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Abstract: Deep learning-based denoising methods have proved efficient for medical imaging. Ob-
taining a three-dimensional representation of a scanned object is essential, such as in the computed
tomography (CT) system. A sufficient radiation dose needs to be irradiated to a scanned object
to obtain a high-quality image. However, the radiation dose is insufficient in many cases due to
hardware limitations or health care issues. A deep learning-based denoising method can be a solution
to obtaining good images, even when the radiation dose is insufficient. However, most existing
deep learning-based denoising methods require numerous paired low-dose CT (LDCT) images and
normal-dose CT (NDCT) images. It is almost impossible to obtain numerous well-paired LDCT
and NDCT images. Self-supervised denoising methods were proposed to train a denoising neural
network on only noisy images. These methods can be applied to the projection domain in LDCT.
However, applying denoising in the projection image domain is a challenging task, because the
projection images for LDCT have extremely weak signals. To solve this problem, we propose a
noise reduction method based on the dropped projection strategy. The proposed method works by
first reconstructing the 3D image with the degraded versions of the projection images generated
by Bernoulli sampling. Subsequently, the denoising neural network is trained to restore the signal
dropped out by Bernoulli sampling in the projection image domain. As such, the method we propose
solves the over-smoothing problem in previous methods and is able to be trained with a small amount
of data. We verified the performance of our proposed method on the SPARE challenge dataset and
the in-house lithium polymer dataset. The experiments on two datasets show that the proposed
method outperforms the conventional denoising methods by at least 4.47 dB of PSNR value.

Keywords: computed tomography (CT); denoising; noise reduction; self-supervised

1. Introduction

Computed tomography (CT) is an essential technique to obtain a three-dimensional
(3D) representation of a scanned object in medical imaging, industrial imaging, and other
areas. In medical imaging, CT can determine injuries or diseases in nearly all parts of the
body. In industrial imaging, CT can be used for nondestructive testing to detect cracks or
defects.

Irradiating a target object with a sufficient radiation dose is necessary to obtain a good
quality 3D image. However, in real-world situations, a target object cannot be sufficiently
irradiated due to hardware limitations or public healthcare issues. Especially in medical
imaging, the radiation in CT can cause cancer and genetic or other diseases [1]. Thus, it is
crucial to minimize and optimize the radiation dose in CT.

In addition, CT images are reconstructed from a plurality of the projections acquired
from an X-ray detector as the X-ray tube and detector rotate through the target object. The
radiation dose reduction causes severe photon noise with a Poisson distribution [2] in
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the projection images, degrading the quality of the 3D reconstructed image. For example,
photon noise in projection images is a source of streak artifacts in reconstructed images.

Numerous studies in low-dose CT (LDCT) have been proposed using either conven-
tional image processing-based denoising methods [3–16] or deep learning-based denoising
methods [17–22]. Conventional image processing-based denoising methods show high per-
formance. However, there are some problems, such as a removed microstructure, blurred
edges, or high computational complexity. To solve these problems, deep learning-based
approaches are proposed. These methods have exhibited superior performance. However,
there are still problems, namely that it is difficult to obtain appropriate datasets due to
public health care issues (the details are described in Section 2). Therefore, the need for
deep learning-based denoising methods using self-supervised or unsupervised training
schemes has emerged.

Even in noise reduction in the natural image domain, it is challenging to obtain paired
noisy and clean images for training a supervised denoising network. Several studies
that train networks without paired noisy and clean images in the natural image domain
have been proposed to handle this problem. The Noise2Noise [23] method has proved
that denoising networks can be trained using paired noisy and noisy images in specific
environments. However, even if the Noise2Noise approach can train networks without
paired noisy and clean images, the method still requires paired noisy and noisy images
with independent noise. Based on the Noise2Noise theory, several studies that can denoise
an image without paired images have been proposed to address this problem.

