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Abstract: This study aimed to remove motion artifacts from brain magnetic resonance (MR) images
using a U-Net model. In addition, a simulation method was proposed to increase the size of the
dataset required to train the U-Net model while avoiding the overfitting problem. The volume
data were rotated and translated with random intensity and frequency, in three dimensions, and
were iterated as the number of slices in the volume data. Then, for every slice, a portion of the
motion-free k-space data was replaced with motion k-space data, respectively. In addition, based
on the transposed k-space data, we acquired MR images with motion artifacts and residual maps
and constructed datasets. For a quantitative evaluation, the root mean square error (RMSE), peak
signal-to-noise ratio (PSNR), coefficient of correlation (CC), and universal image quality index (UQI)
were measured. The U-Net models for motion artifact reduction with the residual map-based dataset
showed the best performance across all evaluation factors. In particular, the RMSE, PSNR, CC,
and UQI improved by approximately 5.35×, 1.51×, 1.12×, and 1.01×, respectively, and the U-Net
model with the residual map-based dataset was compared with the direct images. In conclusion,
our simulation-based dataset demonstrates that U-Net models can be effectively trained for motion
artifact reduction.

Keywords: magnetic resonance imaging; motion artifact; simulation-based dataset; U-Net model

1. Introduction

Magnetic resonance (MR) imaging is used as a noninvasive technique for diagnosing
diseases in regions such as brain tissue and blood vessels and the neurological analysis of
the human body. In addition, the various sequences and parameters of the MR scanner
can be customized for specific purposes, effectively increasing diagnostic accuracy [1–3].
However, when acquiring MR images, head movements cause artifacts that can seriously
disrupt image analysis [4–8]. In particular, random movements, such as rotation and
translation, and periodic movements (i.e., breathing) generate multiple displacements
or streak artifacts. This phenomenon is common in patients with diseases that cause
involuntary movement, including muscle disorders and neurodegenerative diseases. In
addition, movement artifacts are inevitable in patients who lack physical or mental control,
particularly children and geriatric patients.

MR images can be acquired using additional guidelines or sedation injections to mini-
mize the generation of motion artifacts. However, repeated imaging increases the overall
examination time and inconveniences patients. This can increase the workload because
subsequent image processing is not performed. In addition, pediatric and geriatric patients
can experience additional side effects, such as toxicity and falls, due to sedation [9–11].
To solve the motion artifact problem without sedation, techniques for estimating pulse
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sequences and motion parameters in real-time, using additional data acquired using sensor-
based prospective and retrospective methods, should be considered [12–14]. However, this
approach incurs an inefficient cost for the additional hardware and requires a large time
investment to estimate the variables at play. In addition, raw frequency domain (k-space)
data are required for accurate calculations. However, obtaining k-space data when con-
ducting research using public data is difficult. Moreover, although real MR scanners are
available, most cannot provide k-space data because of storage and other issues [15,16].

Deep learning-based motion artifact estimation models can solve the problems of
conventional sensor-based approaches [17–19]. Convolutional neural networks (CNNs)
can be efficiently trained using regressive operations by providing before and after images
of motion artifacts under identical conditions (i.e., noise intensity, pixel-by-pixel anatomical
location, and tissue signal strength). In particular, the U-Net model improves image
characteristics and eliminates noise and artifacts in MR images. However, acquiring a large
number of datasets from the same environment, using real MR scanners, to train the U-Net
model is impractical. In particular, the U-Net model exhibited high performance when
provided with ideally paired datasets [20–22].

To acquire an idealized dataset that can improve the performance of the U-Net model,
various simulation approaches have been proposed. In previous research, simulation-based
motion artifact reduction approaches for brain MR images were designed based on ro-
tational and translational motion. In addition, the intensity of the target motion artifact
was obtained by controlling the degree of rotation and translational motion. Consequen-
tially, previous research has demonstrated that simulated datasets can be used to train
U-Net models that can remove motion artifacts. In addition, these approaches indicate
that simulation-based datasets, which estimate the input data based on label data, may be
more suitable for training U-Net models than real MR scanner-based datasets. However,
many simulation approaches only consider motion in one plane. When acquiring brain MR
images, motion along the z-axis, such as breathing, swallowing, and nodding, can cause
artifacts. Hence, three-dimensional motion should be considered to acquire meaningful
datasets that simulate the real clinical environment.

Moreover, training the same U-Net model can lead to different performances due
to the computational efficiency of and amount of data required for dataset construction
approaches, such as residual or direct image-based methods [23–25]. In particular, residual
map-based training is more advantageous than direct images in terms of training speed and
parameter optimization. In addition, residual map-based training demonstrates a flexibility
to adapt its additional mathematical algorithmic methods based on calculation time and
technical advantages [26–28]. Therefore, a U-Net model is trained using simulation-based
datasets of three-dimensional motion artifacts in this study. In addition, we analyzed
the variation in the performance of the U-Net model depending on the availability of
residual maps.

