
 

      
Abstract-- Streak artifacts have been one of the major classes of 

image artifacts resulting from excessive quantum noise in low-dose x-
ray CT. It has been shown that, to treat the noise in low-dose CT 
more accurately, both the analysis of the noise properties of the 
projection data and the development of a corresponding efficient 
filtering method are necessary.  From our previous analysis of the 
calibrated low-dose CT projection data, it was clearly seen that the 
data could be regarded as approximately Gaussian distributed with 
nonlinear signal-dependent variance.  Based on this observation, a 
penalized weighted least square (WLS) statistic framework was 
chosen for an optimal solution.  In this work, we further incorporated 
a novel a priori idea into the framework, which can accurately 
preserve more information in high-noise regions with a significant 
reduction of the streak artifacts.  This new penalty term was directly 
calculated from the sinogram. The method was tested by experimental 
data acquired at 120 kVp and 10 mA protocols, demonstrating a 
significant reduction on streak artifacts and noise suppression without 
sacrificing the spatial resolution.  

I. INTRODUCTION 

TREAK artifacts have been one of the major classes of 
image artifacts resulting from excessive x-ray quantum 

noise in low-dose x-ray CT (Computed Tomography). The 
reason is that, when several large and dense objects are present 
in the scanning field of view (FOV), for certain paths, it is 
more difficult for the x-ray photons to pass through and reach 
the detector. For example, if a patient’s arms are inside the 
FOV, and when the x-ray tube is at 3 o’clock or 9 o’clock 
position, x-ray photons have to pass both shoulder/arm bones 
and an extremely long soft tissue path before exiting the 
patient. As a result, very few x-ray photons can reach the 
detector [1]. Therefore, there are often some extremely noisy 
regions in the sinogram, which lead to streak artifacts in the 
reconstructed image. 

Figure 1(a) showed one slice of a shoulder phantom “raw” 
data collected with GE high-speed multi-slice spiral CT 
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operated at 120kVp and 10mA. The data was after machine 
calibration and logarithm-transformation. We can easily 
identify the two extremely noisy regions (denoted by A) from 
the picture, which lead to streak artifacts in the reconstructed 
image showed in Figure 3(a). It is worthy to point out that the 
other region of the sinogram is quite smooth compared with 
region A. To emphasize this, the projections from view angle 
00 and from view angle 900 were plot in Figure 1 (b) and (c), 
where the different SNR (signal to noise ratio) was observed.     

Considering the low-count nature of this modality with 
signal-dependent noise contamination, conventional 
approaches for the noise reduction by spatially invariant, low-
pass filters to smooth each projection image separately 
generate sub-optimal solutions in this situation.  Up to now, 
various forms of filtering techniques have been developed to 
spatially smooth the projection data and/or the reconstructed 
CT images, such as the adaptive trimmed mean filter, the non-
linear anisotropic diffusion filter, etc. [1,2] Although they 
succeed in some degrees for noise reduction prior or post to 
image reconstruction, the assumption of the noise model is not 
justified in their applications and further development is then 
limited. It has been shown that, to treat the noise in low-dose 
CT more accurately, the analysis of the noise properties of the 
projection data and the development of a corresponding 
efficient filtering method are two major problems to be 
addressed.    

From our previous works on analyzing the noise properties 
of calibrated low-dose CT projection data, it is clearly seen 
that the data can be regarded as approximately Gaussian 
distributed with a nonlinear signal-dependent variance [3].  
Based on this observation, a penalized weighted least-square 
(WLS) statistic framework is the choice for an optimal 
solution.  In this work, we further incorporate a novel a priori 
which can accurately preserve more information in the high-
noise regions characterized by the streak artifacts. This new 
prior information is directly calculated from the sinogram. 
Experimental study with GE multi-slice spiral CT data 
collected at 10 mA showed satisfactory result using our 
proposed method. 
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Fig. 1.  Sinogram of a shoulder phantom as scanned by a GE multi-slice 

spiral CT system at 120kVp and 10mA protocol.  Picture (a) is 3600 scan data, 
and A identifies the noisier region.  Profiles (b) and (c) were drawn from the 
sinogram (a), where (b) is for view angle 00 and (c) is for view angle 900, 
respectively.  We can observe that the projection at angle 00 is much more 
smooth as compared with projection at angle 900. The extremely noisy region 
A in profile (c) is because that rays in this region passed through bones and 
longer soft tissues. 
 

