Runner Up Physics of Medical Imaging Student Paper Award

Pipeline for effective denoising of digital mammography and
digital breast tomosynthesis
Lucas R. Borgesa,b, Predrag R. Bakicb, Alessandro Foic, Andrew D. A. Maidmentb,
and Marcelo A. C. Vieiraa
a

Department of Electrical and Computer Engineering, University of São Paulo, São Carlos, Brazil
b
Department of Radiology, University of Pennsylvania, Philadelphia, United States
c
Department of Signal Processing, Tampere University of Technology, Tampere, Finland
ABSTRACT

Denoising can be used as a tool to enhance image quality and enforce low radiation doses in X-ray medical imaging. The
effectiveness of denoising techniques relies on the validity of the underlying noise model. In full-field digital
mammography (FFDM) and digital breast tomosynthesis (DBT), calibration steps like the detector offset and flatfielding can affect some assumptions made by most denoising techniques. Furthermore, quantum noise found in X-ray
images is signal-dependent and can only be treated by specific filters. In this work we propose a pipeline for FFDM and
DBT image denoising that considers the calibration steps and simplifies the modeling of the noise statistics through
variance-stabilizing transformations (VST). The performance of a state-of-the-art denoising method was tested with and
without the proposed pipeline. To evaluate the method, objective metrics such as the normalized root mean square error
(N-RMSE), noise power spectrum, modulation transfer function (MTF) and the frequency signal-to-noise ratio (SNR)
were analyzed. Preliminary tests show that the pipeline improves denoising. When the pipeline is not used, bright pixels
of the denoised image are under-filtered and dark pixels are over-smoothed due to the assumption of a signalindependent Gaussian model. The pipeline improved denoising up to 20% in terms of spatial N-RMSE and up to 15% in
terms of frequency SNR. Besides improving the denoising, the pipeline does not increase signal smoothing significantly,
as shown by the MTF. Thus, the proposed pipeline can be used with state-of-the-art denoising techniques to improve the
quality of DBT and FFDM images.
Keywords: Variance stabilization, denoising, full field digital mammography, digital breast tomosynthesis

1. INTRODUCTION
Full-field digital mammography (FFDM) and digital breast tomosynthesis (DBT) are the most common imaging
modalities used for breast cancer screening programs. In breast cancer screening programs, asymptomatic women are
exposed to low doses of X-ray radiation. Thus, to guarantee the safety of the patients, the International Basic Safety
Standards for Protection against Ionizing Radiation and for the Safety of Radiation Sources instructs that radiation
exposures must “…be the minimum necessary to achieve the required diagnostic objective…” [1]. To improve image
quality and maintain low radiation levels, a number of authors have investigated the advantages and limitations of
applying denoising algorithms to FFDM and DBT images [2] [3] [4]. The common hypothesis of these works is that
denoising can improve cancer detection by suppressing the image noise.
The effectiveness of denoising algorithms relies on the correct modeling of the noise statistics. Specifically, the noise
found in FFDM and DBT images can be described by a Gaussian-Poisson model. The Gaussian portion describes
additive fluctuations of the pixel value which can be caused by, e.g., electronic and thermal noise. The Poisson model
accounts for quantum noise, which is inherent to the process of photon generation and detection.
To facilitate the process of noise modeling, a common approach is to use raw images as input for the denoising methods.
Although the raw images are the crudest data reported by clinical equipment, some post-processing steps related to
detector calibration are incorporated; these must be considered during the denoising process. For example, properties
such as the inverse square law and heel effect negatively affect the uniformity of the field, and are frequently
compensated by changes in the detector gain (flat-field correction) [5]. Another example of calibration is the pixel offset.
The offset is applied to ensure the non-negativity of the pixels. This offset affects the linearity between entrance dose and
overall pixel signal.
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Additionally,, quantum noiise is signal-deependent. Manny of the bestt denoising meethods in the literature
l
are designed
d
assuming siggnal-independeent Gaussian noise
n
[6] [7]. Mathematical
M
tools such as variance-stabiilizing transforrmations
(VST) are caapable of elimin
nating the dependency betweeen noise and signal.
s
If propeerly applied, thhese are powerrful tools
that may be used
u
for denoissing FFDM andd DBT images.
Therefore, it is essential to
o prepare the data
d
correctly and choose apppropriate toolls before denoiising FFDM and
a DBT
images. In thhis work, we prropose a pipelinne for FFDM and
a DBT denoising that conssiders the calibration steps annd allows
easy modelinng of the noisee statistics throough variance stabilization transformation
t
ns. Using the proposed
p
pipeline, it is
possible to successfully process
p
FFDM
M and DBT images
i
using any denoisingg technique designed
d
for Gaussian
G
signal-indepeendent noise.

