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ABSTRACT Noise reduction is important for X-ray images because it can reduce radiation exposure
to patients. X-ray image noise has a Poisson-Gaussian distribution, and recently, noise analysis and
removal in multiscale transformations have been widely implemented. The nonsubsampled contourlet
transform (NSCT) is a multiscale transformation suitable for medical images that separates the scale and
direction. This study proposes a Poisson-Gaussian noise-removal method using NSCT shrinkage that is based
on the characteristics of Poisson-Gaussian noise in NSCT domain. It has the structure of a block-matching 3D
filtering algorithm in the form of basic estimation and noise removal process; however, the main processes
are modified to consider Poisson-Gaussian noise characteristics. In the basic estimation process, an NSCT
shrinkage method that is suitable for Poisson-Gaussian noise characteristics is developed by optimizing the
local linear minimum mean square error estimator in the NSCT domain. In the denoising step, the noise term
of the Wiener filter is determined using the result of the NSCT shrinkage, and finally, the denoised image is
obtained. The proposed method is applied to simulated and real X-ray images and is compared with other
state-of-the-art Poisson-Gaussian noise removal methods; it exhibits excellent results in both quantitative
and qualitative aspects.

INDEX TERMS Poisson-Gaussian noise, noise removal, nonsubsampled contourlet transform (NSCT),
X-ray image, local linear minimum mean square error (LLMMSE) filtering, block-matching and 3D filtering

(BM3D).

I. INTRODUCTION

Image acquisition devices acquire digital images by con-
verting light into electrical signals via complementary metal
oxide semiconductors or charged coupled devices image sen-
sors [1], [2]. The intensity of the image is determined by the
number of photons incident on the sensor, and the number
of photons follows a Poisson distribution. This is the pri-
mary cause of noise in the image, which also has Poisson
characteristics. However, the noise of an image acquired in
a general situation (medium, high-illumination situation) pri-
marily follows a Gaussian distribution because the number of
photons incident on the sensor is sufficiently large; therefore,
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the Poisson distribution is approximated to a Gaussian dis-
tribution. However, in low-light, ultra-low-light conditions,
or when the number of photons incident on the sensor is
small, the image noise cannot be approximated by a Gaussian
distribution, and it follows the Poisson distribution [3], [4].
In addition to the Poisson noise generated during the image
acquisition process, noise from the electric equipment also
appears in the image. Noise generated by sensors or other
electronic devices follows a Gaussian distribution, and it
is modeled using a combination of Poisson and Gaussian
distribution, called a Poisson-Gaussian distribution [5].
X-ray image noise follows a Poisson-Gaussian distribu-
tion [6], which causes the image to be degraded; thus,
a method to overcome this degradation is necessary. There
are two ways to increase the signal-to-noise ratio (SNR) of an
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image. The first method is to increase the signal power while
maintaining the intensity of the image noise. The second
method is to reduce the image noise while maintaining the
signal power. For the first method, the power of the signal can
be increased by increasing the photon energy using stronger
X-ray generator or by increasing the number of photons via
longer exposure time. However, X-rays use high- energy; they
can pass through the human body to obtain an image inside
the body, and these high-energy photons expose the human
body to radiation. Thus, these methods increase the amount
of radiation exposure, which may adversely affects the human
body. Therefore, alternative methods are required to obtain a
clean X-ray image while reducing the amount of exposure [7].

The second method to increase the SNR is to reduce
the power of the noise while maintaining the power of the
signal, i.e., noise removal. Noise removal has been exten-
sively studied, and traditional denoising methods mainly
focus on removing additive Gaussian noise. Robbins pro-
posed an empirical Bayesian framework to estimate Gaussian
noise [8], and Lee proposed a two-step empirical Bayesian
estimation [9], which estimates the signal variance from local
statistics and applies a minimum mean square error esti-
mator to obtain the noise filtering algorithms. Buades et al.
proposed nonlocal means (NLM) filtering [10], which is a
method to remove noise by calculating the weighting coef-
ficients of neighboring pixels using the similarity between
patches. Block-matching and 3D filtering (BM3D) [11],
which is a state-of-the-art technology, effectively removes
noise by grouping similar 2D patches into 3D data and
then implementing thresholding and collaborative Wiener
filtering.

Poisson noise is signal dependent: therefore, it is difficult
to apply an additive Gaussian noise removal method because
it does not have a constant noise variance. To solve this
problem, variance stabilization transformation (VST), such
as Anscombe transformation [12] or Fisz transformation [13]
has been introduced. Signal-dependent Poisson noise that
has undergone the Anscombe transform has a constant vari-
ance; thus, noise can be removed using a Gaussian noise
removal algorithm. The image from which Poisson noise
has been removed can be obtained through an inverse trans-
form [14]-[16]. The Fisz transform can be combined with the
Haar wavelet [17], and they are widely used as a Haar-Fisz
transform [18]. Moreover, because these VSTs take into
account when noise has a Poisson distribution, a general-
ized Anscombe transform (GAT) was introduced [19] that
developed Anscombe transform into Poisson-Gaussian noise.
However, because these transforms are nonlinear transforms,
bias errors occur during inverse transforms. Therefore, noise
removal may not be performed properly or images may
be damaged [20]-[22]. To overcome this problem, Mak-
italo and Foi proposed the exact unbiased inverse of the
GAT [23]-[26].

There are also techniques to remove noise using
the signal-dependent noise characteristic without VSTs.
Kuan et al. proposed a local linear minimum mean square
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error (LLMMSE) filter [27] that estimates the variance
of signal and noise using the local mean and variance;
they also design a noise removal filter using the estimated
value. Le et al. proposed a noise removal method based on
total variation normalization considering Poisson noise [28],
and Bindilatti and Mascarenhas proposed an NLM filter
that uses stochastic distances for Poisson noise instead of
Euclidean distances for Gaussian noise when calculating the
similarity between patches [29]. Another way to effectively
remove Poisson noise is to use multiscale transformation. The
wavelet transform [30], which is a representative multiscale
transform, divides images into vertical and horizontal direc-
tions for each band. An expectation-maximization image
restoration technique based on a maximum penalized like-
lihood estimator [31] in the wavelet domain was proposed.
A noise removal method based on Poisson-Gaussian unbiased
risk estimator (PG-URE) [32], [33] is also performed in the
wavelet domain, in which Stein’s unbiased risk estimator [34]
is extended to Poisson-Gaussian noise. The wavelet transform
is excellent for separating scales; however, it does not con-
sider directions other than vertical and horizontal. Thus, it is
ineffective for separating curves included in natural images.
To overcome this limitation, ridgelet [35], curvelet [36], and
contourlet transforms (CT) [37], [38] that considered scale
and directionality were introduced.

As mentioned above, many studies have been conducted
on methods that remove Poisson noise; however, there
have been few studies on the removal Poisson-Gaussian
noise using its own characteristics without using VSTs.
Because X-ray images, particularly on low-dose condition,
have Poisson-Gaussian noise [5], it is necessary to effec-
tively remove them. Medical images, including X-rays,
are primarily composed of curves; therefore, the nonsub-
sampled contourlet transform (NSCT), which is a type of
CT, effectively separates the images into their scale and
direction among multiscale transformations. In our previ-
ous study, we performed Poisson-Gaussian noise analysis
in the NSCT domain [39]. Based on the analyzed results,
an LLMMSE-based shrinkage method is applied through an
NSCT, and a BM3D-based noise removal method is intro-
duced. Experiments are conducted using simulated images
with artificially generated noise as well as images acquired
with actual X-rays, and the denoising results are com-
pared with those of other recent studies. The main contribu-
tions of this paper are as follows:

1) the NSCT is used to separate bands suitable for curves;

2) LLMMSE-based NSCT shrinkage is developed based

on the noise relationship between the low-band layer
and the detail layer of the same scale level,

3) finer level noise is removed by inheriting the denoised

result of coarser level;

4) the noise removal performance is maximized using

BM3D-based method.

