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ABSTRACT
Low-dose CT (computed tomography) sinogram data have been shown to be signal-dependent with an analytical
relationship between the sample mean and sample variance. Spatially-invariant low-pass linear filters, such as the
Butterworth and Hanning filters, could not adequately handle the data noise and statistics-based nonlinear filters may be
an alternative choice, in addition to other choices of minimizing cost functions on the noisy data. Anisotropic
diffusion filter and nonlinear Gaussian filters chain (NLGC) are two well-known classes of nonlinear filters based on
local statistics for the purpose of edge-preserving noise reduction. These two filters can utilize the noise properties of
the low-dose CT sinogram for adaptive noise reduction, but can not incorporate signal correlative information for an
optimal regularized solution. Our previously-developed Karhunen-Loève (KL) domain PWLS (penalized weighted
least square) minimization considers the signal correlation via the KL strategy and seeks the PWLS cost function
minimization for an optimal regularized solution for each KL component, i.e., adaptive to the KL components. This
work compared the nonlinear filters with the KL-PWLS framework for low-dose CT application. Furthermore, we
investigated the nonlinear filters for post KL-PWLS noise treatment in the sinogram space, where the filters were
applied after ramp operation on the KL-PWLS treated sinogram data prior to backprojection operation (for image
reconstruction). By both computer simulation and experimental low-dose CT data, the nonlinear filters could not
outperform the KL-PWLS framework. The gain of post KL-PWLS edge-preserving noise filtering in the sinogram
space is not significant, even the noise has been modulated by the ramp operation.
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1. INTRODUCTION
Low-dose CT (computed tomography) imaging is clinically desired and has been under progress in the last decade [1].
Recently statistical modeling and iterative image reconstruction has shown good results [2]. We have been
investigating an alternative approach which treats the low-dose CT data noise in sinogram space for the Radon
transform and inverts the transform by the well-established FBP (filtered backprojection) for image reconstruction [3-8].
By repeated phantom experiments, the low-dose (or mA) CT sinogram data were found to follow approximately a
Gaussian distribution with a nonlinear dependence between the sample mean and sample variance, i.e., the noise is
signal-dependent [3]. The sample mean and variance dependence can be described by an analytical formula [3, 6, 7].
The noise properties of signal-dependence with a determined relationship between the mean and variance were modeled
into a PWLS (penalized weighted least square) cost function, and the cost function was minimized iteratively in the
sinogram space, followed by FBP image reconstruction with very good results [7, 8]. Utilizing Karhunen-Loève (KL)
transform to incorporate signal correlation for the PWLS minimization adaptive to each KL component was explored in
[4]. Further investigation by applying edge-preserving filters on the reconstructed low-dose CT images after the KLPWLS noise treatment was performed with excellent results in [5]. This work aims to answer two questions along our
research track [3-8]: (1) how do the statistics-based nonlinear filters perform for this low-dose CT application with
comparison to our KL-PWLS nonlinear adaptive noise filtering? And (2) can edge-preserving filters improve the
results after the ramp amplifying operation on the residue noise after the KL-PWLS operation prior to backprojection
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operation for image reconstruction? Two nonlinear edge-preserving filters below were investigated in this work,
which are based on local statistics and fully utilize the low-dose CT noise properties.
1.1 Anisotropic diffusion filter
The idea of anisotropic diffusion filter was first described by Perona and Malik [9] to detect edges in multiscale space.
The diffusive process is suppressed or stopped at boundaries where the diffusion strength is controlled by the gradient of
image intensity. Anisotropic diffusion filter has become very popular and has been proven to be effective for noise
reduction and edge preservation in medical imaging [10, 11]. Gerig et al. [10] applied it to enhance the MR (magnetic
resonance) images and Demirkaya [11] used it to reduce noise and image artifacts in CT images. However, as pointed
out by Saha and Udupa [12], one important drawback of this approach is that it does not provide image-dependent
guidance for selecting an optimum gradient magnitude. Therefore, many improved anisotropic diffusion filter
algorithms have been proposed to overcome those limitations. Saha and Udupa [12] proposed a scale-based diffusive
filtering algorithm using local scale information to control the degree of smoothing for different regions in the image.
Liang and Wang [13] proposed a local scale-controlled piecewise linear diffusion filter for selective smoothing and edge
detection.
1.2 Nonlinear Gaussian filters chain
The nonlinear Gaussian filters chain (NLGC) is another class of edge-preserving filters [14-16]. It is a process which
reduces noise in images while tries to keep the coarser structures in images. The image passes a chain of nonlinear
filters which are derived from Gaussian filters. The NLGC has several important advantages for noise reduction. It is
numerically robust (choice of the parameters is not critical). It is much faster than robust statistics estimation
smoothing. A chain of three to five filters with suitable parameters is enough to differentiate random noise from
intrinsic information (structure) in an image.