2. NOIS
SE MODEL & PROBLEM
M DEFINITIION
Consider ( , ) as pixels from a raw (““for processingg”) FFDM imaage or from a raw
r DBT projeection, where ( , ) are
spatial coorddinates. We model ( , ) as
(, )= (, )

(, ) +

+ ,

(1)

( , ) indicates a Poisson-distrributed variate with parameteer ( , ),
v
detectoor gain,
where ( , ) are spatially varying
( , ) is the underlying no
oise-free signall,
is the staandard deviatioon of the electrronic noise,
is signal-indeependent
m
and unit variance and is the constaant signal offsset. The condiitional expectaation and
random noise with zero mean
variance of ( , ) given ( , ) are:
( , )| ( , ) = ( , ) ( , ) + ,

( , )| ( , ) =

( , ) ( , )+

,

(2)

nd the detectorr offset descrribe the quantuum gain and thhe modificationns on the signaal due to
The detector gain ( , ) an
p
to the stoorage of the raw
w DICOM filee. The quantum
m gain results from
f
the
the calibratioon steps that arre performed prior
uncertainties related to x-raay generation, transmission and
a detection; and
a the calibraation is responsible for the coorrection
of non-uniforrmities caused by properties such as the heeel effect, inversse square law, and dark curreents (flat-fieldinng).
Note that thee variance of
depends on the electronic noise
andd also on the underlying
u
signnal ( , ) and detector
gain ( , ), which are spatially dependdent. The goal of this work is to obtain an
a estimate ̂ ( , ) of the noiseless
n
r data ( , ).
calibrated siggnal using the raw

3. MATERIIALS & MET
THODS
Many state-oof-the-art denoising algorithm
ms assume input signals conttaminated withh signal-indepeendent Gaussiaan noise.
This assumption limits thee choice of dennoising filters that can effecctively be appllied to FFDM and DBT imaages. To
overcome thiis issue, we usse variance-staabilizing transfformations (VS
ST) to convertt a signal-depeendent variablee into an
approximatelly Gaussian sig
gnal-independent variable, thhereby increassing the numbeer of filtering algorithms thaat can be
used. One well-known
w
VS
ST for Poissonn-Gaussian varriables is the generalized Anscombe
A
transsformation (GA
AT) [8].
However, to correctly stabilize the noise,, the calibratioon parameters ( , ) and must
m be estimaated and removved from
( , ) priorr to the applicattion of the VST
T.
Thus, before denoising thee raw data we propose to usee a pipeline with
w two prelim
minary steps: caalibration remooval and
variance stabbilization. In the
t former stepp, the image is
i linearized and
a the quantuum gain is rem
moved. The laatter step
consists of choosing
c
an appropriate
a
vaariance stabilizzation transforrm that conveerts a mixturee of Gaussian-Poisson
distributions into a signal-independent Gaussian
G
distribbution. It is im
mportant to em
mphasize that the
t appropriatee inverse
transform muust be applied
d after denoisinng, and the im
mage must be recalibrated.
r
F
Figure
1 presennts an overview
w of the
proposed pippeline.

Figurre 1. Overall schhematic of the proposed pipeline..
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3.1. Calibration removal
The goal of this section is to estimate the uncalibrated signal from the available raw image
define the uncalibrated signal as:
(, )=

( , ). Trivially, we can

( , )−
.
(, )

(3)

Therefore, to obtain the uncalibrated noisy signal ( , ) it is necessary to estimate the pixel offset and the pixel gain
( , ). The constant can be estimated in various ways. We adopted the method defined by the National Health Service
Breast Screening Programme (NHSBSP) [9]. An alternative method for calculating consists of acquiring dark-field
images.
Next, we estimate the detector gain ( , ). The best way to obtain ( , ) would be by accessing the calibration data of
the clinical system. However, this information is not always available and thus has to be estimated from acquired images.
To this end, we first express the underlying signal ( , ) as a function of the expectation of ( , ), starting from
equation (2):
(, )=

( , )| ( , ) −
.
(, )

(4)

Then, substituting equation (4) into the variance defined in equation (2), we obtain:
(, )=

( , )| ( , ) −
( , )| ( , ) −

.

