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ABSTRACT 
The main objective of the work is to improve the quality of Low Dose Computed Tomography (LDCT) images by removal of Streak 
Artifacts. This is achieved via   Image Decomposition and Dictionary Learning (DL) techniques. In this proposed work LDCT image 
is decomposed into the Low Frequency (LF) region and High Frequency (HF) region by means of a bilateral filter. From the output 
of the filter , the HF component is applied to MCA based image decomposition and the image is decomposed to Artifact component 
and Tissue component .These features of the image are trained by Dictionary Learning (DL) technique and Sparse coding. The 
tissue component is combined with the LF part to obtain the artifact suppressed image. The advantage of the proposed method is 
there is no need of collection of training images in advance whereas; the other methods require collection of training samples. 
 
KEYWORDS: Artifact removal, Dictionary learning, Image decomposition, Low-dose CT, Sparse representation.  

 

INTRODUCTION 

 

The first Computed Tomography (CT) scanner was developed by Sir Godfrey in 1972, where X-rays are 

used for generation of two-dimensional, cross section images of the body. Then images are acquired by the rapid 

rotation of 360 degree around the patient.  The low-dose CT scan is recommended for lung cancer screening 

where it can show early-stage brain cancers that may be too small to be detected. Both the High dose and Low 

dose (CT) scans are used for detection of cancers. By following the High dose computed tomography (CT) 

scans may increases the lifetime risk of cancer induced by x-ray radiation. So the Low-dose CT (LDCT) is used 

because it reduces the risk caused by intense radiations for patients. The more practical and widely used to 

achieve LDCT is to lower x-ray tube current by modulating the setting of mAs (milli ampere second). The next 

generation of CT scanners like Multislice’s performs multiple slices per tube rotation, by increasing the 

coverage area of patient in a given time by the X-ray beam. Each of the CT slice is thus subdivided into a matrix 

of 1024 × 1024 elements (pixels). Each of the pixel been traversed by numerous X-ray photons during the scan 

and the intensity of transmitted radiation measured by detectors. From these values, the density of the tissue at 

each point in slice has been calculated. The Specific   values are assigned to each individual pixel. The viewed 

image is then reconstructed as the corresponding matrix of picture elements. 

An artifact is an appearance that is found on image, which is actually does not exist. It occurs in all imaging 

modalities and is thus unavoidable. It is important to recognize the presence of artifacts in order to avoid the 

confusion in pathology. However, by the increasing speed of image acquisition in a single breath hold by the 

most of the modern scanners, the most of the artifacts minimized. Then motion artifacts are caused by the 

movement of patients during a scan, which is commonly due to breathing. The Streak (beam hardening) artifact 

causes dark ‘streaks’ behind high-density objects.  
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In this paper, streak artifacts removal as image decomposition problem is based on MCA. In this formulated 

method, the proposed LDCT image is first decomposed into the low-frequency (LF) and high-frequency (HF) 

parts by a bilateral filter (BF). Then the HF part is decomposed into the artifact component and the tissue 

component by performing dictionary learning and sparse coding techniques. The tissue component is then 

combined with the low frequency (LF) part to obtain the artifact-suppressed image. By which most of the noise 

in image are removed. At last, for the further suppressing the residual artifacts and noise, a DL- based de-

noising method is then applied. The major contribution of this paper is that the dictionary learning for 

decomposing the artifacts from the HF part is totally automatic and self-contained, where no other extra training 

samples is required.  

 

Bilateral Filter,  MCA-Based Image Decomposition, Sparse Coding & DL-based Denoising Method: 

A.  Bilateral Filter: 

Bilateral filter is a non-iterative and locally adaptive method for the removal of noise from the images while 

preserving the edge information. The filter calculates the pixel value I (i, j) at pixel (i, j) by using the weighted 

average of the pixels located in a neighborhood   window of size N, which is given by  

 
^

         I (i, j)
= 

∑ 𝐼(𝐾,𝑙)𝜔(𝑖,𝑗,𝑘,𝑙)𝐾,𝑙∈ 𝑁𝑖𝑗

∑ 𝜔(𝑖,𝑗,𝑘,𝑙)𝐾,𝑙∈ 𝑁𝑖𝑗

                                  (1) 

is the value of weight, which is given by  

 

𝜔(𝑖, 𝑗, 𝑘, 𝑙) = exp (−
(i−k)2+(j−l)2

2σ1
2  - 

||I(i,j)−I(k,l)||2

2σ2
2 )             (2) 

Where σ1 and σ 2 are the spatial and intensity domain standard deviations, respectively. From (2), we can 

notice that the value of weight 𝜔 (i, j, k,l) is determined according to the spatial proximity and intensity 

similarity between the center and the neighboring pixels, so that the filter can smooth an image while preserving 

edges.  

 

B. MCA-Based Image Decomposition: 

MCA is used to utilize the morphological diversity of different features in an image to decompose the 

image into different morphological components, where each can be sparsely represented by selected dictionary. 