2. METHODS
2.1 Noise model
Our previous analyses [3, 6, 7] indicate that the calibrated projection data of low-dose CT follow approximately a
Gaussian distribution with an associated relationship between the data sample mean and variance which can be
described by the following analytical formula:
(1)
σ i2 = f i × exp( ρ i / S )
where ρ

i

is the mean and σ

2
i

is the variance of the projection data at detector channel or bin i, S is a scaling

parameter and f i is a parameter adaptive to different detector channels or bins.
2.2 Modified anisotropic diffusion filter
Mathematically, the anisotropic diffusion equation for a two-dimensional (2D) image can be formulated as [9]:

∂I ( x, y, t )
= div (c ( x, y , t )∇ I ( x, y , t ))
∂t

(2)

| ∇I ( x, y, t ) | 2
) ).
K

(3)

where div represents the divergence operator, ∇ represents the gradient operator, I(x,y,t) is the image intensity at time
step t, and c(x,y,t) is the diffusion coefficient that controls the strength of the diffusion process. The diffusion
coefficient is a monotonically decreasing function of the gradient magnitude of image intensity. It equals to one when
the gradient of image intensity is zero and becomes zero as the gradient approaches to infinity. This property of the
diffusion coefficient will lead to a diffusion process, which mainly takes place in the interior of a region while the
boundaries remain the same. In this paper, we adapt the following diffusion coefficient function that was proposed by
Perona and Malik [9]:

c ( x , y , t ) = exp( − (
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Choosing the four-nearest neighbors, the discrete formula of their algorithm [9] can be expressed as:
4

I xt +, y1 = I xt , y + λ ∑ c n • ∇ n I

(4)

n =1

where 0 ≤ λ ≤ 1 / 4 is chosen to stabilize the numerical scheme and n is the subscript to indicate the four nearest
neighbors of pixel (x, y).
In numerical implementation, three parameters need to be specified: the number of iterations, λ in equation (4) to
control the diffusion speed, and parameter K in equation (3) to estimate the noise level. Perona and Malik [9] proposed
two methods to estimate the noise level parameter K: (1) K was set empirically to some fixed value and (2) K was set, at
each iteration, to be the 90% value of the computed histogram of the absolute values of the gradient throughout the
updated result. Both methods are spatially invariant and do not take the noise properties into account. This could
lead to error for treatment of signal-dependent noise, such as the one existed in low-dose CT sinogram data [6, 7]. For
an accurate estimate of the nonstationary parameter K, the noise property of low-dose CT sinogram was then used.
In 2D case, two neighboring pixels in each sinogram image are involved in computing the gradient of image intensity.
It has been shown that the variance of the difference of two independent Gaussian random variables equals to the sum of
the variances of these two random variables. Based on this relationship, we propose to estimate K by the following
formula:
(5)
K = σ x2 , y + σ n2
where n was defined before. Based on equation (5), the noise level parameter K is spatially adaptive and the degree of
diffusion process depends on the noise level of the image or sinogram in this application. A larger variance will lead
to a higher degree of diffusion according to equations (3) and (5) and thus will make noise reduction more effective for
low-dose CT sinogram as shown below.
2.3 Modified nonlinear Gaussian filters chain
In this study, we adapted a similar NLGC as that of Aurich and Weule [14] and, therefore, similar notations will be used
throughout this paper. For an image with value I(p) at pixel p, a nonlinear Gaussian filtering operation is defined by
[14]:

Gσ x ,σ z I ( p ) = I ( p ) + η
with

g σ (t ) = exp( −

t2
)
2σ 2

1
Np

∑ gσ
q∈ P

and

x

( q − p ) gσ z ( I ( q ) − I ( p )) ⋅ ( I ( q ) − I ( p ))

(6)

N p = ∑ g σ x ( q − p )g σ z ( I ( q ) − I ( p )) .
q∈ P

where σx and σz are smoothing parameters measuring the width of g σ x and g σ z , respectively.