2. Related Works

Motion artifact simulation research is performed to optimize mathematical algorithm
parameters, evaluate the feasibility of hardware-based tracking techniques, and construct
datasets for deep learning models. Of these objectives, the importance of simulation
research for dataset construction is emphasized. These approaches can solve the data
acquisition problems in medical imaging, which have various ethical limitations. In ad-
dition, the performance of deep learning models, which require paired data (e.g., U-Net,
DenseNet, and SegNet), can be significantly improved by constructing an ideal dataset
using simulation approaches that can serve that purpose.

Most motion artifact simulations perform rotations and translations of the acquired
spatial domain (i.e., MR image) data, followed by a fast Fourier transform (FFT) to distort
the frequency domain (i.e., k-space) data. Pawar et al. and Oksuz et al. rotated and
translated a two-dimensional MR image within a specified range to obtain the k-space
and extract specific lines in the distorted k-space [29,30]. The extracted k-space data were
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transposed with non-motion k-space data from the same location. The transposed k-space
data were the cause of the motion artifacts in the MR images, which were acquired through
the inverse FFT. Additionally, Loizillon et al. and Xu et al. similarly worked with MR
images in two dimensions, although they transposed part of the data in the original k-space
by specifying the ranges of the distorted k-space data rather than extracting lines [31,32].
In addition, stopping or additional movement after the initial movement occurs can be
simulated, rather than unnaturally restored after the initial movement occurs, such as in
a lines-based approach. However, two-dimensional simulations of motion artifacts are
limited because they cannot predict movements along the z-axis, such as breathing and jaw
movements. To address this problem, Al-Masni et al. and Shaw et al. rotated and translated
MR images in all axial directions [33,34]. In addition, the strength of the motion artifact can
be controlled by the range it is transposed over the original k-space, including the number
of movements, degree of the rotation angle, and pixel shift.

The proposed three-dimensional approach shows motion artifacts that were very simi-
lar to the real MR scanner environment. However, previous studies have only performed
volume data unit movements due to the purposes and characteristics of their applied
models. The U-Net model requires more and varied datasets for better performance. Thus,
our motion artifact simulation method generates random volume data motion for each
slice of volume data. In particular, when rotational and translational motion occurs in two
or more axes, our simulation method can also simulate motion in an oblique direction.
This proposed method can increase the volume of a dataset and solve the problem of
overfitting with U-Net model due to the uniform movement of volume data. In addition,
the parameter values for the intensity of movement were randomized and applied in a
relatively wide range to reflect the sudden and large movements of pediatric, geriatric, and
athletic patients.

3. Materials and Methods
3.1. Subsection Brain MR Images Acquisition

We generated simulated motion artifact MR images based on brain MR images ac-
quired using a real MR scanner to train a U-Net model in motion artifact reduction. For
this purpose, the AD Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu) was
used. In this study, T2-weighted brain MR images with a pixel size and slice thickness
of 1 mm, matrix size of 256 × 256, and slice number of 68–172 were used. The z-axis
range of the acquired T2-weighted brain MR images varied for each patient. However,
datasets that show anatomically similar structures and ranges should be provided to train
the U-Net model efficiently in motion artifact reduction. Based on the center slice that was
most widely visible in the lateral ventricle, from an axial view, volume data consisting of
50 slices were extracted. The extraction process was performed on 200 patients, and a total
of 10,000 paired data points were constructed. Among these, 7000, 1000, and 2000 paired
data points were applied for the training, validation, and testing of the U-Net model for
motion artifact reduction, respectively.

3.2. Motion Artifact Simulation

Motion artifacts in MR images are mainly caused by translational and rotational
motions, which can be simulated using rotation and pixel-shift methods on the acquired
matrix or volume data. Although our proposed U-Net model for motion artifact reduction
was trained on a dataset constructed using 2D MR images, the simulation performed
using the matrix data extracted from a specific slice of the acquired volume data was
considered the rotation (i.e., nodding motion) and translation caused in the z-axis. Thus,
we transformed the two-dimensional structure of the volume data as shown in Figure 1.
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Figure 1. Illustration of the process of simulation-based motion artifact generation in brain magnetic
resonance images.