Noise2Void (N2V) [24] introduces the blind spot strategy with self-prediction loss to
train networks without paired images. The blind spot strategy allows for effectively predict-
ing artificially missing pixels using the neighboring noisy pixels. Noise2Self (N2S) [25] also
demonstrates training neural networks using self-supervision for noise reduction in the
natural image domain. Motivated by these studies, the Self2Self [26] approach proposed a
method of training networks with pairs of Bernoulli-sampled input images from a single
image. The Self2Self approach uses the method with dropout of both the input image and
convolutional layers in the decoding part and the method of estimating noise-reduced
results by averaging predictions generated from multiple outputs of the trained model.
These methods allow for lowering the variance of the denoising neural network, which can
be interpreted as a Bayes estimator. The dropout-based ensemble method is very efficient
and demonstrates superior performance in noise reduction without paired images.

Although these methods have exhibited superior performance in the natural image
domain, they are challenging to apply to noise reduction in reconstructed LDCT images
because of the propositions in the blind spot strategy. The methods using the blind spot
strategy have two simple statistical propositions: (1) the signal is not pixel-wise indepen-
dent, and (2) the noise is pixel-wise independent. The methods that use the blind spot
strategy perform noise reduction correctly when satisfying these propositions.

Deep learning-based noise reduction approaches in LDCT can be divided into the
following types: noise reduction in the reconstructed image domain and noise reduction
in the projection or sinogram domain. The noise caused by an insufficient radiation
dose is photon noise with a Poisson distribution. Photon noise can be treated as pixel-
wise independent in projection images. However, the reconstructed image is created by
reconstructing the signal of the plurality of the projection image. Thus, the noise in the
reconstructed image is not pixel-wise independent. Because of this phenomenon, if a blind
spot strategy-based noise reduction technique is performed on reconstructed data, artifacts
caused by photon noise are recognized as structures, emphasizing them more. Figure 1
illustrates that artifacts are emphasized when the noise reduction technique with the blind
spot strategy is performed in the reconstructed image domain.
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Figure 1. Visual comparison from the SPARE dataset: (a) input noisy image, (b) resulting image
of denoising in the reconstructed image domain, (c) resulting image of our proposed method, and
(d) target image.

For these reasons, several researchers have performed noise reduction in the projection
domain using the blind spot strategy [27,28]. These approaches satisfy the assumptions
of the blind spot strategy. However, in general, as projection images for LDCT have
extremely weak signals compared with reconstructed images, performing noise reconstruc-
tion using projection images is a challenging task. Therefore, these approaches indicate
promising results, but the over-smoothing problems, such as smoothed edges or removed
microstructures, remain.

In this work, we propose a self-supervised noise reduction method in LDCT that solves
the mentioned problems. The proposed method can train a denoising neural network for
LDCT without paired images. Like any other methods using the blind spot strategy, we
make two statistical assumptions. First, the signal of the projection image is not pixel-wise
independent. Second, the noise of the projection image is pixel-wise independent. We
focus on reducing the photon noise of the projection image. Artifacts not caused by photon
noise from the projection image (e.g., line defects in projection images, X-ray scattering,
and artifacts caused by geometric misalignment) are not considered in this study.

Very recently, Self2Self [26] exhibited superior performance using the dropout-based
ensemble. The dropout-based ensemble is a strategy that predicts noise-reduced images
from randomly dropped images iteratively and outputs the result, which is the average of all
predictions. It reduces the noise by dropping out the signal and restoring it using the signal
from adjacent pixels. Motivated by work on Self2Self, we propose a dropped projection
strategy (DPS) that randomly drops the pixels from the projection images, reconstructs the
3D reconstructed image using randomly dropped projection images, and trains a denoising
neural network with the reconstructed images. A denoising neural network is trained
to restore the signal from the reconstructed image, which is reconstructed by dropped
projection images using the DPS, and allows the neural network to reduce the noise from
the projection images. In this way, we overcome the problems of previous studies which
have performed noise reduction in the projection domain, such as over-smoothing problems
by using dropout in the projection domain and restoring it in the 3D reconstructed image.
In addition, the denoising neural network using the DPS is trained to restore the signal
from the pixel-wise independent noise in the projection images. This method allows noise
reduction without emphasizing artifacts caused by photon noise.

The contributions of this work are as follows:

1. We define a self-supervised denoising scheme that solves the problems of noise reduc-
tion in the projection image domain and reconstructed image domain in LDCT;

2. We propose a neural network that can be trained on a small number of training
samples and can yield promising results;
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3. The proposed method exhibits solid performance improvement compared with the
existing self-supervised noise reduction methods.