Suppose an image I of N pixels is a linear combination of the M layers (called morphological components), and 

the i the layer. To decompose the image I into M layers, the MCA method thus minimizes the following energy 

function. 

 

E({Ii}i=1
M  , { θi}i=1

M ) = 
1

2
 || I − ∑ Ii

M
i=1 ||2  

2 +  τ ∑ E(Ii,
M
i=1 θi)               (3) 

Where I is regularization parameter and E is energy function, which is defined as 

 

E (Ii, θi) = ∑ (N
p=1

1

2
||Ii

p
− Diθi

p
||2

2+λ|| θi
p

||1)                     (4) 

 

For the proposed method, we cannot directly apply (3) and (4) to solve the artifact removal problem. The 

major differences between the proposed method and traditional MCA-based approaches are described below. 

More details about MCA approaches were discussed. 

 

C.  Sparse Coding: 

Sparse coding is the process of computing the sparse coefficients σ based on the given signal y and the 

dictionary D. This process can be solved by the following problem 

 

𝑚𝑖𝑛𝛼||𝛼||0  S.t.||y-D𝛼||2
2 ≤ 𝜀, ||𝛼||0 ≤ T                         (5) 

 

Where T is the sparse level limit, and 𝛼 denotes the tolerance parameter. Generally this problem is complex 

and very hard to solve, as one usually looks for approximated solution, which can be obtained by the orthogonal 

matching pursuit (OMP) algorithm.  

 

𝑎𝑟𝑔𝛼min (
1

2
||y-D𝛼||2

2 + λ||α||1)                                      (6) 

 

Where λ is called regularization parameter 

 

D.  DL-based Denoising Method: 

The DL-based Denoising method can be expressed below as follows, 
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𝑚𝑖𝑛𝐷,𝛼,𝑥 λ||x-y||2
2++ ∑ 𝜇𝑖𝑗𝑖𝑗 ||𝛼𝑖𝑗||0 + ∑ ||𝑖𝑗 𝑅𝑖𝑗𝑥 − 𝐷𝛼𝑖𝑗||2

2              (7)  

 

In the expression, the first term is the data fidelity term, which ensures the consistency between processed 

image x and original image y. The second and third terms are prior to image. The subscript ij indexes each 

image pixel index (i, j) 

 

  ∀𝑖, 𝑗, 𝑚𝑖𝑛𝐷,𝛼 ||𝛼𝑖𝑗||0s.t.|| 𝑅𝑖𝑗𝑥 − 𝐷𝛼𝑖𝑗||2
2 ≤ 𝜀, ||𝛼||0 ≤ 𝑇                 (8) 

    𝑚𝑖𝑛λ𝑥||𝑥 − 𝑦 ||2
2 + ∑ ||𝑅𝑖𝑗𝑥 − 𝐷𝛼𝑖𝑗||2

2
𝑖𝑗                     (9) 

 

The tolerance parameter £ in Eq. (8) is modulated according to level of noise/artifact. Eq. (8) can be solved 

efficiently by performing the dictionary learning algorithm, such as K-means singular value decomposition (K-

SVD) algorithm or online dictionary learning approach, with the replacement of x by the original image y, 

where the sparse coding is achieved via OMP. Then, with fixed dictionary D and, through zeroing the first order 

derivative of the   Eq. (9) with respect to x, we can obtain the output image x: 

 

X= (λE=∑ 𝑅𝑖𝑗
𝑇

𝑖𝑗 𝑅𝑖𝑗)−1(λy+∑ 𝑅𝑖𝑗
𝑇

𝑖𝑗 𝐷𝛼𝑖𝑗 )                     (10) 

 

The proposed method includes three steps. In the first step, an input LDCT image I is decomposed into the 

LF and the HF parts by a Bilateral filter. In second step, the HF part is then decomposed into the artifact and 

tissue component by using an MCA-based artifact removal method. Then the tissue component is obtained, 

which is combined with the low frequency (LF) part to obtain the artifact-suppressed image Iˆ. In the final step, 

the DL-based denoising method is further applied to remove the residual artifacts and noise. 

Traditional MCA-based algorithms usually use a fixed dictionary to sparsely represent every component of 

an image. Thus the selection of dictionaries becomes heavily empirical, and the final results mostly depend on 

the choice of the dictionaries. For collecting training samples in advance to learn dictionaries, selecting a proper 

sample set remains a challenging problem since artifacts in different regions of image exhibit different 

characteristics. In order to train the artifact dictionaries, artifact patches are selected from the ten typical LDCT 

images carefully under the guidance of an experienced doctor. Thus different from the traditional MCA using 

fixed dictionaries and the pre-collecting method, we advocate the learning of dictionaries from  𝐼𝐻𝐹 . Traditional 

MCA-based approaches process the images in the pixel domain. However, for an LDCT image, it is not easy to 

decompose the image directly an into its geometric and artifact components, because the geometric and artifact 

components are highly mixed in the pixel domain. This makes the dictionary learning process difficult to 

identify the “geometric atoms” and “artifact atoms” from the pixel-domain training patches with mixed 

components, which may lead to blurring of images. Therefore, we first decompose an LDCT image into the LF 

and HF parts. The most basic information of the image is in the LF part, whereas the artifact component and the 

tissue component are mainly retained in the HF part. The decomposition problem is converted to decomposing 

the HF part into the artifact and tissue components. Traditional MCA-based approaches are achieved by 

iteratively performing the MCA method and the dictionary learning. The proposed work is a non-iterative 

except that the dictionary learning, sparse coding are essentially iterative. 