The proposed simulation method randomly rotates and pixel-shifts volume data in
the vertical, horizontal, and orthogonal directions. The translation and rotation were per-
formed with random values in the range of ±10 pixels and ±5◦, respectively. In Figure 1,
the red arrows shown on the motion-free image are the three center axes for translation
and rotation. The number of movements was between two and four, and subsequent
movements were generated via the same simulation process, based on the previous volume
data point. Matrix data located on the same z-axis were selected from the acquired volume
data, and FFTs were performed to create the k-space data. Subsequently, a portion of the
motion-free k-space data was replaced with distorted k-space data. To transform the k-space
data, motion was assumed to occur at each TR based on a fast spin–echo sequence. This
implies that the transformation of the k-space data was performed in the phase-encoded
direction. However, motion artifacts could create unrecoverable or unpredictable data in
the MR images when the k-space data were improperly transposed. In particular, data
located in the center of k-space have an enormous impact on the contrast and anatomical
information in MR images. Because of these features, when most of the data located in the
center of the motion-free k-space were replaced by distorted k-space data, the U-Net model
confused the post-motion anatomy with its pre-motion position. Hence, we assumed that
the first movement occurred after more than half of the motion-free k-space data were
acquired to generate motion artifacts that can be applied to the dataset. In addition, the
TRs in which the movements occurred were randomly selected and not restored to their
previous or initial positions after a specific motion occurred. Finally, an inverse FFT was
applied to the transformed k-space data to acquire MR images with motion artifacts that
could be used as input data. Residual maps of motion-free and motion artifact MR images
were obtained to construct additional input data.

3.3. U-Net Model for Motion Artifact Reduction

Figure 2 illustrates the proposed U-Net model for reducing motion artifacts. The
structure of the U-Net model consists of a contraction path that extracts and compresses
the features that are essential for removing motion artifacts and an expansion path that
provides location information. In addition, the parameters for the U-Net models were
determined empirically based on a specific previous study [35]. A 3 × 3 convolution was
performed twice for each layer of the contraction path, followed by a rectified linear unit
(ReLU) and batch normalization (BN). Subsequently, max pooling with a stride value of
two sets was performed for downsampling. After acquiring 64 feature maps in the first
layer, the number of feature maps was doubled in the next step. For each layer in the
expansion path, a 3 × 3 convolution was performed twice, similar to the contraction path,
followed by the ReLU and BN. Subsequently, upsampling with a stride value of 2 was
applied. As the operation for each layer was performed, the number of feature maps was
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reduced by half to obtain 64. Finally, a 1 × 1 convolution layer was scaled up to derive the
output image. In addition, a skip connection was applied to compensate for the information
lost through each layer and allow for faster training. The L2-norm and Adam (adaptive
moment estimation) optimizer loss functions were applied to train the U-Net model to
reduce motion artifacts. The learning rate and number of epochs were set to 0.0005 and
300, respectively.
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3.4. Quantitative Evaluation

To evaluate the performance of the U-Net model for motion artifact reduction, we
performed a similarity evaluation between the output and label images without motion
artifacts. For these evaluations, the root mean square error (RMSE), peak signal-to-noise
ratio (PSNR), coefficient of correlation (CC), and universal image quality index (UQI) were
measured as follows:

RMSE =

√√√√∑N
i=1

(
fi − gi)

2

N

PSNR = 10log10

(
Speak

2

RMSE2

)
where fi and gi represent the reference and comparison images, respectively; N is the
number of pixels in the image; and Speak

2 is the maximum signal intensity in the region
of interest.

CC =
∑N

i=1

(
fi − f̂

)
(gi − ĝ)√

∑N
i=1

(
fi − f̂

)2√
∑N

i=1(gi − ĝ)2

UQI =
4µ f µgσf g(

µ f
2 + µg2

)(
σf

2 + σg2
)

where f̂ and ĝ represent the average pixel values of the reference and comparison images,
respectively; µ f and µg represent the average luminance values, respectively; and σf g
represents the covariance between the two images.

4. Results

Figure 3 shows the simulated motion artifact images (i.e., direct images) and residual
maps from the motion-free brain MR images. Motion artifacts were confirmed to be
generated in the direction of the phase encoding. Furthermore, the motion artifact patterns
observed in the residual maps show that the proposed method can simulate the intensities
of different motion artifacts. Based on the acquired direct images and residual maps, two
datasets were constructed and used to train the U-Net model in motion artifact reduction.
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ual maps.

Figure 4 shows the results of applying the U-Net model for motion artifact reduction
to each trained dataset. In addition, the U-Net models overcome the decreased contrast
caused by the distortion of the direct current and the low-frequency signals in the k-
space data. Additionally, noise reduction was confirmed in the subject and background
regions. However, compared to motion-free images, motion artifacts were not completely
removed from certain regions, such as the edges of the tissues and near the eyeballs. These
phenomena were confirmed visually using a residual map. We evaluated image similarity
to analyze the performance of the U-Net model in motion artifact reduction. Figure 5 shows
the quantitative evaluation results of the U-Net model for motion artifact reduction using
datasets based on direct images and residual maps that include direct images.