This paper is organized as follows. In Section 2, we discuss related works. In Section 3,
we present a detailed description of the method and demonstrate its theoretical properties.
Section 4 contains the experimental results. Finally, our summary and conclusions are
provided in Section 5.

2. Related Works

Denoising is one of the essential preprocessing techniques in digital image processing.
There are numerous studies on deep learning-based denoising methods for a variety of
applications [29]. In particular, the denoising technique plays an important role in the
medical imaging field, following the as low as reasonably achievable (ALARA) principle.
Therefore, numerous studies on noise reduction in LDCT using conventional image pro-
cessing techniques have been proposed to obtain good quality reconstructed images. The
studies are categorized into three groups: noise reduction in the sinogram domain [3–6],
iterative reconstruction [7–13], and noise reduction in the image domain [14–19].

The first group of noise reduction in LDCT is noise reduction in the sinogram domain.
The key to noise reduction in the sinogram domain is filtering the noise before reconstruc-
tion. Nonlinear smoothing [3,4], bilateral filtering [5], and other statistical approaches [6]
are employed for noise reduction in the sinogram domain. These methods are convenient
and efficient for removing artifacts (e.g., streak artifacts). However, these methods have
problems, such as a removed microstructure or blurred edges.

The second group of noise reduction in LDCT is iterative reconstruction methods.
Numerous researchers have used iterative reconstruction methods for noise reduction.
These methods iteratively optimize the objective function, which is defined by the to-
mographic system. Additionally, an iterative reconstruction method combined with a
smoothing method has been proposed. Specifically, total variation [10,11], nonlocal mean
filtering [11,12], dictionary learning [13], and other methods are used to improve the quality
of the reconstructed image. Iterative reconstruction methods are very promising for noise
reduction in LDCT, but these methods are time-consuming and hardware-intensive because
of the high computational complexity. Thus, these methods are not commonly used in
clinical practice.

The last group of noise reduction in LDCT is noise reduction in the image domain. The
key to noise reduction in the image domain is filtering the noise after reconstruction. Total
variation [14] as well as block matching and 3D filtering [15,16] are employed to reduce
noise in LDCT. These methods reduce the noise efficiently but have problems, such as a
removed microstructure or blurred edges, as the noise reduction in the sinogram indicated.

As an extension of these methods, methods based on deep neural networks have
been proposed. The most common methods of noise reduction using deep learning are
training a network with paired LDCT and normal-dose CT (NDCT) images [17–19]. The
residual encoder-decoder convolutional neural network [17], wavelet residual network [18],
generative adversarial network (GAN) [19], and other various network architectures are
employed to reduce noise in LDCT. These methods have exhibited superior performance
in reducing noise in LDCT. However, the problem with these methods is that they require
numerous paired LDCT and NDCT images. Multiple scans are required to obtain well-
paired LDCT and NDCT images. Multiple human body scans require additional radiation
exposure. Therefore, it is almost impossible to obtain numerous well-paired LDCT and
NDCT images because of public health care issues.

As research on the GAN actively progresses, methods [20–22] using a neural network
trained on unpaired images have been proposed to solve the problem. These methods learn
the distribution of NDCT images to reduce the noise in LDCT images. However, although
the network is trained on unpaired LDCT and NDCT images, obtaining many LDCT and
NDCT images is an expensive and sometimes unavailable option. For these reasons, we
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propose a deep learning-based method that can train a denoising neural network on only
LDCT images.

3. Methodology

This section presents a detailed description of the proposed DPS and discusses the
self-supervised training scheme and denoising scheme.

3.1. Preliminary

Training a denoising neural network in a classical supervised manner can be performed
by solving the following:

argmin
θ

E
[
‖ fθ(x)− y ‖2

2

]
, (1)

where fθ is a denoising neural network parameterized by θ, x is the noisy image used as
an input to the neural network, and y is the clean image with the same information as the
noisy image x. During training, fθ is optimized to map a noisy image to a clean image and
is applied in self-supervised learning-based denoising methods in the same manner. As
mentioned, self-supervised learning-based denoising methods can train a neural network
without paired images. These methods are commonly based on the blind spot strategy,
which has exhibited promising results in the natural image domain. However, it is difficult
to apply the blind spot strategy to LDCT denoising due to the assumption that the noise
is pixel-wise independent. In the rest of this subsection, we describe why the noise in the
LDCT reconstructed image is not pixel-wise independent.