Notation P covers

the neighborhood of pixel p and η is chosen to provide numerical stability of the approximation. For sufficient
smoothing, several filtering steps with different parameters are usually performed. Formally it may be written by the
form of:

G σ xn σ zn ⋅ ⋅ ⋅ G σ x 1 σ z 1 I

(7)

A chain of three to five filters with suitable parameters is enough to differentiate random noise from intrinsic
information (structure) in an image [15, 16]. Choosing a “robust scale” [14] for rejection of edges for each pair of the
neighboring pixels p and q in terms of the population standard deviation σp,q, the smoothing parameter σz above can be
expressed as:

σ

z

p ,q

= ω ⋅σ

p,q

=ω ⋅

σ

2
p

+σ

2
q

(8)

where notation ω is a normalization weight and can be determined by the filtering function; and σp and σq are the
standard deviation of pixel p and q, which can be determined by equation (1). Thus, the choice of parameter σz is
spatially variant and locally adaptive to the noise variation.
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2.4 KL domain penalized weighted least-square minimization noise filter
Based on the noise properties of low-dose CT sinogram, we previously proposed KL-PWLS minimization to suppress
the noise in low-dose CT projection images. In the KL-PWLS filtering scheme, the KL transform is first applied to
account for the correlative information among the neighboring views of tomographic projections. Then for each KL
component, PWLS criterion was used to estimate the ideal signal. FBP was employed to reconstruct CT image after
inverse KL transform was applied on the smoothed KL components. The details of implementation of the KL-PWLS
minimization filter can be found in [4]. Improvement of the KL-PWLS approach was observed as compared to the
traditional spatially-invariant low-pass linear filters [4].

3. RESULTS
3.1 Comparison of the nonlinear edge-preserving filters and the KL-PWLS for sinogram noise reduction
Computer simulation studies were performed for the comparison purposes among different noise filtering methods using
the 2D Shepp-Logan head phantom, see Figure 1. Table I lists the parameters of the ellipsoids (or objects) in the
phantom of 2×2 unit array, which was scaled and digitized into an array size of 512×512 mm2 (i.e., the pixel side size is
1 mm). A total of 984 fan-beam projections each of 888 bins were simulated for a 2π rotation. Each projection value
along a ray through the phantom was computed based on the known densities and intersection lengths of the ray with
the geometric shapes of the objects in the phantom. The detector arrays are on an arc concentric to the X-ray source
with a distance of 949 mm and the detector cell spacing is 1.0239 mm. The distance of X-ray source to the center of
rotation was 408 mm. All the 1D projections were collected together as a sinogram of 888×984 array size. After the
ideal or noise-free sinogram was generated, a signal-dependent Gaussian noise was added according to equation (1).
Figure 1(a) shows the standard FBP reconstruction (with the ramp at the cutoff of Nyquist frequency) from the noisefree sinogram, demonstrating accurate reconstruction of the phantom. Figure 1(b) is a conventional FBP
reconstruction from the noisy sinogram using the traditional low-pass Hanning noise filtering with an optimal cutoff
frequency (i.e., 0.8 Nyquist frequency for this case), demonstrating a significant noise artifact.

450

400

(a)

(b)

(c)

(d)

350

300

250

(e)
(f)
(g)
Figure 1: Simulation results from the Shepp-Logan head phantom: (a) noise free FBP reconstructed image; (b) FBP
reconstructed image from noisy sinogram using conventional low-pass linear noise filtering; (c) FBP reconstructed image
from noisy sinogram using the original anisotropic diffusion filter; (d) FBP reconstructed image from noisy sinogram using
the modified anisotropic diffusion filter; (e) FBP noisy sinogram reconstructed image using the original NLGC filter; (f)
FBP noisy sinogram reconstructed image using the modified NLGC filter; and (f) FBP reconstructed image from noisy
sinogram using the KL-PWLS minimization.

