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ABSTRACT 
 

Obtained images through imaging systems are considered as degraded versions of the original view. 
Computed Tomography (CT) images have different types of degradations such as noise, blur and contrast 
imperfections. This paper handles the issue of deblurring CT medical images affected by Gaussian blur. 
Image deblurring is the procedure of decreasing the blur amount and grant the filtered image with an 
overall sharpened form. In this paper, the authors considered the Laplacian sharpening filter and the 
iterative Richardson – Lucy algorithm, and implemented a mixture of these two techniques to process the 
CT medical images. The suggested technique is applied to medical images that are synthetically and 
naturally degraded by blur. Moreover, an evaluation between the proposed combination and each employed 
technique is provided, along with the accuracy calculation using the universal image quality index (UIQI). 
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1. INTRODUCTION  
 

Medical image processing is the fastest growing 
field of imaging science nowadays [16]. 
Miscellaneous kinds of medical images such as 
Magnetic Resonance Imaging (MRI), Computed 
Tomography (CT), Ultrasonography (USG), 
Magnetic Resonance Angiography (MRA), Position 
Emission Tomography (PET), Single-Photon 
Emission Computed Tomography (SPECT) and 
functional MRI (fMRI) [17] utilize the image 
processing techniques because of various types of 
degradations. This paper focuses on CT medical 
images. This type of medical images owns lots of 
degradations such as noise [18] blur [20] and 
contrast imperfection [19] that spoils the image 
quality and hampers the process of acquiring 
precise medical information.  This paper handles 
the matter of deblurring CT medical images only.  

When the blur affects the CT images, it decreases 
the visualization and visibility of the small 
components in the image [20]. Therefore, Image 
deblurring techniques are extensively employed to 

recover back the undegraded form of the image 
from its corrupted version and grant the image a 
sharper appearance because acquired images are 
considered as the degraded version of that view [9]. 
The type of blur that spoil the CT medical images is 
proven to be a Gaussian blur [10].  

Many reasons led to have blurry CT images for 
instance, the finite size of the X-ray source focal 
spot and the detector element within the CT array 
[11], the imaging system owns an imperfect 
resolution [12], and Image data lost throughout the 
image acquisition [13]. The purpose of writing this 
paper is to deliver an improved procedure in 
deblurring images that are degraded by Gaussian 
blur particularly CT medical images. As a final 
point, Enhancements in imaging technology and 
algorithms have obviously increased the clarity of 
medical images, and contributed to a better 
diagnosis [21]. Because of the blurring artifact in 
the CT medical images, the need to decrease the 
amount of blur and enhance the overall image 
quality is also increased since CT images are vital 
instruments for the diagnosis of serious diseases. 
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2. DEBLURRING PROCEDURE 
 

The deblurring procedure begins by employing a 
sharpening filter such as the Laplacian filter as an 
initial mode of deblurring. After that, an iterative 
deblurring algorithm such as Richardson - Lucy 
algorithm is utilized to decrease the residue of the 
blur and grant the image a better sharpened look. 
Before applying the iterative algorithm, the point 
spread function (PSF) must be calculated to be used 
within the deblurring algorithm. The proposed 
scheme is explained as the subsequent:  

2.1 Point Spread Function (PSF) Calculation 
The PSF is the degree of spreading (blurring) a 

point of light (pixels) caused by imaging systems or 
techniques [14]. Prior to the initiation of the 
deblurring process, the PSF must be computed [15]. 
When using iterative deblurring algorithms such as 
Richardson – Lucy to process an image, the PSF 
must be computed since it will be utilized within 
the deblurring algorithm [6]. The type of PSF used 
in this paper is the Gaussian PSF. Thus, the blur 
parameter (σ) must be determined along with the 
size of the PSF matrix, the PSF equation is [5]:  
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In this paper, the PSF size is a 3×3 and sigma (σ) 
is equal to (1). The PSF is extremely essential in the 
deblurring techniques since the quality of the image 
depends on it. 