Filtered back projection (FBP) is a widely used reconstruction algorithm in which a
point of a 3D reconstructed image is reconstructed by integrating the points of filtered
projections along the ray. For the convenience of explanation, in 2D parallel beam recon-
struction, let us assume an object distribution function f (x, y). All of the Cartesian space
we used for explanation in this subsection is illustrated in Figure 2.

Figure 2. Tomographic system assumed for descriptive purposes. (Left) Illustration for the Radon
transform theorem. (Right) Illustration for the Fourier slice theorem.

In the assumed tomographic system, a projection p can be achieved by a Radon
transformation [30]. The formulation is below:

p(θ, t) =
∫ ∞

−∞

∫ ∞

−∞
f (x, y)δ(ycosθ − xsinθ − t)dxdy, (2)

where δ(·) is Dirac’s delta function, θ is the projection angle, and t is the distance between
the detector and the center of the rotation. The projection p is the ray sum along the line
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through the object. The noise in the reconstructed LDCT images is caused by the photon
noise in the projection images [2]. Therefore, the formula considering the noise distribution
function n can be formulated as follows:

p̂(θ, t) =
∫ ∞

−∞

∫ ∞

−∞
f (x, y)δ(ycosθ − xsinθ − t)dxdy + n(θ, t), (3)

where p̂ is a parallel projection with photon noise and n is a random photon noise distri-
bution function observed in the projection images. The projection with noise p̂ using the
Fourier slice theorem is also defined as follows:

F1 p̂ = F2 f̂ (−ρsinθ, ρcosθ), (4)

where Fn represents the n-dimensional Fourier transform and f̂ denotes the object distribu-
tion function reconstructed from the projections with the noise. Equation (4) describes a 1D
Fourier transform of parallel projection equal to the radial line parallel to the projection
in the 2D Fourier transform of the object. The object distribution function f̂ in the Fourier
domain to obtain the reconstructed image from the projection p̂ is defined as follows:

f̂ (x, y) = F2
−1F2 f̂ (x, y) =

∫ ∞

−∞

∫ ∞

−∞
F2 f̂
(
ρx, ρy

)
ej2π(xρx+yρy)dρxdρy. (5)

Equation (5) is achieved by the Fourier inversion theorem. By inserting Equation (4)
into Equation (5) and changing the variables dρx and dρy to the variable |ρ|dρdθ, Equation
(5) can be rewritten as follows (the theoretical details are proven in [31]):

f̂ (x, y) =
∫ 2π

0
( p̂ ∗ g∞)(θ, ycosθ − xsinθ)dθ, (6)

where g∞ is the ramp filter. Based on Equation (3), p̂ comprises the signal of projection p
and the noise of projection n. Therefore, Equation (6) can be rewritten as follows:

f̂ (x, y) =
∫ 2π

0 ((p + n) ∗ g∞)(θ, ycosθ − xsinθ)dθ

=
∫ 2π

0 (p ∗ g∞)(θ, ycosθ − xsinθ)dθ +
∫ 2π

0 (n ∗ g∞)(θ, ycosθ − xsinθ)dθ
. (7)

From the above, we assume that the projection data comprise a continuous signal.
However, in a practical situation, the projection data are the sampled signal. The noisy
projection q̂[i, k] sampled from the continuous projection p̂(θ, t) can be defined as follows:

q̂[i, k] = p̂(θi, tk), (8)

where
θi = i∆θ, ∆θ = 2π/Nθ , i = 0, · · · , Nθ − 1, (9)

In addition, the following is true:

tk = (k + 0.5)∆t− tmax, ∆t = 2π/Nk, k = 0, · · · , Nt − 1, (10)

where ∆t indicates the pixel pitch of the detector and tmax denotes the half-length of the
detector. Additionally, Nθ means the number of angles sampled at intervals of ∆θ, and Nt
means the number of pixels sampled at intervals of ∆t. Thus, Equation (6) can be rewritten
as follows using the noisy sampled projection q̂:

f̂ (x, y) = 2π
Nθ

∑Nθ−1
i=0 (q̂ ∗ g∞)[i, ycosθ − xsinθ]