The remainder of this paper is organized as follows.
In Section II, we briefly review the Poisson-Gaussian noise
analysis in NSCT that we performed in our previous study
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FIGURE 1. Decomposition schemes of CT and NSCT. (a) CT; (b) NSCT.

and the noise reduction method, which is the basis of the
proposed method. In Section III, we describe the proposed
LLMMSE-based inherited NSCT shrinkage noise removal
method. Finally, we demonstrate the performance of the pro-
posed method on both simulated and real X-ray images in
Section IV, and we present our conclusion in Section V.

Il. RELATED WORKS

This section summarizes the key ideas referenced in
this study from previously studies. We briefly describe
Poisson-Gaussian noise analysis in the NSCT domain,
LLMMSE filtering, and BM3D filtering. The reader is
referred to [11], [27], [39] for further details.

A. POISSON-GAUSSIAN NOISE IN NSCT DOMAIN

1) POISSON-GAUSSIAN NOISE MODELING

In our previous study, we established a Poisson-Gaussian
noise model and analyzed its suitability using real X-ray
images acquired under low-dose conditions [39]. The obser-
vation model of X-ray and Poisson-Gaussian noise model are
expressed as follows [5]:

y G, j) = x (i, )) +n (x Q)-8
n* (x (i, ) = @ - x (i,)) + B, 4))

where (i,j) are spatial coordinates, y (i, j) is the acquired
image, x (i, j) is the original image, 1 (x (i, j)) is the standard
deviation of the Poisson-Gaussian noise, § is the independent
Gaussian noise with zero mean and a standard deviation equal
to one, « is the Poisson noise parameter, and £ is the standard
deviation of the Gaussian noise. A large number of stationary
X-ray images were acquired to confirm that model (1) is suit-
able. The average and variance of the acquired images were
assumed to be a noiseless image and the noise variance of
images, respectively. These two images were then compared
and analyzed. As aresult, the noise variance exhibited a linear
relationship with the signal power, which can be expressed
as a linear equation (1). Thus, it was demonstrated that the
observation and noise model were properly modeled.
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2) NONSUBSAMPLED CONTOURLET TRANSFORM

The CT is a transformation that separates bands by scale
and direction using a Laplacian pyramid (LP) [40], [41] and
directional filter bank (DFB) [42]. As shown in Fig. 1(a),
the process of the CT is to first use an LP to separate the
scale and then use a DFB to separate the band-pass and
the high-pass subbands by direction, excluding the low-pass
subband. However, the LP and DFB used in CT both contain
a subsampling process; thus, the size of the subbands after
transformation is different from the original image size. That
is, the CT has spatial variant property, which is unsuitable
for noise removal. NSCT [43] was proposed to overcome
these shortcomings. The NSCT replaces the LP and DFB of
CT with nonsubsampled pyramid (NSP) and nonsubsampled
DFB (NSDFB), respectively, to perform multiscale, multidi-
rectional, and shift-invariant image decomposition.

The decomposition process of the NSCT is shown in
the Fig. 1(b). We describe the NSCT separation process in
detail. First, the image is separated into a low-frequency
band and a high-frequency band by using the low-pass
(Hop (z)) and high-pass (H; (z)) filters of the NSP. The sep-
arated high-frequency band is used as a detail layer, and
the low-frequency band passes through a low-pass (Hp (ZZI))
and high-pass filter (H; (121)) of next level, and it is
divided into lower- and band-frequency regions. The sepa-
rated band-frequency region becomes the detail layer of the
next level, and the low-frequency band is repeatedly used for
the next level of scale transformation. The filter that separates
the m-level detail layer is referred to as W,,,, and it is expressed
as follows:

Hy (z), m=1
-2 m— 2
[T o (27) i (277) . m=2. @
k=0
Assuming that the image is divided into a total of M scale
levels, each scale level is denoted by m (m = 1,2, --- , M),
where m = 1 and m = M are the finest and the coarsest lev-

els, respectively. The decomposed low-band layer is denoted
as G (-), the detail layer is denoted as L (), the original image

W, (Z) =
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is denoted as Gy (), and the low-band and detail layers at the
m-th scale level is denoted as Gy, (-) and L, (-), respectively.

Next, the detail layer, the scale of which is separated by
NSP, is separated for each direction by the NSDFB. The
number of directions separated by NSDFB is expressed as
Ny, which must be a power of two. Each direction level is
denoted by n (n = 1,2,---,N,), and the n-th direction
subband of the m-th scale is denoted by Ly, ,, (-).

3) POISSON-GAUSSIAN NOISE ANALYSIS IN NSCT DOMAIN
In our previous study, to analyze Poisson-Gaussian noise in
the NSCT domain, we conducted a step-wise analysis of the
noise distribution through the NSP and NSDFB. First, as in
the Section II-A1, 100 still images were decomposed by the
NSP, and the Poisson-Gaussian noise in the NSP domain
was analyzed using the detail layer variance. This shows
that Poisson-Gaussian noise still maintains its characteristics,
even after NSP decomposition. The noise of the NSP detail
layer has a Poisson-Gaussian distribution, which is dependent
on the low-band layer at the same level and is expressed as
following equations:

Ly (y (i, ))) = Ly (x (0,))) + 1 (G (x (0, ))) - 6,
M G (X (0, )0)) = @G (x (i, ) + B 3

where 1, (G, (x (i, )))), o, and B, are the standard devia-
tion of the noise, Poisson noise parameter, and standard devi-
ation of the Gaussian noise of NSP detail layer of m-th scale,
respectively. At the same m-th scale, @ and o, as well as ,32
and ,B,Zn have the same ratio,
Om :32
E, = e ’3—’; 4)
E,, is equal to the energy of the filters passing through
the NSP decomposition. The energy of these filters can be
calculated as E,, = |V, (z)||%. Next, the noise distribu-
tion after applying the NSDFB was analyzed, and finally,
the Poisson-Gaussian noise in the NSCT domain was ana-
lyzed. The analysis was performed in the same manner as the
noise analysis process in NSP, and NSDFB decomposition
was also demonstrated to retain the Poisson-Gaussian dis-
tribution when decomposing Poisson-Gaussian noise. There-
fore, it was confirmed that Poisson-Gaussian noise has a
Poisson-Gaussian distribution even after NSCT decomposi-
tion. The noise of the NSCT detail layer is also dependent
on the NSP low-band signal, as shown in the following
equations:

Ly 3 (0:)) = Lynn % (02 )) + Niwn (G (2 (5, ))) - 8,
N (G (x (0.1))) = @mnnGom (x (.))) + B e )

where 1., (G (x (i,))) is the standard deviation of the
noise of NSCT subband of m-th scale and n-th direction,
and o, , and B, , are the Poisson noise parameter and the
standard deviation of the Gaussian noise of the NSCT detail
layer of m-th scale and n-th direction, respectively. NSDFB
also changes the noise parameter at the same rate for the same
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direction level and distributes 1/N,, equally for the same scale
level. This can be expressed by the formula:
i _ %Um,n _ :3312,}1 ) (6)
N Qm ﬂm
Because the filter of NSDFB distributes the entire band
equally, the energy of the filter in each direction is 1/N,,, and
the noise parameters are divided at an equal ratio.

B. CONVENTIONAL POISSON-GAUSSIAN NOISE
REMOVAL METHOD

1) LOCAL LINEAR MINIMUM MEAN SQUARE ERROR

The minimum mean square error (MMSE) estimate of x,
given observation y, is the conditional mean estimate of

£ =E®Xly). @)

In boldface, the signal is expressed in the form of a vec-
tor, and E (x) means the ensemble mean of x. In general,
the MMSE estimate is nonlinear, and it depends on the
probability density function of x and n; therefore, in most
cases, it is difficult to obtain an explicit form of the MMSE
estimator. Thus, the following linear minimum mean square
error (LMMSE) [44] estimator is used by applying a linear
constraint to the structure of the estimator:

fimmse = E(®) 4+ Cy Gy (y —E @) (8)

where Cyy is the cross-covariance matrix of x and y, and Cy
is the covariance matrix of y.