Consequently, the RMSE, PSNR, UQI, and CC for the direct images generated through
motion artifact simulation were approximately 0.072 ± 0.046, 25.56 ± 8.40, 0.884 ± 0.102,
and 0.993 ± 0.009, respectively. In addition, the results were improved compared with
direct images for all evaluation factors when applying the U-Net model for motion artifact
reduction, regardless of the dataset type. In particular, the U-Net model for motion artifact
reduction, on datasets based on residual maps and direct images, improved the RMSE
by approximately 5.35× and 4.42× and the PSNR by approximately 1.51× and 1.44×,
respectively, compared to the dataset of direct images. In addition, the UQI and CC of
the U-Net model for motion artifact reduction in terms of the residual map-based dataset
were approximately 0.994 ± 0.011 and 0.997 ± 0.004, respectively, compared to the direct
image-based dataset, for which they were approximately 0.951 ± 0.054 and 0.995 ± 0.006,
respectively. In addition, paired t-tests were performed for direct images, the U-Net model
with direct images, and the U-Net model with residual maps, respectively, and the p values
were less than 0.01 for all evaluation factors.
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5. Discussion

The purpose of this study is to propose a U-Net model that can solve the problem of
motion artifacts in brain MR images. For the efficient training of the U-Net model, paired
data points with precisely the same anatomy, except for motion artifacts, were required. To
overcome these limitations, we conducted a simulation process to predict the rotational
and translational motion of three-dimensional volume data. In addition, various random
variables were applied to generate datasets with varying intensities of motion artifacts
to prevent performance overestimation due to overfitting the U-Net model. Moreover,
each dataset, which consisted of direct images and residual maps, was constructed and
applied to analyze the performance change in the U-Net model for motion artifact reduction
according to the type of dataset used [36–39]. In this study, the intensity and number of
movements were limited by the hardware performance and by randomizing the variables
that controlled data generation. However, the results of our motion artifact simulation,
presented in Figure 3, demonstrate the feasibility of obtaining large amounts of data by
densely setting various parameters within a certain range. In particular, these processes
should be considered for deep learning models that can be trained based on 3D volume
data because of the inclusion of z-axis motion.

Figures 3 and 4 provide a visual analysis of the ability of the U-Net models to compare
the motion-free and motion artifact images. The output images derived using the U-Net
models exhibited an improved performance in terms of motion artifact reduction. In
particular, in this process, we applied U-Net models and confirmed that this process was
accompanied by noise reduction. Since noise reduction can improve the signal-to-noise
ratio of MR images, the application of U-Net models shows additional positive potential,
including the use of inexpensive low-magnetic-field MR scanners and short acquisition
times for images. In addition, these features provide us with the optional flexibility to
apply additional image processing techniques which require a worsening of the SNR, such
as super resolution and deblurring [40–43]. However, smoothing implies that some data
from a group might be distorted or removed. These concerns are reinforced in brain MR
images with thin or small bones and tissues. Thus, retrospective research using MR images
with better characteristics, such as a 3.0T MR scanner, should be performed to analyze this
accurately [44–46].

In addition, image similarity evaluations were performed with 2000 paired data points,
and mean and standard deviation values were presented. Figure 5 also shows that a dataset
based on residual maps can improve the performance of a U-Net model more than direct
images. Direct images contain variable information such as the tissue signal, contrast,
noise, and motion artifacts. Thus, a direct image-based U-Net model shows inefficient
performance with the same depth of layers because it considers various features to estimate
the output image. In contrast, residual maps only contain information about motion
artifacts, although a small amount of random tissue and noise signals can remain. This
means that the performance of a residual map-based U-Net model can improve efficiently
because only a limited specificity is estimated [47,48].

The residual maps in Figure 3 show that the simulated motion artifact repeats a specific
signal in the phase encoding direction. In addition, the residual maps in Figure 4 show
the results estimated by the U-Net model in terms of motion artifact reduction. However,
the direct image-based U-Net model shows that its performance in detecting repetitive
signals deteriorates in the subject region compared to the residual-ap-based U-net model.
Specifically, the region marked by the red arrow in Figure 4 shows an excessive decrease
in signal intensity. This phenomenon prevents the analysis of motion artifact patterns
and means that the signal changes of subjects caused by a distortion in the low-frequency
region of the k-space cannot be accurately reconstructed. Furthermore, the performance
difference between the two U-Net models increases when motion artifact reduction is
performed on T2-weighted images due to the cerebrospinal fluid and eyeballs, which
are described as high-intensity signals. In contrast, the performance differences between
the U-Net models are difficult to analyze clearly in brain MR images which have a low
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proportion of high-intensity signals, as shown in the last image in Figure 4. Thus, the
performance of the residual map-based U-Net model might not significantly improve,
compared to the direct image-based U-Net model, in T1-weighted brain MR images with
less tissue and a high-intensity signal, such as bone. In addition, the standard deviation
and mean values of the quantitative evaluation factors of the residual map-based U-Net
model were improved compared to those of the direct image-based U-Net model (Figure 5).
These results show that the residual map-based U-Net model has better performance. In
particular, the low standard deviation values of the quantitative evaluation factors show
that there is a possibility a greater improvement of the reproducibility and stability of the
residual map-based U-Net model, in MR images with few high-intensity signals.