= 2π
Nθ

∑Nθ−1
i=0 (q ∗ g∞)[i, ycosθ − xsinθ] + 2π

Nθ
∑Nθ−1

i=0 (nd ∗ g∞)[i, ycosθ − xsinθ],
(11)
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where nd denotes the noise of the sampled projection q̂. Equations (7) and (11) indicate that
the ramp-filtered projection and ramp-filtered noise within the projection are integrated
into the reconstructed space along the ray.

The results demonstrate why the noise in the LDCT reconstructed image is not pixel-
wise independent. Therefore, the results of blind spot strategy-based noise reduction have
a problem with emphasizing artifacts caused by photon noise.

One method to solve this problem is noise reduction in the projection domain. Noise
reduction methods based on the blind spot strategy satisfy the assumptions of the blind spot
strategy, because noise in the projection domain is pixel-wise independent. These methods
reconstruct the 3D image from projection images that are already noise-reduced. However,
projection images for LDCT have extremely weak signals. Thus, it is quite challenging
to perform noise reduction in the projection image domain without over-smoothing. To
solve these problems, we propose a DPS-based noise reduction method. The following
subsection describes the details regarding the proposed DPS.

3.2. Dropped Projection Strategy

In the natural image domain, the blind spot strategy reduces noise by restoring the
signal from the Bernoulli-sampled instances of the input image. The blind spot strategy
defines the pixels in the input image as follows:

xi = si + ni, (12)

where si denotes the signal of the ith pixel that is pixel-wise dependent and ni denotes
the noise of the ith pixel that is pixel-wise independent. The blind spot strategy uses
Bernoulli sampling to remove the xi, which is the ith pixel of the input image, and restores
si from the adjacent pixels. A denoising neural network is trained using the blind spot
strategy by solving

argmin
θ

∑i L
(

f
(
x′i , θ

)
, xi
)
, (13)

where x′i is the Bernoulli-sampled instance of the input image and L(·) denotes the L2 loss.
This approach has demonstrated promising results in the natural image domain. However,
for the mentioned reason, another approach is needed to reduce the noise of the LDCT
reconstructed images. Therefore, we propose a strategy to generate the Bernoulli-sampled
instance of the projection image and restore it in the reconstructed image domain. The
diagram of the proposed method is presented in Figure 3.

Figure 3. Flowchart of the proposed method with the dropped projection strategy (DPS). In the
training phase, we map each slice of the reconstructed image (reconstructed using dropped projection
images) to each slice of the reconstructed image (reconstructed by non-dropped projection images).

To reduce the noise in the reconstructed image domain using the blind spot strategy, we
must generate the input images of the denoising neural network in which the independent
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noise is removed. According to Equation (11), photon noise in the projection image is
ramp-filtered and integrated into the reconstructed image along the ray. Thus, we must
remove the pixels of the projection image to generate the projection image in which the
independent noise is removed using Bernoulli sampling. The Bernoulli-sampled projection
image q′ can be defined as follows:

q′ = (q̂ ∗ g∞) � b , (14)

where � represents the element-wise multiplication and b denotes the binary Bernoulli
vector with elements 1 and 0, which are randomly generated. The binary Bernoulli vector b
can be expressed as follows:

b =

{
1 with probability k,
0 with probability 1− k,

(15)

where the probability k has a value from 0 to 1. Therefore, we can generate the 3D image f ′

reconstructed from the Bernoulli-sampled projection image q′. Using Equations (11) and
(14), f ′ is defined as follows:

f ′(x, y) = 2π
Nθ

∑Nθ−1
i=0 ((q̂ ∗ g∞)� b)[i, ycosθ − xsinθ]

= 2π
Nθ

∑Nθ−1
i=0 q′[i, ycosθ − xsinθ].

(16)

We can generate blind spots in the reconstructed image f ′ using this method.