3.1.1 Modified anisotropic diffusion filtering results
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A standard FBP reconstructed image from the filtered noisy sinogram by the original anisotropic diffusion filter is
shown in Figure 1(c). Figure 1(d) shows a standard FBP reconstruction from the filtered noisy sinogram using the
proposed anisotropic diffusion that uses equation (5) to estimate the noise level parameter K in the diffusion process.
In the diffusion procedure, the number of iterations was set to 20 and λ was chosen as 0.1. The number of iterations
and parameter λ in the diffusion procedure were chosen based on error-trial for a visually appearing result for both the
original and modified diffusion filters. Referring to Figure 1(b) and 1(c), it can be observed that both the original
diffusion algorithm (due to its spatially invariant filtering) and the conventional low-pass spatially-invariant Hanning
filter can not remove the noise-induced steak artifacts in the reconstructed CT images because they can not handle the
signal-dependent noise in the low-dose CT sinogram properly. On the contrast, the modified statistics-based
anisotropic diffusion filter takes the noise property of low-dose CT sinogram into account so that the steak artifacts in
the reconstructed image can be removed efficiently.
TABLE I
PARAMETERS OF THE SHEPP-LOGAN HEAD PHANTOM
Coordinates
of center
(0.0, 0.0, 0.0)
(0.0, -0.0184, 0.0)
(-0.22, 0.0, -0.25)
(0.22, 0.0, -0.25)
(0.0, 0.35, -0.25)
(0.0, 0.10, -0.25)
(0.0, -0.10, -0.25)
(-0.08, -0.605, -0.25)
(0.06, -0.605, -0.25)
(0.0, -0.605, -0.25)
(0.0, -0.105, 0.625)
(0.0, 0.10, 0.625)
(0.0, -0.09, 0.0)
(0.0, -0.09, 0.0137)
(0.0, -0.09, 0.0238)
(0.0, -0.09, 0.0316)

Axis
Lengths
(0.69, 0.92, 0.9)
(0.6624, 0.874, 0.88)
(0.41, 0.16, 0.21)
(0.31, 0.11, 0.22)
(0.21, 0.25, 0.35)
(0.046, 0.046, 0.046)
(0.046, 0.046, 0.046)
(0.046, 0.023, 0.02)
(0.046, 0.023, 0.02)
(0.023, 0.023, 0.023)
(0.056, 0.04, 0.10)
(0.056, 0.056, 0.10)
(0.055, 0.055, 0.055)
(0.039, 0.039, 0.039)
(0.0234, 0.0234, 0.0234)
(0.0156, 0.0156, 0.0156)

TABLE II
SNR FROM THE SHEPP-LOGAN HEAD PHANTOM STUDY
Figure 1
(b)
(c)
(d)
(e)
(f)
(g)

Mean
301.4
301.9
300.6
300.5
300.7
300.8

Stdv.
35.4
40.3
9.4
8.1
5.8
4.0

SNR
8.4
7.5
32.1
37.1
51.8
75.1

Rotation
angles
(0, 0)
(0, 0)
(-72, 0)
(72, 0)
(0, 0)
(0, 0)
(0, 0)
(0, 0)
(90, 0)
(0, 0)
(90, 0)
(0, 0)
(0, 0)
(0, 0)
(0, 0)
(0, 0)

Intensity
600
-240
-60
-60
30
30
30
30
30
30
60
-60
30
30
30
30

TABLE III
SNR FROM THE 10 M A SHOULDER PHANTOM STUDY
Figure 3
(a)
(b)
(d)
(e)
(f)
(g)

Mean
421.0
420.6
424.8
421.2
422.1
425.7

Stdv.
75.0
70.1
9.1
23.2
18.9
8.6

SNR
5.6
6.0
46.7
18.1
22.3
49.5

For more quantitative comparison, we calculated the signal-to-noise ratio (SNR) of a uniform area (marked with a
square in Figure (1) in the reconstructed images to quantify the improvement of the modified anisotropic diffusion filter.
The SNR is defined as the local mean divided by the local standard deviation (Stdv) of image densities in the selected
area. Table II lists the Means, Stdvs, and SNRs of the uniform region in the reconstructed images of the Shepp-Logan
head phantom. The SNR of the image reconstructed from the sinogram filtered by the modified anisotropic diffusion
filter is much higher than that of the images reconstructed from the noisy sinogram filtered by the original anisotropic
diffusion filter and the low-pass linear Hanning filter. These results also concur with the above observation.
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We also show the effectiveness of the modified diffusion algorithm by a 10 mA low-dose CT noisy sinogram acquired
from an anthropomorphic shoulder phantom. The sinogram of the phantom was acquired by a GE multi-slice spiral
CT scanner with fan-beam curved detector arrays. The number of bins per view is 888 with 984 views evenly spanned
on a circular orbit of 360o. The detector arrays are on an arc concentric to the X-ray source with a distance of 949 mm.
The distance from the rotation center to the curved detector band is 408.075 mm. The detector cell spacing is 1.0239
mm.