2.2 Laplacian Sharpening Filter 
Sharpening images using a Laplacian filter is 

commonly performed to grant the processed image 
with better visual details and highlight fine features. 
Laplacian kernels are a 3×3 matrix that is 
convolved to the image. The outcome of the 
convolution is considered as a mask that will be 
subtracted from the degraded image to procedure 
the sharpened image. There exist various Laplacian 
kernels sorts. In this experiment, the sort of kernel 
used is shown in Figure 1 [4]. 
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Figure 1: The Laplacian Kernel 

The Laplacian sharpening equation can be 
designed as: 

   – [ ] R I I K= ⊗  

Where, (R) is the resulted sharpened image, (I) is 
the blurry image, (K) is Laplacian kernel, and (⨂) 
is the convolution operation.  

2.3 Iterative Richardson-Lucy Algorithm 
When it comes to image deblurring, there exist 

different algorithms that recover corrupted images. 
The Richardson-Lucy algorithm is one of the most 
famous algorithms in this field, and it has been used 
to restore the images that are degraded by a known 
PSF [14]. This algorithm owns some positive 
properties such as it can function well in the event 
of noise existence, prior information about the 
original image is not required and the repetition 
(Iterative) feature [1] [2]. The formula of the 
Richardson-Lucy algorithm can be described as [3]: 
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Where f n+1 is the new approximation from the 
prior image f n, (g) is the blurry image, (n) is the 
iteration number, (H) is the blur filter (PSF), (H*) is 
the Adjoint of (H), and (f n) = g in the first iteration. 

 
3. DETERMINING THE ACCURACY  
 

Universal image quality index (UIQI) is one of 
the most famous metrics in measuring the accuracy 
between two images because it employs various 
aspects in its measurements such as luminance, 
contrast, and structural comparisons. The UIQI 
outcome is a value in the interval of [-1 to 1]. The 
finest quality images are the images that own a 
value that is near to (1). The formula of UIQI is as 
the following [7]: 
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Where, ( 2
xσ ) is the variance of ( xμ ), ( xyσ ) is the 

covariance of ( x y μ ,μ ), ( xμ ) = {x1… xn} [8]. 

4. EXPERIMENTAL RESULTS  
 

The experiment contains two parts. The first part 
is to apply the suggested method on synthetically 
degraded CT images by Gaussian blur to and 
compare the results accuracy of the Laplacian filter, 
Richardson-Lucy, and the proposed technique to 
determine which method gives the highest 
accuracy. The second part is to apply the proposed 
technique to images degraded naturally by the CT 
imaging systems. In this experiment, two 
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synthetically degraded CT images have been used, 
both of them are degraded by Gaussian blur, but the 
amount is different. Figure 2 shows the original and 
the degraded images. Figure 3 and 4 demonstrates 
the results of the experiment, and Table 1 displays 
the experiment accuracy measurement values. 

   

 
 

 
Figure 2: Images From Top To Bottom: Original CT 

Image, Degraded By Gaussian Blur (Radius =1), 
Degraded By Gaussian Blur (Radius =2). 

  

  

 
Figure 3: CT Image Degraded By Gaussian Blur (Radius 

=1) Restoration From Top To Bottom: Restored By 
Laplacian Filter, Restored By Richardson-Lucy 

Algorithm, Restored By The Suggested Procedure. 
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Figure 3: Ct Image Degraded By Gaussian Blur (Radius 

=2) Restoration From Top To Bottom: Restored By 
Laplacian Filter, Restored By Richardson-Lucy 

Algorithm, Restored By The Suggested Procedure. 

Table 1: The Accuracy Measurement Values Of The 
Previous Experiment. 

Methods UIQI 1 UIQI 2 
Degraded Image 0.7854 0.6464 
Laplacian Filter 0.8227 0.6922 
Richardson-Lucy 0.8348 0.7022 
Suggested Technique 0.8562 0.7502 
 
Where, UIQI1 represents the image degraded by 

Gaussian blur (Radius =1) and its restored versions. 
UIQI2 represents the image degraded by Gaussian 
blur (Radius =2) and its restored versions. From the 
table above, the proposed procedure gave the 
highest accuracy value when measuring with UIQI. 
The second part of the experiment is to apply the 
suggested method to images that are naturally 
degraded by the CT scans imaging devices. Figure 
5, 6 shows the CT images and their restored 
versions. 