3.3. Training Scheme

In the previous subsection, we described how to make the reconstructed image from
the Bernoulli-sampled projection image and the theoretical properties of the proposed
method. In this subsection, we describe the scheme for training a denoising neural network
using this method. To train a denoising neural network only on the images from LDCT
scans, we generated a set of binary vectors using binary Bernoulli sampling. Depending on
the probability k, the distribution of the randomly generated binary Bernoulli vector b has
a value of 0 or 1.

In the training scheme, the denoising neural network is trained to restore the residual
part of the image reconstructed without Bernoulli sampling on the projection image from
the image reconstructed using Bernoulli sampling on the projection image. The residual
part of the reconstructed image f can be expressed as follows:

f (x, y) =
2π

Nθ
∑Nθ−1

i=0 ((q̂ ∗ g∞)� (1− b))[i, ycosθ − xsinθ]. (17)

Using these methods to obtain the necessary image pairs
{

f̂m, f m

}M

m=0
for learning,

the denoising neural network is learned to minimize the following loss function:

L = ∑M−1
m=0 ∑S−1

s=0 ‖ Fθ

(
f ′m,s
)
− f m,s ‖

2
2, (18)

where Fθ is a denoising neural network parameterized by θ and s is the slice index of the
reconstructed image. The denoising neural network trained by the proposed method can
avoid convergence to an identity mapping. In addition, due to the randomly generated
binary Bernoulli vector, the overfitting problem can be avoided even if the denoising neural
network is trained on a small number of LDCT scans.

3.4. Denoising Scheme

The proposed method reconstructs the 3D image using Bernoulli-sampled projection
and trains the denoising neural network to restore the signal removed by Bernoulli sam-
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pling. In the proposed method, the pixel signals are randomly removed by the Bernoulli
sampling probability k. Therefore, the denoising neural network does not reduce the noise
of all pixels at once. To solve this problem, we generate multiple outputs of the neural net-
work with independent binary Bernoulli vectors and use the average of multiple outputs as
the final results. The final results f ∗ can be defined with the average of the multiple outputs
f ′0, f ′1, . . . , f ′n generated using the independent Bernoulli vector b0, b1, . . . , bn as follows:

f ∗ =
1
N ∑N−1

n=0 f ′n. (19)

4. Experiments and Results

In this section, we evaluate the performance of the proposed method. We also intro-
duce the implementation details of the proposed method.

The proposed method was evaluated on two datasets: (1) the SPARE challenge
dataset [32], which is the clinical sparse-view 4D CBCT dataset, and (2) the lithium polymer
battery dataset with the in-house CBCT system. Both datasets provide projection images
and the geometry of the tomographic system. The proposed method had promising results
in both the SPARE challenge dataset and lithium polymer battery dataset.

4.1. Evaluation Metrics

To measure the performance of the proposed method and other methods for compari-
son, we used the peak signal-to-noise ratio (PSNR) and structural similarity index measure
(SSIM) [33] as evaluation metrics.

4.1.1. PSNR

To measure the similarity of the pixel values between the denoised reconstructed
images and the target images, we used PSNR, which was defined as

PSNR = 10 · log
s2

MSE
, (20)

where s means the maximum value of the target image and MSE is defined as

MSE =‖ fθ(x)− y ‖2
2 . (21)

4.1.2. SSIM

To measure the structural similarity of the reconstructed images, we used SSIM, which
was defined as

SSIM =
2µ fθ(x)µy + c1

µ fθ(x)
2 + µy2 + c1

·
2σfθ(x)y + c2

σfθ(x)
2 + σy2 + c2

, (22)

where µ fθ(x) and µy are the means, σfθ(x) and σy are the standard deviations of the recon-
structed image fθ(x) and y, respectively, σfθ(x)y is the covariance of the reconstructed image
fθ(x) and y, and

c1 = (k1L)2,

c2 = (k2L)2.
(23)

where L means the maximum value of the target image and k1 and k2 are 0.01 and
0.03, respectively.