Kuan ef al. proposed the LLMMSE noise removal fil-
ter [27] for images without degradation, except for nonsta-
tionary mean and nonstationary variance. In the case where
there is no degradation owing to blurring and the noise is
uncorrelated, (8) is expressed by the following scalar process-
ing filter:

o7 (i.J)
o2 (i,)) + 02 (i,))
@) —-EGEML, O
where 0)(2 (i,j) and 0,’2 (i, ) are the ensemble variances of the
original image and nonstationary noise, respectively. Because
the noise is assumed to be nonstationary, the ensemble statis-

tics can be replaced with local spatial statistics; thus, (9) can
be written as

XLmmse () = E (x (i, ) +

v (i,))
vy o)) + 02 (i)
Ty ) —-F@pl. (10)

where X (i,j) and y (i, ) are the local means of x (7, j) and
y (i, ), respectively, and v, (i, j) is the local spatial variance
of x (i,j). The local mean and variance can be calculated
using the uniform moving average window of size (2r + 1) x
(2r 4+ 1). Then,

XLimmse () =X (i, )) +

i+r  jtr

1
x -9 ) = ——— - ) 5 11
YWD =5 p;rq;x(p q) (11)

VOLUME 9, 2021



S. Lee, M. G. Kang: Poisson-Gaussian Noise Reduction for X-Ray Images Based on LLMMSE Shrinkage

IEEE Access

and

1 i+r jtr
» — 12
) =5 p;rq;r(x@ q) —% (i, /). (12)

The method used to obtain o,% (i, j) differs according to the
type of noise, and the LLMMSE filter can be designed using
the relationship between vy (i, j), vy (i, ), and 0’,? @, ).

2) BLOCK-MATCHING AND 3D FILTERING

BM3D filter [11] is one of the most advanced noise removal
methods, and it is excellent for Gaussian noise removal. It has
the features of LMMSE, nonlocal means, and transformation
domain-based filtering, and it works by synthesizing them
efficiently. It consists of two steps: a basic estimation step
and a denoising step. In the basic estimation step, noise is
coarsely removed to obtain a relatively clean image, and
in the denoising step, reliable statistics are obtained using
basic estimation, and the actual noise removal is performed.
All processes are performed block-wise, similar to nonlocal
approach, and not pixel-wise using neighboring pixels. Fil-
tering is performed in the transform domain, and the final
result is derived through the Wiener filter, which is one of
the optimum LMMSE estimators.

Each step of BM3D consists of three stages: grouping,
filtering, and aggregation. In the grouping stage, blocks that
are similar to the reference block are identified in the image
and grouped in three dimensions. Because the noise of the
image is assumed to be Gaussian noise, blocks around the
reference block are searched based on the Euclidean distance.
In the basic estimation step, a noisy image is used for search-
ing and grouping. In the denoising step, the search uses the
basic estimation result of the first step, and in the grouping
stage, both the noisy image and basic estimated image in
the same position are grouped. In the filtering stage, a 3D
transform is applied to the generated group, noise is removed
in the transform domain, and an inverse transform is then per-
formed. For 3D transformation, a biorthogonal spline wavelet
or discrete cosine transform (DCT) is typically used. Because
similar blocks are grouped together, the 3D transform domain
has a sparse property. Using this property, noise is coarsely
removed via hard thresholding in the basic estimation step,
and it is effectively removed by applying a Wiener filter in the
denoising step. Finally, in the aggregation stage, each block
from which noise has been removed is returned to its original
position, and the pixel value is determined using a weighted
average. Because this is a block-wise process,, if there are
many similar blocks, there are many overlapping blocks at
the same pixel position. The pixel value is determined by the
weighted average of the blocks that overlap at one location.
The weight is inversely proportional to the noise variance;
therefore, so when the noise is strong, a small weight is given,
and when the noise is weak, a large weight is given.

Because BM3D is a Gaussian noise removal filter, it is
not suitable for Poisson-Gaussian noise removal. However,
BM3D can be applied by converting Poisson-Gaussian noise
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into Gaussian noise using VST. Makitalo and Foi proposed
GAT [24]-[26], the VST of Poisson-Gaussian noise, and they
confirmed that the algorithm that combines GAT and BM3D
performs better than other methods, as described in [26].

ill. PROPOSED METHOD

This section introduces the removal of Poisson-Gaussian
noise by applying LLMMSE-based shrinkage in the NSCT
domain and modifying the BM3D algorithm. Because there
are more curves than straight lines or patterns in medical
images, it is necessary to use a transformation that is suit-
able for this condition. To remove noise, a transformation
with a shift-invariant feature must be used; therefore, NSCT
was used among many multiscale transformations. LLMMSE
shrinkage in the NSCT domain was proposed based on
the Poisson-Gaussian noise analysis in the NSCT domain.
We briefly explain the proposed algorithm. The input image
v (i, j) is degraded by Poisson-Gaussian noise. It is first sepa-
rated into its scale and direction components through NSCT
decomposition. From the subbands of the coarsest level, noise
is removed by LLMMSE shrinkage. After removing the noise
of all subbands at the same scale level, the low-band of the
finer level is reconstructed using NSDFB and NSP recon-
struction. The reconstructed low-band from which noise has
been removed is used again for the next finer level LLMMSE
shrinkage, and this process is repeated up to the finest level
to obtain an image from which the noise has been primarily
removed. Using this image as a basic estimation, the modified
BM3D algorithm is performed with the noisy input image to
obtain a clean image with the noise removed. An overall block
diagram of the proposed algorithm is shown in Fig. 2.

A. LLMMSE BASED NSCT SHRINKAGE

Low-dose X-ray images have Poisson-Gaussian noise as
shown in (1). The input image is first separated into subbands
for each scale and directional band using NSCT decompo-
sition. Because there is no low-frequency component in the
subband, E [Ly,, (x (i,/))] = E[Lma (v (,)))] = 0; thus,
the LLMMSE filter in (10) becomes

Lm’n (2_51’1[‘ (l,]))
VLm n(x) (l’J)

= — — Lua @), (13
vLm,n(x) (l’]) + G[%m 2(n) (lv.]) "

where £ (i, j) is the denoised result of the LLMMSE shrink-
age in the NSCT domain. Because L, , (x (i,j)) ~ O,
VL, (x) (i, J) can be calculated as

i+rm  Jtrm

2. 2

h L 1\2
(2 + l) P=i—Tm q=j—TI'm
= Lzm,n (x (l’])) > (]4)

where 1, is the size of the moving window. Because NSCT
does not have a subsampling process; therefore, to obtain
accurate local statistics, the size of the window needs to

VLm,n(X) (l’.]) m n (X (pv Q)))2
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FIGURE 2. Block diagram of the proposed method.

increase as the level increases. Thus, the window size was
applied differently according to the scale level as r,,, = 2™.