Recently, various methods using deep learning-based models have been proposed to
overcome the limitations of conventional methods in the reduction of motion artifacts in MR
images [49]. Of the conventional methods, sensor-based tracking techniques have been ef-
fectively applied to prevent the motion artifacts caused by breathing during abdominal and
chest MR imaging [50,51]. However, this technique requires additional hardware and can-
not achieve its expected performance for irregular movements. In addition, low-quality MR
images were obtained because data can only be acquired for a limited period of time. Addi-
tionally, its applicable environment is limited, such as to eyeball movement, which causes
motion artifacts in brain MR images [52]. To solve these problems, accelerated k-space data
acquisition and image processing techniques based on mathematical reconstruction algo-
rithms, such as compressed sensing, should be considered [53,54]. However, reconstruction
algorithm-based techniques are difficult to optimize due to variable parameters and the
MR acquisition environment. In addition, a real MR scanner capable of providing k-space
data and with a large amount of storage should be available, since k-space data were
required for these mathematical computations. In contrast, deep learning-based models
have been actively researched due to their superior performance and potential [55]. Among
these models, generative adversarial network (GAN)-based models can effectively remove
motion artifacts by combining a generator and a discriminator [56,57]. In particular, GAN
models show improved performance compared to other models when trained using limited
data. In addition, they are highly convenient, due to their unsupervised learning and appli-
cation of various types of data. However, when a large amount of data can be provided,
the U-Net-based model for medical image processing shows superior performance [5,8,21].
In particular, simulation-based studies, which can construct large datasets with various
variables, prefer the U-Net model compared to other models.

Overall, the simulated motion artifact-based dataset shows that it was effective for
training U-Net models [58–61]. In particular, the residual map-based U-Net model shows
high performance and reproducibility in motion artifact reduction. However, an inaccurate
motion artifact reduction performance in the subject region, unintended smoothing, and
signal loss of tissues must be resolved for its effective clinical application. In addition,
our simulation method was able to obtain MR images with motion artifacts from various
rotational and translational movements. However, although the intensity and number
of movements were changed, it is difficult to continuously generate large changes from
the initial MR images. These results mean that, although our simulation method can
generate large amounts of data to train the U-Net model, we should be concerned about
the overestimating of its performance due to overfitting [62,63]. To analyze the impact of
potential problems with the proposed simulation method, a comparative evaluation with
other motion artifact techniques and simulation methods should be performed. However,
since this study only presents comparative results for dataset construction methods, some
results of our proposed simulation method may have limitations.

In addition, the proposed simulation method significantly increases the processing
time compared to the conventional simulation method, because the computation based
on volume data should be performed repeatedly. Moreover, further research, with large
data-driven training and testing, K-fold cross-validation, etc., should be considered to
accurately analyze the performance of the proposed model. In addition, the proposed
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U-Net models were only trained on a simulation-based dataset using ADNI data. Hence,
additional analysis was required to evaluate the feasibility of the proposed U-Net models
in terms of real MR images. For this purpose, we collected the MR images, with motion
artifacts, of five patients (100 slices) from the ADNI database. Figure 6 shows the results of
applying the U-Net models to real MR images with motion artifacts. Visually, the residual
map-based U-Net model shows a performance improvement compared to the direct image-
based U-Net model. In particular, the red arrows in Figure 6 show the excessive loss of
high-intensity signals when applying the direct image-based U-Net model identically to
how it was applied the simulation experiments. In addition, the yellow boxes in Figure 6
show that regular patterns (i.e., motion artifacts) were more efficiently extracted by the
residual map-based U-Net model than direct images.
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Quantitative analysis using image similarity factors was impossible because the
ground-truth could not be estimated for the real MR images with motion artifacts. However,
multiple displacements or streak artifacts caused by movement randomly change the signal
intensity of homogeneous tissue and the background (i.e., air). Considering these features,
the coefficient of variation (COV) and the contrast to noise ratio (CNR) were measured to
indirectly evaluate the performance of the U-Net models using segmented background and
gray matter signals via k-means clustering, as follows:

COV =
σb
µb

CNR =
µt − µb√
σ2

t + σ2
b

where σb and µb are the mean and standard deviation of the background signal intensities
and σt and µt are the mean and standard deviation of gray matter. Figure 7 shows the COV
and CNR results of the performance evaluation of the U-Net model on real MR images with
motion artifacts. A lower COV value for the background indicated the more effective U-Net
model for motion artifact reduction. As a result, the direct image- and residual map-based
U-Net models show that the motion artifacts were removed from the real MR images. In
particular, the COV of the residual map-based U-Net model shows an improvement of
approximately 1.64× compared to the direct image. In addition, the CNR was measured to
analyze the composite performance of the U-Net models, which considers the degree of
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signal maintenance and motion artifact reduction in the tissue. The residual map-based
U-Net model shows an approximately 1.07× improvement compared to the real MR image.
However, in the direct image-based U-Net model, the lowest CNR values were measured.
Although the U-Net model solved the motion artifact problem, it was discovered that the
image contrast was degraded due to excessive signal loss.
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6. Conclusions

In this study, we applied U-Net models to reduce the motion artifacts in brain MR im-
ages. In addition, we generated motion artifacts based on simulations to construct an ideal
paired-data-based dataset. In conclusion, the simulation-based dataset effectively trained
the U-Net models to reduce motion artifacts. Additionally, datasets with appropriate
preprocessing could further enhance the performance of the U-Net models.