4.2. Implementation Details

In an experiment to evaluate the performance of the proposed methods, we used the
“U-Net”-based architecture proposed in Pix2Pix [34]. The differences between the original
U-Net architecture [35] and the U-Net-based architecture are that several skip connections
between layers were added, batch normalization was used, and dropout layers were added
to the decoding part. We used the Adam [36] optimizer with a linearly decaying learning



Appl. Sci. 2022, 12, 1714 10 of 15

rate from 1 × 10−4 to 0. The dropout probability of all dropout layers was set to 0.3, and
the Bernoulli sampling probability k was set to 0.3.

To improve the performance of the neural network, we also used data augmentation,
including horizontal flipping, vertical flipping, and diagonal flipping, and we used N = 50
in Equation (19) for the denoising scheme. To evaluate the performance of the proposed
method, we used recent deep learning-based self-supervised denoising methods and
conventional denoising methods as counterpart methods: N2V [24], N2S [25], nonlocal
mean filtering, total variation, and bilateral filtering. These methods were applied in the
projection image domain. All of the counterpart denoising neural networks were trained
using published training code.

4.3. SPARE Challenge Dataset

The SPARE challenge dataset is a clinical sparse-view 4D CBCT dataset. We evaluated
the proposed method and counterpart methods on the CV_P1_T_01 dataset, a subset of the
SPARE challenge dataset. To evaluate the performance of reducing the noise in the LDCT
scan, we regarded the CT scan with half of the projections as LDCT and the CT scan with
all of the projections as NDCT. Using half of the projections to reconstruct the 3D image
indicates that half of the dose is irradiated.

The CV_P1_T_01 dataset is a 4D CT dataset. Thus, it can be divided into 10 subdatasets,
depending on the respiratory phase. Therefore, all image data in the SPARE dataset have a
respiratory phase value from 1 to 10. We used image data with a respiratory phase value
of 1 as the testing data, and the rest of the data with respiratory phase values of 2–9 were
used as training data. We built the proposed models in two types: DPSs and DPSd. DPSs

was trained using half of the projection data with a respiratory phase value of one and
was tested on the same dataset used in the training phase to demonstrate that it could be
trained efficiently on a small dataset, like single-image denoising, as the usual practice in
self-supervised denoising methods [24,26]. DPSd and other deep learning-based methods
(N2V and N2S) were trained using 2039 projection images with a size of 1024× 768 (images
with response phase values of 2–9).

The method for evaluating the performance of each approach was as follows. For the
counterpart methods, the 3D data used for the performance evaluation were reconstructed
by the FBP-based reconstruction algorithm with half of the denoised projection images,
with a respiratory phase value of one. For the proposed method, the 3D data used for
the performance evaluation were generated by the method described in Section 3 with
half of the projection images, with a respiratory phase value of one. The 3D images
generated in these ways were compared to the 3D images reconstructed with all projection
images, with a respiratory phase value of one. The size of the reconstructed 3D images was
448× 160× 448.

Table 1 and Figure 4 present the performance comparison. Table 1 lists the quantitative
results of various denoising methods, including the proposed method. In Table 1, single
image set learning or non-learning methods means the deep learning-based denoising
methods that were trained with a single image set or conventional image processing-based
denoising methods. Dataset-based deep learning method refers to the deep learning-based
denoising methods that were trained with multiple sets of images.

Table 1. Quantitative results from the SPARE challenge dataset.

Single Image Set Learning or Non-Learning Methods Dataset-Based Deep Learning Method

NLM TV DPSs N2S N2V DPSd

PSNR (dB) 24.06 26.21 30.680 23.97 25.83 30.667
SSIM 0.55 0.65 0.787 0.56 0.67 0.786

NLM = non-local mean filtering; TV = total variation; N2S = Noise2Self [25]; N2V = Noise2Void [26]. DPSs and
DPSd are the proposed methods. DPSs is trained with a single image set, and DPSd is trained with multiple sets
of images.
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Figure 4. Two visual comparisons of various denoising methods from SPARE challenge dataset: (first
and second rows) coarse architecture and (third and fourth rows) fine architecture. All images are in
the axial view. Red boxes in the images indicate the expanded regions.

The method performed better than the counterparts (i.e., non-learning- and learning-
based methods). Moreover, the proposed method could train a denoising neural network
efficiently, even on a small dataset, as DPSs had comparable results to DPSd. Figure 4
depicts the visual comparison of various denoising methods. The microstructures were
blurred, and some artifacts occurred in the results of the counterpart methods. However, the
results of the proposed method exhibited very comparable quality with the target images.
Therefore, the proposed method had promising results both visually and quantitatively.