(a)

(b)

(c)

(d)

(e)

(f)

(g)
Figure 2: The CT images reconstructed by FBP from the 10 mA shoulder phantom data: (a) from the sinogram without
noise reduction (i.e., the standard FBP reconstruction with ramp cutoff at the Nyquist frequency); (b) from the sinogram
filtered by the original anisotropic diffusion filter with 20 iterations and λ=0.1 and (c) with 100 iterations and λ=0.2; (d)
from the sinogram filtered by the modified statistics-based anisotropic diffusion filter with 20 iterations and λ=0.1; (e)
from the sinogram filtered by the original NLGC; (f) from the sinogram filtered by the modified NLGC; and (f) from
the KL-PWLS filtered sinogram.

The sinogram was first filtered by the anisotropic diffusion filter that uses equation (5) to estimate K with 20 iterations
and λ= 0.1. After the noise reduction, the CT image was reconstructed by the standard FBP (with the ramp cutoff at
the Nyquist frequency), as shown in Figure 2(d). For comparison purposes, we also filtered the sinogram by the
original anisotropic diffusion filter with the same parameters (number of iterations and λ), as shown in Figure 2(b), and
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with different parameters, as shown in Figure 2(c). The CT image reconstructed by the standard FBP without noise
filtering is shown in Figure 2(a). It can be clearly seen that the streak artifacts are effectively removed by the modified
spatially-variant filtering of the non-stationary sinogram noise, while the streak artifacts still remain when the original
spatially-invariant anisotropic diffusion filter was used. Table III lists the Means, Stdvs, and SNRs of the uniform
regions indicated on the reconstructed images. It demonstrates that the modified anisotropic diffusion filter improves
the SNR of the reconstructed image.
3.1.2 Modified nonlinear Gaussian filters chain results
Both the original and modified NLGC filters were tested by the Shepp-Logan head phantom simulations and the
shoulder phantom experiments. The result from the original NLGC is shown in Figure 1(e) and from the modified
NLGC is shown in Figure 1 (f) for the simulation data. The result of 10 mA should phantom from the original
NLGC is shown in Figure 2(e) and from the modified NLGC is shown in Figure 2(f). In a similar performance as
the anisotropic diffusion filter did, the streak artifacts could not be suppressed even the smoothing parameters are so
large that some small structures have be distorted by the original NLGC algorithm. Improvement of the modified
NLGC over the original NLGC can be clearly observed, also see Tables II and III.
3.1.3 KL-PWLS minimization results
We have shown the improvement of the modified anisotropic diffusion and NLGC filters over their original ones
using the noise properties of CT sinogram to estimate the noise level parameters in the diffusion/Gaussian processes.
However, their goal is to perform edge-preserving smoothing, not to estimate the noise-free data. Our previously
proposed KL-PWLS minimization [4] aims to find an optimal solution for the noise-free data. Their different
performance for the task of noise reduction for low-dose CT application was investigated using the simulation and
experimental data in this paper. Figures 1(g) and 2(g) show the CT images reconstructed from the KL-PWLS
filtered sinograms of the Shepp-Logan head phantom and the 10 mA shoulder phantom, respectively. It can be
observed that the structures in the results from the KL-PWLS filtered sinograms are well-preserved while streak
artifacts are removed efficiently compared to both the edge-preserving nonlinear filters. The SNRs in Tables II
and III further confirm the above observation quantitatively.

(a)
(b)
Figure 3: (a) Result of anisotropic diffusion filter on ramp-filtered/amplified KL-PWLS-denoised sinogram; and (b) result
of NLGC on ramp-filtered KL-PWLS denoised sinogram