(5)

The variance
of the signal-dependent noise can be estimated using tools described in the literature [10], as explained
( , )| ( , ) and the expectation of the
in the results section. The total noise variance of the calibrated signal
( , )| ( , ) can both be estimated from uniform calibration images. Therefore, a good
calibrated signal
approximation of ( , ) can be found using equation (5). Finally, ( , ) can be estimated using the relation defined by
equation (3).
3.2. Variance-stabilizing transformation (VST)
Variance-stabilizing transformations are mathematical tools capable of converting signal-dependent noise distributions
into signal-independent noise with an approximately Gaussian shape and constant variance. For Poisson-Gaussian data, a
common transformation is the generalized Anscombe transformation (GAT), defined by [8]. For observations such as the
uncalibrated signal ( , ), the GAT is defined as
(, ) =2

3
( , )+ +
8

,

(6)

( , ) is the stabilized signal, which can be modeled as corrupted exclusively by standard Gaussian noise,
where
(0,1). Denoising can finally be applied to the signal, and the denoised image can be recovered by applying the
appropriate inverse transformation. The image is then recalibrated by multiplying the signal by the estimated ( , )
matrix and adding .
3.3. Denoising
After stabilization of the variance, we treat the noise as additive independent Gaussian white noise with known variance.
In particular, in the case of the generalized Anscombe VST, the variance is unitary. Many denoising methods are suitable
for this standard type of noise degradation. A review of the most significant approaches can be found, e.g., in [11] [12].
For the purpose of the present work, we utilize the popular BM3D denoising algorithm [7]. This highly competitive
algorithm synergistically combines three important elements found in many modern image filters:
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A) The use of patch-based estimates, i.e. a redundant image representation composed of multiple overlapping small
patches or blocks;
B) The use of nonlocal self-similarity as a regularization prior, i.e. leveraging the fact that natural images contain a large
number of mutually similar patches at different locations and that noise can be attenuated by adaptively enforcing the
mutual similarity between patches;
C) Transform-domain sparsity, i.e. the fact that natural signals enjoy a compact representation with respect to suitable
decorrelating transforms (e.g., discrete cosine or wavelets) where most of the energy is concentrated in few
large-magnitude coefficients within the transform spectrum, and where regularization can be effectively implemented by
shrinkage (e.g., hard thresholding) of the spectrum.
Specifically, BM3D represents the image through a collection of spectra of all groups of mutually similar patches by
stacking the mutually similar image blocks into 3D data arrays, and by applying a 3-D decorrelating transform to these
groups, BM3D achieves an enhanced sparse and redundant representation of the image. The inverse 3D transformation
of a shrunk group spectrum yields a group of jointly filtered image patches. Each pixel in the image is then estimated by
a multitude of filtered patches, which are finally combined via an adaptive averaging procedure (so-called aggregation)
to yield the final image estimate.
3.4. Inverse VST
The denoised image , obtained after variance stabilization, has to undergo an inverse VST transformation to match the
range of . For this task, we use the exact unbiased inverse of the generalized Anscombe transform
, as proposed in
[13]:
( )=

1
4

+

1 3
4 2

−

11
8

+

5 3
8 2

1
− −
8

(7)

The need for this particular inverse stems from the fact that the forward VST is necessarily a nonlinear mapping, which
( )| = (
| ). The inverse [13] is specially
thus does not commute with the mathematical expectation:
( )| ) =
| , exactly, and for any . Therefore, applying
designed so that
(
to the output of BM3D
is justified as soon as we consider that, formally, denoising of ( ) aims to approximate the conditional expectation
( )| . We refer the reader to [13] for more details on the optimal statistical properties of
≈
.
3.5. Metrics
To assess the performance of the proposed pipeline, objective metrics were calculated before denoising, after denoising
without the proposed pipeline, and after denoising with the proposed pipeline. The normalized root mean square error
(N-RMSE) was used to evaluate the performance of the method in the spatial domain. We adopted the root mean square
error normalized by the signal standard deviation:
( , )=

1

1

( , )− ( , )

,

(8)

where
is the standard deviation of the signal, ( , ) are pixels from a reference noiseless image, ( , ) are the pixels
from the image being evaluated, and are image dimensions. As our noise model is signal-dependent, we present the
improvements in the N-RMSE as a function of the gray level.
The second objective metric used was the normalized power spectrum of the residual noise (NNPS) [5], which evaluates
the noise in terms of frequency components. The NNPS is widely used as a quality metric. We also analyzed the signal
smoothing caused by the denoising method. For this purpose, we compare the modulation transfer function (MTF) [5]
estimated from the denoised images.
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Lastly, we estimated the efficiency of the denoising pipeline in terms of the signal-to-noise ratio as a function of spatial
frequency. We define the frequency SNR as:
( ) = 10 log
where

( )
,
( )

(9)

are frequency components. The results show the relative improvement in SNR.