Author Contributions: Conceptualization, S.-H.K. and Y.L.; methodology, S.-H.K.; software, S.-
H.K.; validation, Y.L.; formal analysis, S.-H.K.; funding acquisition, Y.L.; data curation, S.-H.K.;
writing—original draft preparation, S.-H.K.; writing—review and editing, Y.L.; and project adminis-
tration, Y.L. All authors have read and agreed to the published version of the manuscript.

Funding: This study was supported by a grant from the National Foundation of Korea (NRF), which
is funded by the Korean government (Grant No. NRF-2021R1F1A1061440).

Institutional Review Board Statement: This study was conducted according to the guidelines of
the Declaration of Helsinki and approved by the Institutional Review Board of Gachon University
(1044396-202303-HR-031-01).

Informed Consent Statement: The benchmark dataset, the Alzheimer’s Disease Neuroimaging
Initiative (ADNI), which was used in our work obtained informed consent from its participants. More
information can be found in the following link: “http://adni.loni.usc.edu/study-design/ (accessed
on 29 June 2023)”.

Data Availability Statement: The data used in the preparation of this article were obtained from the
ADNI database (adni.loni.usc.edu, accessed on 31 October 2023). The ADNI was launched in 2003
as a public–private partnership led by Principal Investigator Michael W. Weiner. The primary goal
of the ADNI has been to test whether serial magnetic resonance imaging (MRI), positron emission
tomography (PET), other biological markers, and clinical and neuropsychological assessments can be
combined to measure the progression of mild cognitive impairment (MCI) and early Alzheimer’s dis-
ease (AD). For up-to-date information, see http://adni-info.org/ (accessed on 31 October 2023). The
data used in the preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) database (https://adni.loni.usc.edu, accessed on 31 October 2023). As such, the
investigators within the ADNI contributed to the design and implementation of the ADNI and/or
provided data but did not participate in the analysis or writing of this report. A complete listing

http://adni.loni.usc.edu/study-design/
http://adni-info.org/
https://adni.loni.usc.edu


Bioengineering 2024, 11, 227 12 of 14

of the ADNI investigators can be found at https://adni.loni.usc.edu/wpcontent/uploads/how to
apply/ADNI Acknowledgement List.pdf (accessed on 31 October 2023).

Acknowledgments: Data collection and sharing for this project was funded by the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) (National Institutes of Health Grant U01 AG024904) and
DOD ADNI (Department of Defense award number W81XWH-12-2-0012). The ADNI is funded
by the National Institute on Aging, the National Institute of Biomedical Imaging and Bioengineer-
ing, and through generous contributions from the following: AbbVie; Alzheimer’s Association;
Alzheimer’s Drug Discovery Foundation; Araclon Biotech; BioClinica, Inc.; Biogen; Bristol-Myers
Squibb Company; CereSpir, Inc.; Cogstate; Eisai Inc.; Elan Pharmaceuticals, Inc.; Eli Lilly and Com-
pany; EuroImmun; F. Hoffmann-La Roche Ltd. and its affiliated company Genentech, Inc.; Fujirebio;
GE Healthcare; IXICO Ltd.; Janssen Alzheimer Immunotherapy Research & Development, LLC.; John-
son & Johnson Pharmaceutical Research & Development LLC.; Lumosity; Lundbeck; Merck & Co.,
Inc.; Meso Scale Diagnostics, LLC.; NeuroRx Research; Neurotrack Technologies; Novartis Pharma-
ceuticals Corporation; Pfizer Inc.; Piramal Imaging; Servier; Takeda Pharmaceutical Company; and
Transition Therapeutics. The Canadian Institutes of Health Research provides the funds to support
ADNI clinical sites in Canada. Private sector contributions are facilitated by the Foundation for the
National Institutes of Health (www.fnih.org). The grantee organization is the Northern California
Institute for Research and Education, and the study is coordinated by the Alzheimer’s Therapeutic
Research Institute at the University of Southern California. ADNI data are disseminated by the
Laboratory for Neuro Imaging at the University of Southern California.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Talo, M.; Yildirim, O.; Baloglu, U.; Aydin, G.; Achary, U. Convolutional neural networks for multi-class brain disease detection

using MRI images. Comput. Med. Imaging Graph. 2019, 78, 101673. [CrossRef]
2. Islam, J.; Zhang, Y. Brain MRI analysis for Alzheimer’s disease diagnosis using an ensemble system of deep convolutional neural

networks. Brain Inform. 2018, 31, 2. [CrossRef]
3. Hu, M.; Zhong, Y.; Xie, S.; Lv, H.; Lv, Z. Fuzzy System Based Medical Image Processing for Brain Disease Prediction. Front.