We set up the noise model in (1) in the form of an additive
stationary and this property does not change after NSCT
decomposition, as shown in (5); therefore, the relationship
between vy, (i, j) and vp,, ) (7, )) is

Vi) (o) = VEp ) o) =07, o G) . (15)

The variance of the noise ULszl(n) (i,j) can be estimated
based on the Poisson-Gaussian noise analysis in the NSCT
domain using (5), and the noise parameters oy, ,33”1 can be
calculated using (4) and (6), as follows:

02, @) = W (G (x (1))

= dunGp (x (i) + By s (16)
E. - 2 E,. - B2
G = B @ o P Ew BT
Ny, Ny, ’ N N

Substituting (14)—(17) into (13) yields the LLMMSE
shrinkage filter as per the following equation:

Lnan (¥ 0.)) = Lnn (7 6. )
| (1_ R (o G (i,j))+ﬂ2)> as)
L2 (. )

Both the numerator and denominator must have a value of
zero or higher in (13). However, there is a possibility that the
local variance of the subband may have a smaller value than
the estimated power of noise; taking this into consideration,
the final shrinkage type equation is obtained as follows:

Ly (7. ))
)
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E, . . 2
- max (1 — L (a_G’” At ),0> . (19)
L2y (v (0,)))

The problem is now reduced to the estimation of
G (x (1,))) in the aforementioned formulas. In (17), the noise
parameter of each subband decreases as the level coarsens.
The noise that remains after being distributed to each sub-
bands exists in the low-band of the coarsest level, and the
ratio of the low-band noise to the total noise can be calculated
as 1 — Z%:l E,,. Using this to calculate the noise ratio of
the low-band of the coarsest level when M = 3, for E; =
0.769155, E; = 0.178771, and E3 = 0.044181, a value of
0.007893 can be obtained. That is, when M > 3, the noise
existing in the low-band of the coarsest level is less than 1%
of the total noise, and it can be assumed that this is a noiseless
image,

Gur (xh G j)) = Gy (X (i.))) - (20)

The low-bands of noiseless and noisy images forM = 1, 2,
and 3 are shown in Fig. 3. As M increases, the noise appears
less in the low-band of the noisy image and appears similar to
the low-band of the noiseless image. It is recommended that
M > 3 is set for the noise reduction performance.

Substituting (20) into (19), the noise of the subbands of the
coarsest level can be removed, and the denoised low-band of
the finer level is then obtained by NSDFB and NSP recon-
struction. The denoised low-band is used to estimate the noise
variance of the finer level, and this process is repeated up to
the finest level to obtain 3" (i, j) with the noise removed.

B. MODIFIED BM3D

The basic estimation, which is the result of the first step of
BM3D, was obtained using NSCT shrinkage; thus, the sec-
ond step of the BM3D algorithm is now performed. In the
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(b)

FIGURE 3. Low-band by scale level for noiseless and noisy images. First row: noiseless image, second row: noisy image. (a) Go; (b) G;; (c) G; (d) Gs.

grouping stage, similar blocks are identified by calculating
the difference between the blocks in %™ (i, j). Because noise
has been removed once in xS (i, ), the distance between
the blocks is calculated using the Euclidean distance. Let
X;j be a Wp x W size block extracted from x (i, j), where
the subscripts i, j are the coordinates of the top-left corner.
When the top-left coordinate of the reference block is (i, jr),
the distance between the reference block and other blocks in
i) is

¥ (ig 4k, jr + 1)

2 2

_ gshr (i4+k,j+1) )2]/ (W]_z;)2 . (2D

Wp—1 Wp—1
IR\JR’ [

d (XShr XShr)

After calculating this distance, blocks within a particular
range are grouped into similar blocks as follows:

Sipix = {(i, jid (Xth;R,XShr> < 1:} 22)

After obtaining S;p j, blocks of the noisy image y (i, j) and
basic estimation %™ (i, /) that are located at these coordinates
are stacked and grouped into Yy, , and )A(s}i‘;,jR, respectively.

In the second step, Ys, ;. and XShrj are transformed
via 3D transformation 73p. Collaboratlve flltermg WS, J
then performed, and an inverse 3D transformation T3D is
performed to obtain Xw‘e_ where noise is removed. This can
be expressed as o

Sig.r

Xy =T (WSiRij Tsp (YS"RJR» ' @3
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The collaborative filter operates as an element-wise mul-
tiplication of the filter and a 3D transform. Collaborative fil-
tering uses a Wiener filter, which is also based on LLMMSE.
The LLMMSE filter (9) is an adaptive Wiener shrinkage
filter in the transform domain [45]. The empirical Wiener
shrinkage defined in BM3D is

2
7o (%5,)
iRiR ’ @4
h
’7§D ( g,r] ) + O—Azshr
R iRJR
where 02, represents the noise variance of the block with
iRJR

the top-left coordinates (ir, jr). The original BM3D experi-
ences Gaussian noise; therefore, o2, is fixed at one value.

Ashr
iRJR
However, in the case of Poisson-Gaussian noise, the value
of the signal changes according to the pixel position; thus,
the power of the noise also changes. Therefore, the noise
variance values for each group must be set. Noise is estimated
using the difference between the noisy image and the basic
estimation as follows:

AT (G, ) = x (i, J) — 2 G )) (25)

shr]

Because E[ = (), the noise variance of the reference

block is E [(AShr)z], which is expressed as

Wp—1 Wp—1

ok, = (WB)2 X2 (™ G+ kn + D) 26)

Mipiir

After removing the noise of the group, the final denoised
result is obtained by decomposing the group and distributing
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Algorithm 1 Poisson-Gaussian Noise Removal Based on
LLMMSE NSCT Shrinkage

INPUT: y (i, )

OUTPUT: x (i, )

1: NSP decomposition: y — {L1, Ly, - -- , Lys, Gy} ().
2: Gy (%) < Gy ().
3: form =M to 1 do
4 NSDFB decomposition:
lqn(y) g {lﬁn,lsle2v“‘ :Lnuh%} (y)
5: forn =1to N, do
6: Obtain noise removed subband
Linn ( Shr) using (19).
7 end for
8: NSDEFB reconstruction:
Ly (3") < (L1, L2, -+, L, } (B5).
9: NSP reconstruction:
G 1( shr) <~ {L, Gm}( shr)
10: end for

11: b7 G (RSt

12: Find the similar blocks S;, j, using (22).

13: Obtain group of denoised blocks XW‘e_ by performing
Wiener shrmkage using (23), (24), anﬁ (26).

14: Obtain x using (27) and (28).

the blocks. A pixel can belong to more than one group; there-
fore, it can be estimated multiple times and have different
values each time. These values should be averaged using the
appropriate weights,

1 )
Rip=5 Y woR) ). @7)

Ueld(i.j)

Here, le,V‘e (i,)) is the estimated value obtained through
decomposition in group U, wy is the corresponding weight,
U is all groups including a pixel at positions (i, j), and V =
> veu,j Wu is anormalization factor. As shownin [11], wy
is set in inverse proportion to the noise and Wiener shrinkage
coefficient as follows:

1
Wy X ———— (28)
ﬁshr ”WS,J ”2

The procedure of the proposed Poisson-Gaussian noise
removal method based on the LLMMSE NSCT shrinkage
is shown in Algorithm 1, and the result of each algorithm
step is shown in Fig. 4. After decomposing the noisy image
using NSCT, it is assumed that there is no noise in the
low-band of the coarsest level, and noise is removed from
the subbands of the coarsest level. The low-band of the finer
level is reconstructed from the subbands from which the noise
has been removed, as shown in Fig. 4(b) and 4(c). Fig. 4(d)
shows the basic estimation obtained by an iterative process up
to the finest level. The final result is obtained by performing
BM3D which is modified to fit the Poisson-Gaussian noise
using basic estimation, as shown in Fig. 4(e).
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() (®)

FIGURE 4. Results for each step during proposed method. (a) Noisy
image y (i,j); (b) G, ()”(5'" (i,j)); () G, ()”(5‘" (i,j)); (d) Basic estimation
X7 (i, f); (e) Final result % (i, j); (f) Original image x (i, ).

IV. EXPERIMENTAL RESULTS AND DISCUSSION
In this section, various experiments are conducted to
prove the efficiency and robustness of the proposed
Poisson-Gaussian noise algorithm. It is difficult to obtain a
ground truth image for an X-ray image; therefore, experi-
ments were conducted by artificially adding noise to noiseless
images to quantitatively evaluate the noise removal effect.
In addition, the proposed algorithm was applied to an actual
X-ray image to confirm the noise-removal performance. The
parameters of the proposed method used in the experiment
are listed in Table. 1.