II. THEORY 
In this section, we first briefly discussed the statistical 

frameworks of maximum likelihood (ML) and maximum a 
posteriori (MAP) for sinogram image restoration. Then a new 
a priori idea was presented for preserving more useful 
information in the process. The new a priori reflected the 
unique property of a sinogram image. 

A. Maximum Likelihood Estimation 
For an x-ray CT sinogram, the data scanned at each view and 

each channel (detector element) can be considered as a statistic 
independent random process ix , which was proved to follow 

Gaussian distribution with mean iµ and variance 2
iσ  [3]: 
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It is easy to see that the maximum likelihood (ML) solution 
for iµ  is ix  itself, if the mean iµ  and the variance 2

iσ  were 
irrelative. However, from the literatures [3,4,5] and our 
previous analysis [2], it can be found that the variance is 
exponentially proportional to the mean 

)exp(2
ii ab µσ =       (3) 

where a and b are system dependent (but object independent) 
constants.  Taking derivative with respect to the mean iµ yield 
the following equation 
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where the solution iµ̂  can be easily obtained by using 
Newton-Raphson method. 

Sinogram restored by ML estimation can be regarded as the 
result of shifting the observed data ix  by a certain amount 
which is only determined by its own variance value. Hence, 
there is usually no any denoising effect in the resulted image. 

B. Maximum A Posteriori (MAP) Estimation 
One commonly used Bayesian approach in image denoising 

is the maximum a posteriori (MAP) estimation method which 
incorporates prior information. Denote by )(µP  the prior 

distribution for the unknown image T
N },,,{ 21 µµµµ L=  

(N is total number of pixels in the sinogram). Let X be the 
observed sinogram image ,},,{ 21

T
NxxxX L=  the MAP 

estimator is given by 
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where the Bayesian formula is used 
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It can be assumed that the observation at each pixel was 
independent of the other observations [4], so that the 
conditional probability of observed image X given mean image 
µ  can be simply expressed as 
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A general model for the prior distribution )(µP  is a 
Markov random field (MRF) which is characterized by its 
Gibbs distribution given by [5] 
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usually implemented in the MAP estimation method. This 
method regularizes its solution to be smooth in any region.  

Here, Z is a constant and α is weighting parameter. H is 
N*N square matrix, which has low-pass property.  For the 2D 
image, the core function of matrix H is often designed as [6] 
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By taking logarithm transformation, the MAP estimation 
became a penalized WLS problem [7]: 
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where )(µΦ denotes the cost function. The variance-
covariance matrix Σ is diagonal with the ith entry σi

2.   
Again, if the variance 2

iσ is irrelative to the mean iµ , there 
is a simple closed-form solution  

XH 111 )(ˆ −−− Σ+Σ= αµ       (11) 
If considering the variance dependence on the mean value, 

the MAP estimation will result in nonlinear sets of equations, 
which will be complicated to solve and the solution could be 
slightly different. In this paper, we neglected this dependency, 
but still used the relation of mean and variance to estimate the 
variance of each pixel in the sinogram in advance: first, the 
mean of each pixel was evaluated using local windows, and 
then the variance was estimated according to equation (3). 

A MAP estimation incorporated neighborhood information 
(the prior) into the equations and the low-pass property of the 
prior distribution regularized the resulted image to be smooth 
in any region. The parameter of the prior, α , is particular 
important, which controls the balance of the influence of the 

Gibbs prior and that of the likelihood, hence affects the image 
quality. 