3.6. Images
To assess the performance of the proposed pipeline, sets of FFDM and DBT images were acquired using a clinical
imaging system Selenia Dimensions (Hologic, Bedford, MA) at the Hospital of the University of Pennsylvania. We
chose to perform all tests using a 3D anthropomorphic breast phantom [14] [15]. The phantom allows the acquisition of
several instances, facilitating the estimation of the noiseless signal necessary to calculate some of the objective metrics.
The anthropomorphic phantom was prototyped by CIRS, Inc. (Reston, VA) under license of the University of
Pennsylvania. It consists of six slabs, each containing simulated anatomical structures manufactured using tissue
mimicking materials, based upon a realization of the companion breast software phantom [16]. The phantom simulates a
450 ml breast, compressed to 5 cm, with 17% volumetric breast density (excluding the skin). In addition to the normal
breast anatomy, individual pieces of calcium oxalate (99%, Alfa Aesar, Ward Hill, MA), with different sizes were placed
between slabs of the phantom to mimic a cluster of microcalcifications. Figure 2 shows a photograph of all the slabs of
the anthropomorphic breast phantom used in this study, an example of a FFDM acquisition, and the central slice of a
DBT reconstructed image.

(a) Photograph

(b) FFDM

(c) DBT

Figure 2. Anthropomorphic phantom used for validation.

First, one FFDM of the phantom was acquired using the automatic exposure control mode (AEC). This exposure was
used to define the optimal acquisition settings for the phantom composition (29 kVp, 160 mAs). Next, the acquisition
was switched to manual mode and 15 images were acquired using the exposure settings given by the AEC. The currenttime product (mAs) was then decreased from the AEC value (160 mAs) to 120 mAs and 80 mAs to simulate lower
radiation levels. Five images were acquired at each dose.
Sets of DBT images were also acquired using the same equipment. Again, one exposure was performed to define the
optimal exposure parameters, followed by the manual acquisition of 15 sets of DBT projections at the configuration
given by the AEC (31 kVp/60 mAs), and 5 additional sets of reduced dose images were acquired at 42 mAs and 30 mAs.
For both modalities, an approximation of the noiseless image was calculated by averaging ten acquisitions at the highest
dose level.
As mentioned in the previous section, the MTF was used as a measurement for evaluation of signal smoothing. The MTF
is commonly calculated using a highly attenuating uniform object positioned over a uniform background, which results
on a high contrast step used to estimate the MTF. However, the denoising algorithm proposed in this work takes
advantage of the self-similarities found in the input image. Thus, denoising such uniform images and calculating the
MTF would yield good results, but it would not represent the real performance of the pipeline in a real application. To
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simulate the real denoising
g performance,, metal featurees were inserted between slabbs of the anthrropomorphic phantom.
p
This configuuration results in images withh real structureed backgroundd that forces thhe pipeline to perform a chaallenging
denoising tassk, but at the same
s
time alloows the estimaation of the MT
TF using the border
b
of the metal
m
feature. Figure 3
shows ROIs containing the metal inserts used
u
to estimatte the MTF.

E
(a) FFDM
F
raw imagee

(b) DB
BT raw projectionn

Figuure 3. Metal inseerts used to calcuulate the MTF.

m images acquirred with the saame equipmentt as used
The estimatioon of the calibration parametters requires a set of uniform
for the acquiisition of the FFDM
F
and DBT input images. For this purppose, we creatted a pool of uniform
u
imagess using a
45 mm poly methyl methaccrylate (PMMA
A) block, com
mmonly used foor flat-fielding the system. Uniform
U
FFDM
M images
wing entrance air
a kerma: 5.866 mGy, 5.14 mGy,
m
4.41 mGyy and 2.93 mG
Gy. Also, uniform DBT
were acquireed at the follow
projections were
w acquired at
a entrance air kerma
k
of 5.46 mGy, 4.65 mG
Gy, 3.83 mGy and
a 2.74 mGy.