As a measure of quality, we used the peak SNR (PSNR),
which is defined as

12
PSNR = 101og; [ 2 (29)
10\ MSE
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TABLE 1. Setting of parameters.

Parameter | Value

M 3

N, {8,4,2}

Em {0.769155, 0.178771, 0.044181}
Wy 8

T 400

Tsp Discrete cosine transform

where Inax is the maximum value admitted by the data format
and the mean-square error (MSE) is defined as

Row Col

_ 1 .. )
MSE—WXCOI;;@(L])_Y(LJ)) . (30)

where Row and Col are the sizes of the rows and columns of
the image, respectively. In addition, the structural similarity
index (SSIM) was used, which is defined as

(zﬂxﬂy + cl) (zaxy + CZ)
(M% + 1§+ C1) (ze +o2+ cz)

SSIM (x, y) = ., (31

where 1, and u, are the averages of x and y, respectively,
oxz and ayz are the variances of x and y, respectively, oy, is the
covariance of x and y, ¢; = (0.01L)%, and ¢ = (0.03L)?,
where L is the dynamic range of the pixel values.

(d) (e) ()

FIGURE 5. Original images used in the synthetic images: (a) Barbara;
(b) Lena; (c) Chest1; (d) Chest2; (e) Chest3; (f) Chest4.

A. DATA SET

The original images used for the synthetic images are shown
in Fig. 5. Experiments using synthetic images were conducted
using Barbara image, shown in Fig. 5(a), with many straight
lines and patterns, Lena image, shown in Fig. 5(b), with flat
areas and curves. As shown in Fig. 5(c)-(f), relatively clean
real X-ray images of patients [46] were also synthesized.
Images have a range of 0 to 255, and noisy images were
synthesized by changing the o and § values from low to high.
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o was set to values of 0.1, 0.5, and 1, and 8 was set to 1,
5, and 10. The noise conditions were classified as Poisson-
dominant, Gaussian-dominant, moderately dense, and highly
dense noise, and the combinations of the noise parameter
values (¢, B8) are as follows: (1, 1), (0.1, 10), (0.5,5), and
(1, 10).

(@) (b)

FIGURE 6. The actual X-ray images. First row: noisy images, second row:
contrast enhanced images of first row. (a) Real1; (b) Real2.

The actual X-ray images to be used in the experiments
are shown in Fig. 6. The images with improved contrast
were shown together with the original images because it
is difficult to check the details in the images that had not
been post-processed. The actual X-ray images were acquired
using a clinical angiography prototype system supported by
Samsung Electronics and a chest phantom (Multipurpose
Chest Phantom N1 “LUNGMAN”, Kyoto Kagaku, Kyoto,
Japan), that yields life-like radiographs that are very close to
actual clinical images. The image intensity had a 12-bitrange.
To obtain an image that included Poisson-Gaussian noise,
a low-dose X-ray was used. The detailed image acquisition
environment was as follows: the source-to-image-receptor
distance was 120 cm, and the source-to-object distance was
70 cm. The radiation exposure level was 1.94 uGy/pulse and
the scan parameters were 62 kVp and 40 mA for Reall. And
the radiation exposure level was 1.49 uGy/pulse and the scan
parameters were 63 kVp and 20 mA for Real?2.

B. COMPARING METHODS

The performance of the proposed algorithm was compared
using GAT+BM3D [26], the Poisson-Gaussian unbiased risk
estimator linear expansion of thresholds (PURE-LET) [32],
and PG-URE [33], which are state-of-the-art algorithms
that remove Poisson-Gaussian noise. The GAT is the most
reliable VST for Poisson-Gaussian noise, and BM3D is a
representative Gaussian noise removal algorithm with the
best performance; therefore, it was selected as a compar-
ison method. The performance of BM3D was maximized
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TABLE 2. PSNR results for synthetic images according to various noise environments.

Noisy = GAT+ PURE PG- Proposed Noisy GAT+ PURE PG- Proposed
image BM3D  -LET URE method image BM3D  -LET URE method
Barbara Chest2
;0‘55"“' 2758 3501 3256  29.00 33.89 || 2828 3878 3882 36.42 38.54
ominant
ga“S.S‘a“' 28.06 3352 2923  29.06 3433 || 2834 3714 3007 3697 38.59
ominant
Moderately || 55 o5 3680 3440 29.17 36.08 || 3130 4046 3876 37.63 40.02
corrupted
Highly 2486  31.87 3059 28.69 3224 || 2537 3593 3713 3381 37.00
corrupted
Average 2784 3430 3169 2898 3414 || 2832  38.08 3620 3621 38.54
Lena Chest3
(I;OIS.S"“' 2713 3561 3533  32.04 3526 || 2792 3877  39.09 3647 38.59
ominant
Sa“s.s‘a“' 2804 3480 29.67 32.18 3562 || 2835 3705 3021 36.93 38.42
ominant
Moderately || 306> 3777 3500 3223 3725 || 31.16 4034 39.12 37.85 39.92
corrupted
Highly 2463 3320 3385 31.55 3368 || 2518 3586 3730 33.46 36.99
corrupted
Average 2760 3534 33.69 32.00 3545 || 2815 3801 3643 36.18 38.48
Chest1 Chest4
;0‘5?"“' 2662 3954 3461 3747 39.12 || 2840 3929  39.60 36.79 39.02
ominant
ﬁa"s.s‘a“' 28.11 3851 3005 37.64 3992 || 2834 3741 3010 3725 38.96
ominant
Moderately || 55 3, 4y38 3311 3776 4066 || 3136 4091 3941 38.40 40.42
corrupted
Highly 2437 3672 3251 3645 37.82 || 2542 3623 37.86 33.49 37.42
corrupted
Average 2736 3929 3382 3733 3938 || 2838 3846 3674 3648 38.95

through two steps of basic estimation and noise removal,
and the loss of high-frequency components was minimized
using patch-based 3D block filtering. In addition, PURE-LET
and PG-URE were used for the comparison of results
because they performed in the multiscale transform domain.
Moreover, they did not use VST, but the characteristics of
noise itself, similar to the proposed method. In PURE-LET,
the Poisson-Gaussian model was built by changing the max-
imum value of the pixel intensity without setting the Poisson
noise parameter. That is, the noise parameter o was fixed
to 1, and the intensity of Poisson noise was determined
by adjusting the maximum value of the pixel value. It was
performed on a pixel-wise; therefore, similarity with neigh-
boring pixels is not considered, unlike BM3D. PG-URE is
an extended and developed algorithm based on PURE-LET.
Unlike PURE-LET, which was performed only in the mul-
tiscale transform domain, it had been extended based on the
wavelet transform, total variation, and nonlocal means, and
VST can be applied to each method. A model that included
a gain value that normalized after adjusting the maximum
value of the signal was used. In this experiment, a method
that performed in the wavelet transform domain without VST
was selected because this method is similar to the proposed
method.

C. QUANTITATIVE EVALUATION ON SYNTHETIC IMAGES
After synthesizing various noise environments to the images
in Fig. 5, each method was applied and the results were

100646

compared. Table. 2 and 3 show the quantitative analysis of
each noise environment and the results of each experimental
image. The bold text indicates the best results from each
of experiments. Table. 2 shows the PSNR results for each
experimental image by noise condition and noise removal
method. For moderately dense noise condition, GAT+BM3D
exhibits best performance, and for Gaussian-dominant noise
condition, the proposed method exhibits good performance in
the all test images. In Chest 2—4 images, PURE-LET shows
the best performance in Poisson-dominant and highly dense
noise condition. Because those two conditions had the noise
parameter « of 1; therefore, they were suitable for the noise
model of PURE-LET. PG-URE did not record the highest
value in any image, but exhibits a sense of stability showing
consistent PSNR values in any noise situation. The proposed
method exhibits the best performance on average for all
images except Barbara image, for which the GAT+BM3D
performance is the best on average. Because Barbara image
has more straight lines and patterns than curves, it seems
that patch-based method of BM3D is more advantageous than
the shrinkage in the NSCT domain of the proposed method.
Additionally, even if the proposed method did not record the
best value when compared with other methods, it recorded
the second highest value. In terms of quantitative evalua-
tion, GAT+BM3D and the proposed method had a stable
performance in all noise situations. PURE-LET exhibited a
difference in performance for each noise situation. Particu-
larly, when the Poisson noise is small, the performance of
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TABLE 3. SSIM results for synthetic images according to various noise environments.