Neurosci. 2021, 30, 714318.
4. Duffy, B.; Zhao, L.; Sepehrband, F.; Min, J.; Wang, D.; Shi, Y.; Toga, A.; Kim, H. Retrospective motion artifact correction of

structural MRI images using deep learning improves the quality of cortical surface reconstructions. Neuroimage 2021, 15, 117756.
[CrossRef]

5. Liu, J.; Kocak, M.; Supanich, M.; Deng, J. Motion artifacts reduction in brain MRI by means of a deep residual network with
densely connected multi-resolution blocks (DRN-DCMB). Magn. Reson. Imaging 2020, 71, 69–79. [CrossRef] [PubMed]

6. Wang, C.; Liang, Y.; Yuan Wu, Y.; Zhao, S.; Du, Y. Correction of out-of-FOV motion artifacts using convolutional neural network.
Magn. Reson. Imaging 2020, 71, 93–102. [CrossRef]

7. Oh, G.; Lee, J.; Ye, J. Unpaired MR Motion Artifact Deep Learning Using Outlier-Rejecting Bootstrap Aggregation. IEEE Trans.
Med. Imaging 2021, 40, 3125–3139. [CrossRef] [PubMed]

8. Al-Masni, M.; Lee, S.; Yi, J.; Kim, S.; Gho, S.; Choi, Y.; Kim, D. Stacked U-Nets with self-assisted priors towards robust correction
of rigid motion artifact in brain MRI. Neuroimage 2022, 1, 119411. [CrossRef] [PubMed]

9. David, M.; Malhotra, P. New approaches for the quantification and targeting of noradrenergic dysfunction in Alzheimer’s disease.
Ann. Clin. Transl. Neurol. 2022, 9, 582–596. [CrossRef]

10. Dong, S.; Zhu, M.; Bulas, D. Techniques for minimizing sedation in pediatric MRI. J. Magn. Reson. Imaging 2019, 50, 1047–1054.
[CrossRef]

11. Jaimes, C.; Gee, M. Strategies to minimize sedation in pediatric body magnetic resonance imaging. Pediatr. Radiol. 2016, 46,
916–927. [CrossRef]

12. Gholipour, A.; Polak, M.; Kouwe, A.; Nevo, E.; Warfield, S. Motion-robust MRI through real-time motion tracking and retrospective
super-resolution volume reconstruction. In Proceedings of the 2011 Annual International Conference of the IEEE Engineering in
Medicine and Biology Society, Boston, MA, USA, 30 August–3 September 2011; pp. 5722–5725.

13. Li, G.; Wei, J.; Olek, D.; Kadbi, M.; Tyagi, N.; Zakian, K.; Mechalakos, J.; Deasy, J.; Hunt, M. Direct Comparison of Respiration-
Correlated Four-Dimensional Magnetic Resonance Imaging Reconstructed Using Concurrent Internal Navigator and External
Bellows. Int. J. Radiat. Oncol. Biol. Phys. 2017, 97, 596–605. [CrossRef] [PubMed]

14. Laustsen, M.; Andersen, M.; Xue, R.; Madsen, K.; Hanson, L. Tracking of rigid head motion during MRI using an EEG system.
Magn. Reson. Med. 2022, 88, 986–1001. [CrossRef] [PubMed]

15. Inati, S.; Naegele, J.; Zwart, N.; Roopchansingh, V.; Lizak, M.; Hansen, D.; Liu, C.; Atkinson, D.; Kellman, P.; Kozerke, S.; et al.
ISMRM Raw data format: A proposed standard for MRI raw datasets. Magn. Reson. Med. 2017, 77, 411–421. [CrossRef]

https://adni.loni.usc.edu/wpcontent/uploads/how
www.fnih.org
https://doi.org/10.1016/j.compmedimag.2019.101673
https://doi.org/10.1186/s40708-018-0080-3
https://doi.org/10.1016/j.neuroimage.2021.117756
https://doi.org/10.1016/j.mri.2020.05.002
https://www.ncbi.nlm.nih.gov/pubmed/32428549
https://doi.org/10.1016/j.mri.2020.05.004
https://doi.org/10.1109/TMI.2021.3089708
https://www.ncbi.nlm.nih.gov/pubmed/34133276
https://doi.org/10.1016/j.neuroimage.2022.119411
https://www.ncbi.nlm.nih.gov/pubmed/35753594
https://doi.org/10.1002/acn3.51539
https://doi.org/10.1002/jmri.26703
https://doi.org/10.1007/s00247-016-3613-z
https://doi.org/10.1016/j.ijrobp.2016.11.004
https://www.ncbi.nlm.nih.gov/pubmed/28011048
https://doi.org/10.1002/mrm.29251
https://www.ncbi.nlm.nih.gov/pubmed/35468237
https://doi.org/10.1002/mrm.26089