4. RESULT
TS & DISCU
USSION
4.1 Estimation of detectorr offset
The NHSBSP
P method [9], which we adoopt to estimate the detector offfset, consists of acquiring a set of uniform
m images
at a range off current-time products
p
and caalculating the mean
m
pixel vallue (MPV) inside a 100 mm square ROI poositioned
at the midlinne, 60 mm from
m the chest waall. The relatioon between thee detector entrrance surface air
a kerma and MPV is
fitted to an affine function, and the MPV at zero air kerrma is the estim
mated . Details can be foundd in [9]. The estimated
e
was 422, and
waas 58.

(aa) Estimation of

(b) Estimattion of

mate the pixel offfset.
Figure 4. Linear regressioons used to estim

4.2. Estimatiion of electron
nic noise

an
nd detector gaain ( , )

is required to estimate the deetector gain ( , ). For this purpose,
As defined by
b equation (5)), an initial estiimation of
we use softw
ware [10] available for dow
wnload at the authors’ webssite [17]. The program can estimate the standard
deviation of the additive po
ortion of a Gaaussian-Poissonn mixture provvided that the pixel
p
gain ( , ) is constant through
the field. To meet this req
quirement, we selected a rectangular ROI with a short span
s
along the chest-nipple direction
d

Proc. of SPIE Vol. 10132 1013206-6
Downloaded From: http://proceedings.spiedigitallibrary.org/ on 03/13/2017 Terms of Use: http://spiedigitallibrary.org/ss/termsofuse.aspx

(14 mm) and a much longer span along the orthogonal direction (140 mm). Using this elongated layout, we take
advantage of the fact that the pixel gain varies more slowly on the orthogonal direction than in the chest-nipple direction.
The ROI was taken from 15 realizations of the high dose images after the subtraction of . For DBT images, the
estimation was performed on the 15 central projections, perpendicular to the field.
The estimated
was 1.8 ± 0.4 for FFDM images, and 7.2 ± 1.3 for DBT images. Note that the variance of the electronic
noise estimated from the DBT projection is four times the variance estimated from the FFDM image. This relationship is
consistent with the theory, as the DBT system used in this work uses the same detector as used for FFDM, but it
performs 2 × 2 pixel binning. Therefore, DBT images are expected to report electronic noise four times higher.
The pixel gain was estimated via equation (5) using the uniform images acquired with the AEC mode. Figure 5 shows
the estimated ( , ) for each spatial position. Note that, as mentioned before, ( , ) has more relevant changes in the
chest wall to nipple direction, than in the orthogonal direction.

I

0.35

0.35

0.3

0.3

0.25

I

0
015

0.25

0
015

0.1

0.1

(a) FFDM

(b) DBT

Figure 5. Spatially dependent detector gain ( , ).

4.3. Variance Stabilization
After the calibration was removed following the previous steps, it is possible to stabilize the noise variance using the
VST defined by (6). Figure 6 visualizes the local standard deviation calculated using a ROI positioned inside the breast
with the AEC acquisition. Note that before stabilization the standard deviation spans a wide range, and is signal
dependent as noticed by the presence of structures inherent in the images. Figures 6 (b) and (d) show that the signaldependency is removed after the VST is applied. Note that, not only the noise is stabilized, but also that the standard
deviation is unity. The average of the standard deviation shown in Figure 6 (b) is 1.01, and in Figure 6 (d) is 1.07.
Furthermore, we would like to emphasize that the signal-dependency of the noise is much more evident on FFDM
images, although it can also be noticed in the DBT image. This shows that the signal-independent electronic noise has
higher relative strength on DBT images compared to FFDM. This can be explained by the 2 × 2 binning performed by
the DBT system, and by the fact that DBT images have lower overall signal due to the lower radiation used at each
projection.
14

14

2

12

12
1.5

10

10
1

8

8
0.5

-

6

(a) Before VST (FFDM)

-0

0

4

(b) After VST (FFDM)

-0.5

(c) Before VST (DBT)

(d) After VST (DBT)

Figure 6. Standard deviation of FFDM and DBT images before (a,c), and after (b,d) variance stabilization.
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4.4. Denoising
Figure 7 shows a magnified portion of the ROI taken from FFDM and DBT images acquired with the AEC
configuration, for visual comparison. Figure 7 also shows the pixel profile taken from the region indicated by the lines.