 

Proposed Method: 

E.  MCA-Based Artifact Removal Method: 

The first step aims at decomposing an LDCT image into the LF part and the HF part, i.e.  𝐼 = 𝐼𝐿𝐹 + 𝐼𝐻𝐹   

Once 𝐼𝐻𝐹  is obtained, we learn a dictionary 𝐷𝐻𝐹   from 𝐼𝐻𝐹  by applying an efficient online DL method which 

minimizes a cost function with the 1/ l regularization term, that is 

 

 𝑚𝑖𝑛𝐷𝐻𝐹,𝜃𝑘
1

𝑙
 ∑ (

1

2

𝑙
𝑘=1 ||𝐼𝐻𝐹

𝑘 − 𝐷𝐻𝐹𝜃𝑘||2
2 + 𝜇||𝜃𝑘||1 )           (11)     

 

Where 𝐼𝐻𝐹
𝑘 (𝑘 = 1,2 … . , 𝑙) are a set of overlapping patches extracted from  𝐼𝐻𝐹 , 𝜃𝑘  denotes the sparse 

coefficients of  𝐼𝐻𝐹
𝑘   with respect to 𝐷𝐻𝐹  is a regularization parameter. The displays one dictionary learned from 

the HF part, from which, we can see that streak artifact atoms, containing some fine straight lines, are obviously 

different from the tissue ones. So, the dictionary can be roughly divided into two sub dictionaries for sparsely 

representing the tissue and the artifact components of HF. 

  

F.  Pre-processing stage: 

In the pre-processing step, we thus decompose an LDCT image into the LF and HF, i.e.; I_LF+I_HF, by 

applying BF. This filter can smoothen an image while preserving edges. The filter can be replaced by the K-

SVD-based filtering technique. It shows an example of producing the HF using BF to the K-SVD-based filtering 

techniques respectively. We can see that most basic information of the LDCT image is finally included in the LF 
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part, and the artifact component and the tissue information are mainly retained in the HF part. Considering the 

processing time, we choose the BF to decompose LDCT images. This is because of the BF is non-iterative and 

is superior to the iterative K-SVD-based filter on its processing time 

 

 
Fig. 1: Block Diagram 

 

 
Fig. 2: Bilateral filtering 

 

 
Fig. 3: Binary component output 

 

 
Fig. 4: Decomposition by coarseness 



338   T.K. Santhosh and S. Hariprasath., 2017/Advances in Natural and Applied Sciences. 11(9) July 2017, Pages: 334-340 

 

 
 

Fig. 5: Decompositin by contrast 

 

 
 

Fig. 6: Decomposition by directionality 

 

 
Fig. 7: MCA output 

 

 
 

Fig. 8: Clear image by Dictionary Learning 
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Fig. 9: Directionality trained patches 

 
Table 1: PSNR value for sample images 

Denoised image  PSNR (dB) 

Image 1  54.8461dB 

Image  2  53.495dB 

Image 3  52.9108dB 

Image 4  52.6362dB 

Image 5  53.5258dB 

 

Conclusion:  

In this paper, we have proposed a learning-based artifact removal for improving the quality of LDCT 

images. The proposed method formulates streak artifacts removal as an image decomposition problem based on 

MCA. In order to obtain the dictionaries characterizing streak artifacts and tissue  features, we first learn an 

over-complete dictionary from the HF part of an input LDCT image, then the direction and frequency 

characteristics of the streak artifacts are exploited to divide the dictionary into two sub dictionaries. The artifacts 

are removed by performing the sparse coding based on separated tissue structure sub dictionary. At last, for 

further improving the image quality, the K-SVD method is applied. Other than previous researches with sparse 

representation, our method does not need to collect training image in advance and the dictionary learning is 

totally automatic and self-contained. The experimental results show that the proposed method achieves a better 

performance in suppressing artifacts. For the future research, the performance of our method may be further 

improved in the image quality and computational complexity. On one hand, in order to enhance the performance 

of artifact removal, we may look for more appropriate ways of differentiating the artifact atoms from tissue 

atoms. On the other hand, in order to reduce the computational costs, we may use pre-trained dictionaries and 

accelerate the loop calculations in the DL method. 
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