C. New Priori for Sinogram 
It was noticed that the smoothing achieved by MAP method 

was mainly determined by the penalty term incorporated with 
the neighborhood information, which requires that the intensity 
of any specific pixel to be close to the intensities of its 
neighbors. For an unknown regular image, (e.g. a photo 
picture), this piece-wise smooth property is usually what we 
can only expected. However, for a sinogram image, we 
actually knew more than that. As illustrated in Fig. 2, the 
intensity of one pixel in a sinogram is determined by the object 
being scanned, which can be estimated from the whole 
sinogram. In another word, all pixels (i.e. projection rays) in 
the sinogram, not only its neighbors, provide useful 
information.  

 
Fig. 2.  Different property of a Sinogram from other piece-wise images. 

The intensity of one pixel in a sinogram is determined by the object being 
scanned, which can be estimated from the whole sinogram. Therefore, all rays, 
not only its neighbors, provide useful information. 

 
Since any individual view of a sinogram contains 

information that contributes to other views, the data coming 
from relatively smooth area in the sinogram can be used to 
construct the a priori information when the noise reduction is 
performed in the relatively more noisy area (i.e., Fig. 1. 
regions A).  For example, since the SNR of the projection at 
view angle 00 is much higher than that at view angle 900, (see 
Fig. 1. (b) and (c)), and they reflect some overlap information 
of the scanned object, it is better to apply this knowledge when 
we are smoothing the noise at view angle 900.  Based on this 
observation, we incorporated a new a priori term into the 

0-7803-8258-7/03/$17.00 (C) 2003 IEEE



 

penalized WLS equation (10), as described by G in the 
following cost function: 
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where X̂ is an intermediate estimation for the data in noisy 
regions (labeled by A in Fig. 1.), which was calculated from 
the whole sinogram by re-projection. 

The equations with the new prior term still have a closed-
form analytical solution  

)ˆ()(ˆ 111 XXIH ββαµ +Σ++Σ= −−−     (13) 
and the data processing was very efficient. 

III. EXPERIMENTAL RESULTS 

To validate our method, a shoulder phantom was scanned by 
the GE spiral CT scanner with fan-beam curved detector array. 
The distance from the center of rotation (COR) to the curved 
detector is 408.075 mm. The detector array is on an arc 
concentric to the X-ray source with a distance between the X-
ray source and the COR equal to 541.00 mm. The detector cell 
spacing is 1.0239 mm. The protocol of 120kVp and 10mA was 
used for the scanning, and the number of channels per view 
was 888 with total 984 views evenly spanned on a circular 
orbit of 3600. The detected photon number after system 
calibration and logarithm transform was our raw data, i.e. the 
sinogram showed in Fig. 1a. 

The sinogram was first reconstructed by the conventional 
fan-beam filtered back-projection (FFBP) method with the 
Ramp filter, where streak artifacts were very clear, (see Fig. 
3a). Secondly, we smoothed the sinogram with our proposed 
method, and reconstructed the processed sinogram with the 
same FFBP method. The result image was dramatically 
improved, where most of the artifacts were removed, see Fig. 
3b and 3c (the difference image). The computational time for 
processing the sinogram, including variance calculation, 
intermediate sinogram estimation, and the penalized WLS with 
new prior smoothing, is is less than 1 minute at a PC Pentium 
550Hz platform in this experiment. 

IV. DISCUSSIONS AND CONCLUSIONS 
The essential part of this method is the penalized term we 

added in, which preserves more accurate information when the 
extremely noisy region is being smoothed. This prior 
information comes from the unique characteristic of a 
sinogram image, and will not be applicable for other normal 
images. The processed sinogram after reconstruction by the 
conventional FFBP method showed dramatic improvements 
compared with original reconstructed image. 

 (a)  

 (b)  

 (c) 
 

Fig. 3.  Picture (a) is the reconstruction result from the original noisy data 
by FFBP method.  Picture (b) is the FFBP reconstruction result with noise and 
streak artifacts  reduction using the proposed method.  Picture (c) is the 
difference image by subtracting (b) from (a). 

 
Since the variance estimation is not optimized, (the 

dependence on the mean value was neglected), the MAP 
estimation become relatively simpler. In the future, the 
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variance and mean relation dependency may be incorporated in 
the statistic model, which may lead to different results. 
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