image will be of better quality.The fig(7) shows the 
comparison of both l p and l 2 norm adaptive 
regularization for blind and non blind 
deconvolution results.The proposed method gives 
better performance in estimation of blur and to 
obtain the deblurred medical image. 

This method can be well executed in case of 
general blurs that can be occurred in medical 
images and also noisy effect due to low contrast 
level using proper normalization methods. This 
method is efficient for deblurring and denoising of 
medical degraded images.  

                  

 

Fig.4: The top fig represents the MSE graph and 
bottom fig for Error graph using lp norm  

 

Fig.5: the above graph represents the PSNR values 
for three channels that are red, green blue channel 
respectively using different iteration from 1 to 6. 
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Fig.6:This represents restoration of image using  
adaptive regularization (a) the input blurred image 
(b) and (c)using l2 norm blind and non blind 
deconvolution (d)  and (e) represents the l p norm 
blind and non  blind deconvolution. 

CONCLUSION 

The main focus of this paper is to improve the 
quality of medical image using the algorithm 
proposed by Filip and Peyman. Here we are using 
directional priors and the masking using (3x3) filter 
and the comparison of PSNR for lp and l2 norm. 
Regularization using penalty weighted term along 
with image regularizer called adaptive 
regularization; this gives improvement in the PSNR 
value of the restored image. The proposed method 
is very well performed here. And also the future 
work can be extended for higher order priors. 

 

Fig.7: The above graph represents the result for l 2 
and l p norm adaptive regularization. 
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