 

 
Figure 5: Images From Top To Bottom: Naturally 

Degraded CT Image With Gaussian Blur, Its Restored 
Version With The Proposed Technique. 
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 Figure 6: Images From Top To Bottom: Naturally 

Degraded CT Images With Gaussian Blur And Their 
Restored Version With The Proposed Technique. 

5. CONCLUSION  
 

This paper introduces a novel technique to deblur 
images spoiled by Gaussian blur, especially CT 
medial images. The proposed procedure involves 
combining a sharpening filter such as a Laplacian 
filter with an iterative deblurring algorithm such as 
the Richardson-Lucy Algorithm to deblur the 
degraded image. The reason of this combination is 
that, the Laplacian filters perform fast and well with 
the Gaussian blur, but the problem is the amount of 
needed sharpness cannot be tuned when using these 
filters. Likewise, the iterative deblurring algorithms 
such as Richardson-Lucy require time to deblur 
images due to the iterative process, and many 
mathematical operations involved in each 
algorithm. The mix of these two techniques allows 
better tuning for sharpening amount and less 
iteration involve in the deblurring process, causing 
faster, more efficient and more accurate results. The 
proposed method has been compared with the 
Laplacian filter, the Richardson-Lucy algorithm, 
and the suggested technique where it gave the 
highest score using the UIQI metric. 

REFRENCES: 
 

[1] J.  ZhengMao,   Y.  Jianyu,   L.  LiangChao   
and    Z. Xin.  A  Projected WRLA Super-
Resolution Algorithm for PMMW Imaging. 
IEEE International Conference on 
communications, Circuits and Systems 
(ICCCAS), 2008, pp. 702-705, May 25-27; 
Fujian, China. 

[2] T.  T.  Fister,   G.  T.  Seidler,   J.  J.  Rehr, J.  J.  
Kas, W.  T.  Elam, J.  O. Cross and K. P. Nagle.  
Deconvolving   Instrumental   and   Intrinsic   
Broadening   in Excited   State X-ray 
Spectroscopies.  Physical Review B, University 
of Washington, Seattle, Washington, Vol. 75, 
Issue 17, 2007.  

[3] E.  Shaked, S.  Dolui   and   O.  V.  
Michailovich.   Regularized   Richardson-Lucy   
algorithm   for reconstruction of Poissonian 
medical images. IEEE International Symposium 
on Biomedical Imaging: From Nano to Macro, 
2011, pp. 1754 - 1757. March 30 – April 2; IL, 
USA.  

[4] R.  C.  Gonzalez, R.  E.  Wood and S.  L.  
Eddin. Digital Image Processing Using 
MATLAB.  (1st Edition) Upper Saddle River, 
New Jersey, USA: Pearson Prentice-Hall, pp. 99 
– 103, 2004. 

http://www.jatit.org/


Journal of Theoretical and Applied Information Technology 
 15th December 2012. Vol. 46 No.1 

© 2005 - 2012 JATIT & LLS. All rights reserved.  
 

ISSN: 1992-8645                                                       www.jatit.org                                                          E-ISSN: 1817-3195 

 
36 

 

[5] Z. Al-Ameen, G. Sulong and Md. Gapar Md. 
Johar. A Comprehensive Study on Fast image 
Deblurring Techniques. International Journal of 
Advanced Science and Technology, Vol. 44, pp. 
1-10, 2012. 

[6] Z. Al-Ameen, D.  Mohamad, M.  Shafry M. R. 
and G. Sulong.  Restoring Degraded Astronomy 
Images using a Combination of Denoising and 
Deblurring Techniques. International Journal of 
Signal Processing, Image Processing and 
Pattern Recognition, Vol. 5, No. 1, 2012. 

[7] A. Bouzerdoum, A. Havstad, and A. Beghdadi, 
'Image quality assessment using a neural 
network approach', Proceedings of the Fourth 
IEEE International Symposium on Signal 
Processing and Information Technology, pp. 
330 – 333, 2004. 