Noisy GAT+ PURE PG- Proposed Noisy GAT+ PURE PG- Proposed
image  BM3D -LET URE method image  BM3D -LET URE method
Barbara Chest2
Poisson- 0.5693  0.7567 0.7200  0.6199 07473 || 02379 05352 05311 04724 0.5235
dominant
Gaussian- | ) 507 07364 05991  0.6220 07510 || 0.2013 0.4592 0.2404  0.4505 0.4936
dominant
Moderately || 533 7881 07223 0.6160 07730 || 03010 0.5473 04064  0.4797 0.5331
corrupted
C?r‘rigltz 4 || 04776 06904 06581  0.6080 07000 || 0.1329 04066 0.4048  0.3502 0.4422
Average 05673 0.7429 0.6749 06165 07428 || 0.2183 04871 03957 04382 0.4981
Lena Chest3
(f("s,s"“' 0.3997  0.6544 0.6425  0.5521 0.6428 || 02236 05572 0.5598  0.4643 0.5488
ominant
gaus.“a“' 04082  0.6352 04497  0.5630 0.6596 || 0.2008 04736 02462 0.4555 0.4994
ominant
Moderately || yo43 07177 05826 0.5584 0.6917 || 03005 05660 0.4371 04718 0.5327
corrupted
cgiil;ii 4 || 03152 05688 05899  0.5206 0.5866 || 0.1260 04178 04173  0.3391 0.4454
Average 04044 0.6440 05662  0.5485 0.6452 || 02127 05036 04151 04327 0.5066
Chest1 Chest4
;"‘S.SO“' 0.1252  0.4974 03595  0.4088 04823 || 02224 05406 0.5456 0.4787 0.5387
ominant
ga“S.S‘a“' 0.1373  0.4522  0.1806 0.4246 0.5220 || 0.1903 04578 02295 0.4482 0.5007
ominant
Moderately 1| 5000 6019 04843 04202 0.5621 || 0.2883 0.5532 0.4193 04975 0.5380
corrupted
C?r‘r‘flgz 4 || 00776 03675 02716 03650 0.4224 || 0.1241 04050 04217  0.3266 0.4479
Average 0.1355 04798 03240 0.4047 0.4972 || 02063 04892 04040 04378 0.5063

this method was significantly degraded. In PURE-LET, when
the Poisson noise intensity in the image was small, the max-
imum value of the signal had to be normalized to a very
small value. As the maximum value of the signal decreased,
the difference between the signals became subtle, and the
intensity of the estimated noise was too small, or the Gaussian
noise was misrecognized as Poisson noise. For this reason,
PURE-LET exhibits poor results for images with low Poisson
noise intensity, but excellent performance for images with
high Poisson noise intensity. Owing to the extended method
and model, PG-URE exhibits a similar performance in var-
ious noisy environments. The variation in performance for
each situation was small, and the method showed satisfactory
performance, even in Gaussian-dominant noise, which was a
limitation of PURE-LET. However, owing to the complicated
model, it was difficult to obtain both noise reduction and
high-frequency component preservation because the method
is sensitive to the setting of parameter values.

Table. 3 shows the SSIM results for synthetic images.
In most cases, methods with high values in PSNR also
exhibit high values in SSIM. For Poisson-dominant noise
condition, GAT+BM3D or PURE-LET exhibit the best SSIM
values, and for Gaussian-dominant noise condition, the pro-
posed method exhibits the best SSIM scores. For the results
of the moderately dense noise, GAT+BM3D exhibits the
best values and for the results of the highly dense noise,
the proposed method shows the highest SSIM values except
for Lena image. However, despite the highest PSNR value
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of PURE-LET, there are cases where the SSIM value of
GAT+BM3D or the proposed method is the highest. In the
Poisson-dominant noise condition of the Chest2 image,
where the PSNR was best in PURE-LET, the SSIM was the
best in GAT4+BM3D, and in the highly dense noise condition
of the chest3 and chest4 images, the SSIM of the proposed
method was the highest. GAT+BM3D, PG-URE, and the
proposed method show uniform improvement in SSIM values
for all noise situations, and PURE-LET has poor SSIM results
in Gaussian-dominated noise condition. As for the average
SSIM value, the proposed method was the best for all of the
images except for the Barbara image where GAT+BM3D is
the best.

D. QUALITATIVE EVALUATION ON SYNTHETIC IMAGES

Fig. 7-10 show the results of noise removal from an image
degraded by Poisson-dominant noise, Gaussian-dominant
noise, moderately dense noise, and highly dense noise,
respectively. The red boxes are enlarged and displayed
in the insets of the images. In Fig. 7, the results of
GAT+BM3D and the proposed method show that the
noise is well suppressed, and the edge and detail, which
are high-frequency components, are also well preserved.
In the case of PURE-LET, the noise was removed; how-
ever, the noise removal performance was inferior to that of
the other methods. The high-frequency components were
not damaged and were very well preserved, thereby result-
ing in sharp results. PG-URE removed most of the noise,
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FIGURE 7. Experimental results for Barbara images corrupted by
Poisson-dominant noise. (a) Original image; (b) Noisy image;
(c) GAT+BM3D; (d) PURE-LET; (e) PG-URE; (f) Proposed method.

(d) (e) ()

FIGURE 8. Experimental results for Chest1 images corrupted by
Gaussian-dominant noise. (a) Original image; (b) Noisy image;
(c) GAT+BM3D; (d) PURE-LET; (e) PG-URE; (f) Proposed method.

but it also damaged the high-frequency components and
exhibited a blurry result. Fig. 8 shows the noise removal
results of Chestl images dominated by Gaussian noise. The
GAT+BM3D method and the proposed method show sta-
ble results as the case of Poisson-dominant noise. However,
PURE-LET hardly suppressed Gaussian-dominant noise.
As mentioned in Section IV-C, PURE-LET did not have the
gain of Poisson noise in the noise model; thus, when the
Poisson noise parameter was small, the noise removal per-
formance of PURE-LET decreased. PG-URE suppressed the
noise excessively and damaged many details in the process,
resulting in a blurry image, as in the case of Poisson-dominant
noise removal. Fig. 9 shows the noise removal results of Lena
images in which the Poisson and Gaussian noise were mixed
by an appropriate amount. All methods effectively removed
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(@ (b)

(@

FIGURE 9. Experimental results for Lena images corrupted by moderately
dense noise. (a) Original image; (b) Noisy image; (c) GAT+BM3D;
(d) PURE-LET; (e) PG-URE; (f) Proposed method.

the noise, and GAT+BM3D and the proposed method also
yielded stable results that preserved high-frequency com-
ponents with the noise removal. The results of PURE-LET
showed that high-frequency components were maintained,
and they looked sharp. However, thin edges were damaged
and disappeared, but the only strong edges were preserved.
In the PG-URE results, all the weak edges disappeared, and
the strong edges were also damaged, thereby indicating that
the image was blurred overall. Fig. 10 shows the results of
Chest2—4 image sets for highly dense noise. GAT+BM3D,
PG-URE, and the proposed method show a similar tendency
to the results of other noise environments. PURE-LET per-
formed well for suppressing the noise, but did not effec-
tively recover the high-frequency components from the Chest
image. As shown in Table. 2 and 3, PURE-LET removed
the noise well and shows high PSNR, which indicates the
fidelity of data, but SSIM is lower than the proposed method
because the structure of the image is not well reconstructed.
Because only the differential in the vertical and horizontal
direction was used in PURE-LET, the accuracy in the curve
was relatively low, and the structural part of the result is
restored in poorer performance than the patch-based method
because PURE-LET was based on the pixel-wise method.
The proposed method considered the curve structure of image
and applied the patch-base method to restore high-frequency
components. Although the PSNR of the proposed method
shows lower than that of PURE-LET, but the SSIM of the
proposed method exhibits higher than that of PURE-LET.