3.2 Results of anisotropic diffusion filter and NLGC on ramp-filtered/amplified sinogram after KL-PWLS
Besides the noise treatment in the sinogram space above and in the reconstructed CT image domain [5], there is also
another space to use the anisotropic diffusion filter or NLGC for noise reduction of low dose CT images. Zhong et al
[17] tried to reduce the noise of cone-beam CT breast imaging by the use of wavelet-based denoising algorithms on the
ramp-filtered projection images, followed by the Feldkamp algorithm for image reconstruction. It is known that in
FBP reconstruction algorithm, the ramp filter will amplify high frequency noise due to its nature. To avoid amplifying
the noise, we first applied the KL-PWLS minimization to treat the very noisy low-dose sinogram and then employed the
anisotropic diffusion filter and NLGC on the ramp-filtered/amplified KL-PWLS denoised sinogram, prior to
backprojection operation. Results of the 10 mA shoulder phantom experiment using the anisotropic diffusion filter and
NLGC are shown in Figure 3(a) and 3(b) respectively. No significant improvement can be observed using the
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anisotropic diffusion filter and NLGC on the ramp-filtered/amplified KL-PWLS denoised sinogram as compared to the
result of using the KL-PWLS only. It is desirable to compare the KL-PWLS performance with the wavelet-based
edge-preserving smoothing, such as the one used in reference [17], for the low-dose noisy sinogram.

4. DISCUSSION
Parameter of noise estimation plays an important role in the diffusion process for both the anisotropic diffusion filter
and the NLGC. For images that are corrupted by signal-dependent noise, such as the low-dose CT sinogram, it is
insufficient to determine the noise level parameter in the diffusion process using a global noise estimate. We have
shown that the original anisotropic diffusion filter applying in sinogram space can not remove the streak artifacts in lowdose CT image. Even by choosing different number of iterations and different values for parameter λ, we were not
able to obtain a comparable result to that treated by the modified non-stationary anisotropic diffusion filter. An
example of 100 iterations with λ=0.2 for the original anisotropic diffusion filter is shown in Figure 2(c). It can be
observed that the streak artifacts still present in the CT image while the structures of the image have been somewhat
distorted. This simple experiment clearly demonstrates the importance of estimating the noise level parameter K.
False estimation of K cannot be compensated by the change of the number of iterations and value of λ. Similar results
can be observed for NLGC as shown in Figure 2(e). Relatively accurate estimation for the noise level of each pixel
based on noise statistics is necessary to obtain good result for both the anisotropic diffusion filter and NLGC algorithm.
The modified filters are two examples of such necessary choice.
Although the original anisotropic diffusion filter and NLGC has been proven to be useful for noise reduction in medical
images, it is not appropriate to apply these filters directly on the reconstructed low-dose CT images that contain the
steak artifacts due to the low-dose nature (i.e., minimal X-ray exposure). The streak artifacts may be treated as edges
of the reconstructed images in the diffusion process. Figures 4(a) and 4(b) show an example of applying the original
anisotropic diffusion filter and NLGC directly to the standard FBP image of Figure 2(a). It can be clearly observed
that the streak artifacts still present in the filtered images although the noise has been suppressed in the uniform region.
Therefore sinogram filtering is necessary prior to image reconstruction.

(a)

(b)

Figure 4: (a) Result of filtering Figure 3(a) directly by the original anisotropic diffusion filter with λ=0.1 and 20
iterations; and (b) by the original NLGC with σz=100.

5. CONCLUSION
In this paper, we first modified the original anisotropic diffusion filter and NLGC scheme to incorporate the established
noise properties of low-dose CT sinogram for a statistics-based noise reduction. The modification takes the statistical
information of the data into account during the diffusive process. In the modified versions, the estimation of noiselevel parameters is spatially adaptive, which is determined by the variance of pixels involved in the diffusion process.
The improvement by the modified anisotropic diffusion filter and NLGC scheme is demonstrated by both computer
simulations and phantom experiments mimicking the low-dose CT studies. Comparison study with our previously
proposed KL-PWLS framework reveals that the KL-PWLS minimization provides better CT image quality in terms of
noise suppression and structure preservation compared to the statistics-based nonlinear filters. This may be due to
their different goals. The nonlinear diffusion filters aim only for edge-preserving noise reduction, while the KL-PWLS
minimization seeks an optimal solution consistent to the measured data. Further study on a 10 mA shoulder phantom
reveals that the gain by the edge-preserving noise filtering of the ramp-amplifying sinogram after the KL-PWLS
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operation prior to backprojection operation is not significant. This implies that (1) the KL-PWLS minimization is
effective for the noise reduction and the residue error after the KL-PWLS treatment is negligible (even after ramp
amplification) and (2) edge-preserving noise smoothing is not an optimal choice for the low-dose CT noisy sinogram.
Edge-preserving noise smoothing could not remove the noise-induced streak artifacts in low-dose CT images.
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