(a) Noisy FFDM

(b) Denoised FFDM
(BM3D)

(c) Denoised FFDM
(Pipeline + BM3D)

(d) Pixel profile FFDM

(e) Noisy DBT

(f) Denoised DBT
(BM3D)

(g) Denoised DBT
(Pipeline + BM3D)

(h) Pixel profile DBT projection

Figure 7. Magnified view of a bright area from FFDM and DBT images, and the pixel profile of the region indicated by the line.

As shown by Figure 7, the pipeline improved the denoising process enough to be appreciated visually, and on the line
profiles. Figure 8 shows the standard deviation of the residual noise after denoising is performed with and without the
pipeline for each pixel. The results show that the proposed pipeline improves the denoising in regions with bright pixels.
As the noise is signal-dependent, dark regions are over-smoothed and bright pixels are under-filtered, due to the
assumption of signal-independent noise. The DBT results were calculated from the central projection.
5

5

4

4

3

3
2
1

0

(a) BM3D (FFDM)

(b) BM3D + Pipeline (FFDM)

(c) BM3D (DBT)

(d) BM3D + Pipeline (DBT)

Figure 8. Standard deviation of the residual noise after denoising is performed.

2

1

0

Visual comparison between Figures 6 and 8, with special attention to the color scale, makes evident the potential of the
denoising technique chosen in this work. Even with an incorrect noise model, the filter was capable of suppressing a
large portion of the noise when the pipeline is not used. However, bright areas such as the top-right corner have higher
residual noise when the pipeline is not used.
Since the denoising strength depends on the mean pixel value, in Figure 9 we present the relative improvement on
N-RMSE as a function of underlying gray level. Again, results show that bright pixels were not filtered effectively when
the pipeline is not applied. The use of the variance-stabilizing transformation improved denoising in those areas.
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(a) FFDM full dose (AEC)

(b) FFDM 75% dose

(c) FFDM 50% dose

(d) DBT full dose (AEC)
(e) DBT 70% dose
(f) DBT 50% dose
Figure 9. N-RMSE and relative improvement in N-RMSE of each method at different entrance dose levels.

Next, the normalized noise power spectrum of the residual noise was calculated, Figure 10 shows the results. Note that
the denoising successfully suppressed the noise components especially at high frequencies.

(a) FFDM full dose (AEC)

(b) FFDM 75% dose

(c) FFDM 50% dose

(d) DBT full dose (AEC)

(e) DBT 70% dose

(f) DBT 50% dose

Figure 10. Normalized power spectrum of the residual noise from denoised images at different dose levels.
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In general, the denoising process consists of a compromise between noise removal and signal smoothing. Therefore,
Figure 11 presents the MTF calculated from denoised images. The MTF was calculated using the anthropomorphic
phantom with inserted metal features, which generates high contrast borders.

(a) FFDM full dose (AEC)

(b) DBT full dose (AEC)

Figure 11. Modulation transfer function of the noisy and denoised images acquired with the AEC mode.

Note that, even though the noise was successfully suppressed in FFDM images, the MTF is preserved. The pipeline
improved the denoising in comparison to the BM3D alone with no changes to the MTF. The denoising of DBT images
caused a slight drop of the MTF. As DBT projections are acquired at lower radiation levels, they require more aggressive
denoising compared to FFDM images, which may justify the slight drop in the MTF.
Lastly, Figure 12 shows the relative improvement of the SNR at the frequency domain. This measurement represents the
tradeoff between signal blur and noise suppression.

(a) SNR FFDM full dose (AEC)

(a) SNR DBT full dose (AEC)

Figure 12. Signal-to-noise ratio as a function of spatial frequency.

Figure 12 shows that the pipeline improves the efficiency of the denoising algorithm. Note that the denoising method is
more efficient at suppressing the mid and high frequency noise.

5. CONCLUSION
In this work we investigated the feasibility of a pre-processing pipeline for image denoising. The pipeline is compatible
with any denoising technique that assumes additive Gaussian noise. The results support the application of the pipeline,
which is especially valuable for FFDM images. Denoising was performed more effectively with the pipeline, showing no
relevant detriment to the signal sharpness, as indicated by the MTF. Thus, the efficiency of the denoising was improved,
as shown by the relation between signal blur and noise suppression.
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