E. EVALUATION ON REAL X-RAY IMAGE

The algorithms were applied to actual X-ray images. Noise
parameters were estimated from the acquired low-dose X-ray
images, and their values were estimated to be « = 0.4663
and B = 7.2111 for Reall, and « = 0.0337 and 8 =
10.9457 for Real2. The noise environments of Reall and
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(@ (b) (d) (e)

FIGURE 10. Experimental results for Chest2, Chest3, and Chest4 images corrupted by highly dense noise. (a) Original image; (b) Noisy image;
(c) GAT+BM3D; (d) PURE-LET; (e) PG-URE; (f) Proposed method.

(a) (b) ©) (d) (e)

FIGURE 11. Experimental results for real X-ray raw image. First row: results of Real1; Second row: contrast enhanced images of the first row; Third row:
results of Real2; Fourth row: contrast enhanced images of the third row. (a) Noisy image; (b) GAT+BM3D; (c) PURE-LET; (d) PG-URE; (e) Proposed method.

shown in Fig. 11. To confirm the damage and preservation of
the high-frequency components, the contrasts were enhanced
for the denoised images. The performance of GAT+BM3D

Real2 images were similar to that of moderately dense noise
and Gaussian-dominant noise in the synthetic images, respec-
tively. The noise removal results of real X-ray raw images are
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was still good, and PURE-LET exhibited little noise, which
was properly removed, and the high-frequency components
were less damaged, thereby making it easier to identify
the edge compared with other methods. PG-URE did not
suppress much noise for Reall images, however, effectively
removes noise while preserving high-frequency components
for Real2 image. Finally, the proposed method removed the
noise cleanly, and it effectively restored the original signal
that was corrupted by noise.

V. CONCLUSION

We proposed the LLMMSE shrinkage method in the NSCT
based on noise characteristics using an experimental analysis
and a theoretical approach. The proposed method has a sim-
ilar structure to BM3D, and noise is removed through basic
estimation using shrinkage and a Poisson-Gaussian-oriented
Wiener filter. The NSCT has been used for medical images
that consist of many curves, and the LLMMSE filter was
designed and derived in the form of shrinkage, based on
the noise analysis in the NSCT. The reliability of the
algorithm was improved through a two-step process, and
high-frequency components that may be damaged during
noise removal were preserved as much as possible via
patch-based block filtering.

The results for the artificially synthesized images were
very satisfactory, and the proposed method exhibited the best
or second highest PSNR and SSIM values. It showed con-
sistent performance in all noise environments and recorded
the most evaluated value on average when compared with
other noise removal methods. Experiments on real X-ray
images are also encouraging, because proposed method can
better preserve relevant details while suppressing noise and
smoothing out homogeneous areas.

The NSCT has the advantage of separating the image into
the scale and direction components, but has the disadvantage
that the size of the decomposition and reconstruction filter
increases as the scale level increases, owing to the elimination
of the subsampling process. For a stable noise removal per-
formance, the maximum scale level should be set to M > 3.
If the size of the image is small, there is a possibility that
the NSP may not work well, owing to the large size of the
decomposition filter. Future work will include the use of
transforms other that the NSCT or those with subsampling
to remove noise in small images.

REFERENCES

[1] N. Kawai and S. Kawahito, “Noise analysis of high-gain, low-noise col-
umn readout circuits for CMOS image sensors,” IEEE Trans. Electron
Devices, vol. 51, no. 2, pp. 185-194, Feb. 2004.

[2] M. Cho and B. Javidi, “Three-dimensional photon counting imaging with
axially distributed sensing,” Sensors, vol. 16, no. 8, p. 1184, Jul. 2016.
[Online]. Available: https://www.mdpi.com/1424-8220/16/8/1184

[3] G. M. Morris, “Image correlation at low light levels: A computer simu-
lation,” Appl. Opt., vol. 23, no. 18, pp. 3152-3159, Sep. 1984. [Online].
Available: http://ao.osa.org/abstract.cfm?URI=a0-23-18-3152

[4] P. A. Morris, R. S. Aspden, J. E. C. Bell, R. W. Boyd, and M. J. Padgett,
“Imaging with a small number of photons,”” Nature Commun., vol. 6, no. 1,
pp. 1-6, May 2015.

100650

[5]

[6]

17

—

[8]

[9

[t

[10]

(11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

(22]

(23]

(24]

(25]

[26]

(27]

(28]

A. Foi, M. Trimeche, V. Katkovnik, and K. Egiazarian, “Practical
Poissonian-Gaussian noise modeling and fitting for single-image raw-
data,” IEEE Trans. Image Process., vol. 17, no. 10, pp. 1737-1754,
Oct. 2008.

I. A. Elbakri and J. A. Fessler, ““Statistical image reconstruction for polyen-
ergetic X-ray computed tomography,” IEEE Trans. Med. Imag., vol. 21,
no. 2, pp. 89-99, Aug. 2002.

R. Fazel, H. M. Krumholz, Y. Wang, J. S. Ross, J. Chen, H. H. Ting,
N. D. Shah, K. Nasir, A. J. Einstein, and B. K. Nallamothu, “Exposure
to low-dose ionizing radiation from medical imaging procedures,” New
England J. Med., vol. 361, no. 9, pp. 849-857, Aug. 2009.

H. Robbins, “The empirical bayes approach to statistical decision prob-
lems,” Ann. Math. Statist., vol. 35, no. 1, pp. 1-20, Mar. 1964.

J.-S. Lee, “Digital image enhancement and noise filtering by use of local
statistics,” IEEE Trans. Pattern Anal. Mach. Intell., vol. PAMI-2, no. 2,
pp. 165-168, Mar. 1980.

A. Buades, B. Coll, and J. M. Morel, “A review of image denoising
algorithms, with a new one,” Multiscale Model. Simul., vol. 4, no. 2,
pp. 490-530, Jan. 2005.

K. Dabov, A. Foi, V. Katkovnik, and K. Egiazarian, “Image denoising by
sparse 3-D transform-domain collaborative filtering,” IEEE Trans. Image
Process., vol. 16, no. 8, pp. 2080-2095, Aug. 2007.

F. J. Anscombe, “The transformation of Poisson, binomial and negative-
binomial data,” Biometrika, vol. 35, nos. 3—4, pp. 246-254, 1948.

M. Fisz, “The limiting distribution of a function of two independent
random variables and its statistical application,” in Proc. Collog. Math-
ematicum, vol. 3, 1955, pp. 138-146.

D. L. Donoho, “Nonlinear wavelet methods for recovery of signals, den-
sities, and spectra from indirect and noisy data,” in Proc. Symposia Appl.
Math., 1993, pp. 173-205.

M. Jansen, “Multiscale Poisson data smoothing,” J. Roy. Stat. Soc. B, Stat.
Methodol., vol. 68, no. 1, pp. 27-48, Feb. 2006.

B. Zhang, M. J. Fadili, J.-L. Starck, and J.-C. Olivo-Marin, “Multiscale
variance-stabilizing transform for mixed-Poisson-Gaussian processes and
its applications in bioimaging,” in Proc. IEEE Int. Conf. Image Process.,
vol. 6, Oct. 2007, pp. VI-233-VI-236.

A. Haar, Zur Theorie der Orthogonalen Funktionensysteme. Gottingen,
Germany: Georg-August-Universitat, 1909.

P. Fryzlewicz and G. P. Nason, ““A Haar-Fisz algorithm for Poisson inten-
sity estimation,” J. Comput. Graph. Statist., vol. 13, no. 3, pp. 621-638,
Sep. 2004.

J.-L. Starck, F. D. Murtagh, and A. Bijaoui, Image Processing and Data
Analysis: The Multiscale Approach. Cambridge, U.K.: Cambridge Univ.
Press, 1998.

B. Zhang, J. M. Fadili, and J. L. Starck, “Wavelets, ridgelets, and curvelets
for Poisson noise removal,” IEEE Trans. Image Process., vol. 17, no. 7,
pp. 1093-1108, Jul. 2008.