[8] E. Blasch, X. Li, G. Chen, and W. Li. Image 
quality assessment for performance evaluation 
of image fusion. IEEE 11th International 
Conference on Information Fusion, pp. 1-6, 
2008. 

[9] J.  H.  Pujar and K.  S.  Kunnur.  A  Novel 
Approach for Image Restoration via Nearest 
Neighbour Method. Journal of Theoretical and 
Applied Information Technology, Vol. 14, No. 
2, 2010. 
[10]  M. Jiang, G. Wang, M. W. Skinner, J. T. 

Rubinstein and M. W. Vannier. Blind 
Deblurring of Spiral CT Images. IEEE 
Transactions on Medical Imaging, Vol. 
22, No.7, pp. 837 – 845, 2003.  

[11]  E. Rollano-Hijarrubia, R. Manniesing and 
W. J. Niessen. Selective Deblurring for 
Improved Calcification Visualization and 
Quantification in Carotid CT 
Angiography: Validation Using Micro-CT. 
IEEE Transactions on Medical Imaging, 
Vol. 28, No. 3, pp. 446 – 453, 2009. 

[12]  M. N. Hussien and M. I. Saripan. 
Computed Tomography Soft Tissue 
Restoration using Wiener Filter. 
Proceedings of IEEE Student Conference 
on Research and Development (SCOReD). 
13-14 December. Putrajaya, Malaysia, pp. 
415 – 420, 2010. 

[13]  T. D. Pham. Medical Image Restoration 
using Multiple-Point Geostatistics. IEEE 
3rd International Conference on 
Biomedical Engineering and Informatics 
(BMEI), 16-18 October. Yantai, China, pp. 
371 – 374, 2010. 

[14]  N. Gulati and A. Kaushik. Remote Sensing 
Image Restoration Using Various 

Techniques: A Review. International 
Journal of Scientific & Engineering 
Research, Vol. 3, No. 1, 2012. 

[15]  E. Myasnikova, S. Surkova, M. 
Samsonova and J. Reinitz. Estimation of 
Errors in Gene Expression Data 
Introduced by Diffractive Blurring of 
Confocal Images. 13th International 
Machine Vision and Image Processing 
Conference, St. Petersburg, Russia, 2009, 
pp. 53-58.  

[16]  D. Ganguly, S. Chakraborty and T. Kim. A 
Cognitive Study on Medical Imaging. 
International Journal of Bio-Science and 
Bio- Technology, Vol. 2, No. 3, pp. 1 – 18, 
2010.  

[17]  S. Das, M. Chowdhury and M. K. Kundu. 
Medical image fusion based on ripplet 
transform type-i. Progress in 
Electromagnetics Research B, 30, 355-
370, 2011. 

[18]  H. Takahashi, M. Komatsu, H. Kim and J. 
K. Tan. Segmentation Method for Cardiac 
Region in CT Images Based on Active 
Shape Model. IEEE International 
Conference on Control Automation and 
Systems (ICCAS). 27-30 October. 
Gyeonggi-do, South Korea, 2074 – 2077, 
2010, 

[19]  H. S. Bhadauria, M. L. Dewal and R. S. 
Anand. Comparative Analysis of Curvelet 
based techniques for denoising of 
Computed Tomography Images. IEEE 
International Conference on Devices and 
Communications (ICDeCom). 24 - 25 
February. Mesra, Malaysia, pp. 1 – 5, 
2011. 

[20]  F. Attivissimo, G. Cavone, A. M. L. 
Lanzolla and M. Spadavecchia. A 
Technique to Improve the Image Quality 
in Computer Tomography. IEEE 
Transactions on Instrumentation and 
Measurement, 59(5), 1251 – 1257, 2010. 

[21]  T. Acharya and A. K. Ray. Image 
Enhancement and Restoration, in Image 
Processing: Principles and Applications, 
John Wiley & Sons, Inc., Hoboken, NJ, 
USA, 2005. 

http://www.jatit.org/

	1 ZOHAIR AL-AMEEN, 1 GHAZALI SULONG, 2 MD. GAPAR MD. JOHAR