4.4. Lithium Polymer Battery Dataset

We also evaluated our proposed method and the counterpart methods on the lithium
polymer battery dataset with an in-house CBCT system. In the same manner as the experi-
ment on the SPARE dataset, we evaluated the proposed method and counterpart methods.

However, in the experiments on the lithium polymer battery dataset, we trained
the neural networks on 200 projection images of 1248 × 448 in the proposed method
(DPS) and other deep learning-based methods (N2V and N2S) and tested them on the
same dataset which was used in the training phase. For each denoising method, the 3D
images reconstructed with 200 denoised projection images were compared to the 3D image



Appl. Sci. 2022, 12, 1714 12 of 15

reconstructed with 400 projection images. The size of the reconstructed 3D images was
384× 384× 400.

Table 2 and Figure 5 present the performance comparison. Table 2 lists the quantitative
results of various denoising methods, including the proposed method. In the quantitative
results, the counterpart deep learning-based methods performed poorly, as unknown
artifacts were generated in the reconstructed 3D image (see Figure 6). The projection images
for CT had extremely weak signals. Therefore, unknown artifacts could be generated during
denoising, and these artifacts were emphasized in the reconstructed image.

Table 2. Quantitative results from the lithium polymer dataset.

Single Image Set Learning or Non-Learning Methods

Bilateral NLM TV N2V N2S DPS

PSNR(dB) 17.44 23.27 24.01 21.15 20.31 30.68
SSIM 0.21 0.70 0.64 0.37 0.24 0.79

Bilateral = bilateral filtering.

Figure 5. Two visual comparisons of various denoising methods from the lithium polymer battery
dataset with an in-house CBCT system: (first and second rows) coarse architecture and (third and
fourth rows) fine architecture. All images are in the coronal view. Red boxes in the images indicate
the expanded regions.
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Figure 6. Artifacts in the results of the counterpart deep learning-based methods. All images are in
the coronal view. Red boxes in the images indicate the expanded regions.

However, the proposed method applied denoising on the reconstructed image do-
main, and the artifacts did not appear. Thus, the proposed method exhibited promising
performance both quantitatively and visually. Figure 5 depicts the visual comparison
of various denoising methods. The image quality was comparable to the target image.
The distinction between anodes was especially better in the proposed method than the
counterpart methods.

4.5. Performance for Repetition

In the denoising scheme subsection, we described the average of the multiple outputs
used as the final outputs of the proposed method with Equation (19). In this subsection, we
analyze the effects of the number of outputs on the performance of the method. Figure 7
displays the changes in the PSNR and SSIM values according to the number of outputs. The
PSNR and SSIM exhibited similar trends according to the number of outputs and started to
converge at about N = 25 in Equation (19). By adjusting the number of iterations, we could
practically obtain the result within an acceptable processing time.

Figure 7. Peak signal-to-noise ratio (PSNR) and structural similarity index measure (SSIM) versus
the number of iterations. Both the PSNR and SSIM increased with the number of iterations and
gradually converged.

5. Conclusions

We proposed a self-supervised learning-based method that can train a denoising neural
network for LDCT without paired images. The proposed method uses Bernoulli sampling
to generate degraded versions of the projection images and reconstruct the 3D image, and
the denoising neural network is trained to restore the image dropped out by Bernoulli
sampling in the projection image domain. The proposed method can mitigate the over-
smoothing problem in conventional methods with small data. To verify the performance of
the proposed method, we compared its performance with various counterpart methods,
including deep learning-based methods (N2V, N2S, and S2S) and non-learning methods
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(bilateral filtering, TV, and NLM). Quantitatively, the results of our experiments showed
that our proposed method outperformed the counterpart denoising methods by at least
4.47 dB in terms of PSNR value on the SPARE challenge dataset and the in-house lithium
polymer dataset. In particular, we solved the problem of generating artifacts and the over-
smoothing when applying the denoising method in the projection domain. This method
can be applied to various tomographic systems in medical and industrial areas.
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