S. Lefkimmiatis, P. Maragos, and G. Papandreou, “Bayesian inference
on multiscale models for Poisson intensity estimation: Applications to
photon-limited image denoising,” IEEE Trans. Image Process., vol. 18,
no. 8, pp. 1724-1741, Aug. 2009.

F. Luisier, C. Vonesch, T. Blu, and M. Unser, ‘“Fast interscale wavelet
denoising of Poisson-corrupted images,” Signal Process., vol. 90, no. 2,
pp. 415-427, Feb. 2010.

M. Makitalo and A. Foi, “‘Optimal inversion of the anscombe transforma-
tion in low-count Poisson image denoising,” IEEE Trans. Image Process.,
vol. 20, no. 1, pp. 99-109, Jan. 2011.

M. Makitalo and A. Foi, “A closed-form approximation of the exact
unbiased inverse of the anscombe variance-stabilizing transformation,”
IEEE Trans. Image Process., vol. 20, no. 9, pp. 2697-2698, Sep. 2011.
M. Makitalo and A. Foi, “Poisson-Gaussian denoising using the exact
unbiased inverse of the generalized anscombe transformation,” in Proc.
IEEE Int. Conf. Acoust., Speech Signal Process. (ICASSP), Mar. 2012,
pp. 1081-1084.

M. Makitalo and A. Foi, “Optimal inversion of the generalized anscombe
transformation for Poisson-Gaussian noise,” IEEE Trans. Image Process.,
vol. 22, no. 1, pp. 91-103, Jan. 2013.

D. T. Kuan, A. A. Sawchuk, T. C. Strand, and P. Chavel, “Adaptive noise
smoothing filter for images with signal-dependent noise,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. PAMI-7, no. 2, pp. 165-177, Mar. 1985.
T. Le, R. Chartrand, and T. J. Asaki, “A variational approach to recon-
structing images corrupted by Poisson noise,” J. Math. Imag. Vis., vol. 27,
no. 3, pp. 257-263, Apr. 2007.

VOLUME 9, 2021



S. Lee, M. G. Kang: Poisson-Gaussian Noise Reduction for X-Ray Images Based on LLMMSE Shrinkage

IEEE Access

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

A. A. Bindilatti and N. D. A. Mascarenhas, ‘A nonlocal Poisson denoising
algorithm based on stochastic distances,” IEEE Signal Process. Lett.,
vol. 20, no. 11, pp. 1010-1013, Nov. 2013.

M. Antonini, M. Barlaud, P. Mathieu, and I. Daubechies, ‘“Image coding
using wavelet transform,” IEEE Trans. Image Process., vol. 1, no. 2,
pp. 205-220, Apr. 1992.

M. A. T. Figueiredo and R. D. Nowak, “An EM algorithm for wavelet-
based image restoration,” IEEE Trans. Image Process., vol. 12, no. 8,
pp- 906-916, Aug. 2003.

F. Luisier, T. Blu, and M. Unser, “Image denoising in mixed Poisson—
Gaussian noise,” IEEE Trans. Image Process., vol. 20, no. 3, pp. 696-708,
Mar. 2011.

Y. Le Montagner, E. D. Angelini, and J.-C. Olivo-Marin, “An unbiased risk
estimator for image denoising in the presence of mixed Poisson—Gaussian
noise,” IEEE Trans. Image Process., vol. 23, no. 3, pp. 1255-1268,
Mar. 2014.

D. L. Donoho and I. M. Johnstone, “Adapting to unknown smoothness via
wavelet shrinkage,” J. Amer. Stat. Assoc., vol. 90, no. 432, pp. 1200-1224,
Dec. 1995.

M. N. Do and M. Vetterli, “The finite ridgelet transform for image
representation,” IEEE Trans. Image Process., vol. 12, no. 1, pp. 16-28,
Jan. 2003.

J.-L. Starck, E. J. Candes, and D. L. Donoho, “The curvelet trans-
form for image denoising,” IEEE Trans. Image Process., vol. 11, no. 6,
pp. 670-684, Jun. 2002.

M. N. Do and M. Vetterli, “The contourlet transform: An efficient direc-
tional multiresolution image representation,” IEEE Trans. Image Process.,
vol. 14, no. 12, pp. 2091-2106, Dec. 2005.

D. D.-Y. Po and M. N. Do, “Directional multiscale modeling of images
using the contourlet transform,” IEEE Trans. Image Process., vol. 15,no. 6,
pp. 1610-1620, Jun. 2006.

S. Lee, M. Lee, and M. Kang, “Poisson—Gaussian noise analysis and
estimation for low-dose X-ray images in the NSCT domain,” Sensors,
vol. 18, no. 4, p. 1019, Mar. 2018.

P. Burt and E. Adelson, “The Laplacian pyramid as a compact image
code,” IEEE Trans. Commun., vol. COM-31, no. 4, pp.532-540,
Apr. 1983.

M. N. Do and M. Vetterli, “Framing pyramids,” [EEE Trans. Signal
Process., vol. 51, no. 9, pp. 2329-2342, Sep. 2003.

R. H. Bamberger and M. J. T. Smith, “A filter bank for the directional
decomposition of images: Theory and design,” IEEE Trans. Signal Pro-
cess., vol. 40, no. 4, pp. 882-893, Apr. 1992.

A. L. Da Cunha, J. Zhou, and M. N. Do, “The nonsubsampled contourlet
transform: Theory, design, and applications,” IEEE Trans. Image Process.,
vol. 15, no. 10, pp. 3089-3101, Oct. 2006.

A. P. Sage and J. L. Melsa, Estimation Theory With Applications to
Communications and Control. New York, NY, USA: McGraw-Hill, 1971.
R. Oktem and K. Egiazarian, “Transform domain algorithm for reducing
effect of film-grain noise in image compression,” Electron. Lett., vol. 35,
no. 21, pp. 1830-1831, Oct. 1999.

X. Wang, Y. Peng, L. Lu, Z. Lu, M. Bagheri, and R. M. Summers, ““ChestX-
ray8: Hospital-scale chest X-ray database and benchmarks on weakly-
supervised classification and localization of common thorax diseases,”
in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Jul. 2017,
pp. 2097-2106.

VOLUME 9, 2021

SANGYOON LEE received the B.S. degree in
electrical and electronic engineering from Yonsei
University, Seoul, South Korea, in 2012, where
he is currently pursuing the joint M.S. and Ph.D.
degrees with the Department of Electrical and
Electronic Engineering. His current research inter-
ests include noise analysis and reduction in image
processing.

MOON Gl KANG received the B.S. and
M.S. degrees in electronics engineering from
Seoul National University, Seoul, South Korea,
in 1986 and 1988, respectively, and the Ph.D.
degree in electrical engineering from Northwest-
ern University, Evanston, IL, USA, in 1994.
He was an Assistant Professor with the Uni-
versity of Minnesota, Duluth, MN, USA, from
1994 to 1997. Since 1997, he has been with the
Department of Electronic Engineering, Yonsei
University, Seoul, where he is currently a Professor. His current research
interests include image and video filtering, restoration, enhancement, and
superresolution reconstruction. He has authored more than 100 technical
articles in his areas of expertise. He was a recipient of the 2006, 2007,
and 2012 Yonsei Outstanding Research Achievement Awards (Technology
Transfer), the 2002 HaeDong Foundation Best Paper Award, and the 2000,
2009, and 2010 Awards of Teaching Excellence at Yonsei University. He has
served as the Editorial Board Member for IEEE Signal Processing Magazine,
the Editor for SPIE Milestone Series Volume (CCD and CMOS imagers),
and the Guest Editor for the IEEE Signal Processing Magazine Special
Issue on Superresolution Image Reconstruction, in May 2003. He has served
in the technical program and steering committees for several international
conferences. He has served as an Associate Editor for the EURASIP Journal
on Advances in Signal Processing and the Digital Signal Processing journal
(Elsevier).

100651