Bioengineering 2024, 11, 227 13 of 14

16. Knoll, F.; Zbontar, J.; Sriram, A.; Muckley, M.; Bruno, M.; Defazio, A.; Parente, M.; Geras, K.; Katsnelson, J.; Chandarana, H.; et al.
fastMRI: A Publicly Available Raw k-Space and DICOM Dataset of Knee Images for Accelerated MR Image Reconstruction Using
Machine Learning. Radiol. Artif. Intell. 2020, 2, e190007. [CrossRef]

17. Zhao, Y.; Ossowski, J.; Wang, X.; Li, S.; Devinsky, O.; Martin, S.; Pardoe, H. Localized Motion Artifact Reduction on Brain MRI
Using Deep Learning with Effective Data Augmentation Techniques. In Proceedings of the 2021 International Joint Conference on
Neural Networks (IJCNN), Shenzhen, China, 18–22 July 2021; pp. 1–9.

18. Usui, K.; Muro, I.; Shibukawa, S.; Goto, M.; Ogawa, K.; Sakano, Y.; Kyogoku, S.; Daida, H. Evaluation of motion artefact reduction
depending on the artefacts’ directions in head MRI using conditional generative adversarial networks. Sci. Rep. 2023, 13, 8526.
[CrossRef]

19. Su, B.; Wen, Y.; Liu, Y.; Liao, S.; Fu, J.; Quan, G.; Li, Z. A deep learning method for eliminating head motion artifacts in computed
tomography. Med. Phys. 2022, 49, 411–419. [CrossRef]

20. Song, X.; Han, Y.; Xi, X.; Li, L.; Zhu, L.; Yang, S.; Liu, M.; Tan, S.; Yan, B. Preliminary denoising by 3D U-Net in image domain for
low dose CT images. In Proceedings of the 2022 2nd International Conference on Bioinformatics and Intelligent Computing,
Harbin, China, 21–23 January 2022; pp. 367–370.

21. Chuang, C.; Chang, K.; Huang, C.; Jung, T. IC-U-Net: A U-Net-based Denoising Autoencoder Using Mixtures of Independent
Components for Automatic EEG Artifact Removal. Neuroimage 2022, 263, 119586. [CrossRef] [PubMed]

22. Gunawan, R.; Tran, Y.; Zheng, J.; Nguyen, H.; Chai, R. Image Recovery from Synthetic Noise Artifacts in CT Scans Using Modified
U-Net. Sensors 2022, 22, 7031. [CrossRef]

23. Feng, T.; Wang, C.; Chen, X.; Fan, H.; Zeng, K.; Li, Z. URNet: A U-Net based residual network for image dehazing. Appl. Soft
Comput. 2021, 102, 106884. [CrossRef]

24. Cao, X.; Chen, B.; He, W. Unsupervised Defect Segmentation of Magnetic Tile Based on Attention Enhanced Flexible U-Net. IEEE
Trans. Instrum. Meas. 2022, 71, 1–10. [CrossRef]

25. Zhang, H.; Goodfellow, I.; Metaxas, D.; Odena, A. Self-Attention Generative Adversarial Networks. In Proceedings of the 36th
International Conference on Machine Learning, Long Beach, CA, USA, 9–15 June 2019; pp. 7354–7363.

26. Fu, B.; Zhang, X.; Wang, L.; Ren, Y.; Thanh, D. Double enhanced residual network for biological image denoising. Gene Expr.
Patterns 2022, 45, 119270. [CrossRef]

27. Wang, Z.; Zou, Y.; Liu, P. Hybrid dilation and attention residual U-Net for medical image segmentation. Comput. Biol. Med. 2021,
134, 104449. [CrossRef]

28. Khanna, A.; Londhe, N.; Gupta, S.; Semwal, A. A deep Residual U-Net convolutional neural network for automated lung
segmentation in computed tomography images. Biocybern. Biomed. Eng. 2020, 40, 1314–1327. [CrossRef]

29. Pawar, K.; Chen, Z.; Shah, N.; Egan, G. Suppressing motion artefacts in MRI using an Inception-ResNet network with motion
simulation augmentation. NMR Biomed. 2022, 35, e4225. [CrossRef] [PubMed]

30. Oksuz, I. Brain MRI artefact detection and correction using convolutional neural networks. Comput. Methods Programs Biomed.
2021, 199, 105909. [CrossRef] [PubMed]

31. Loizillon, S.; Bottani, S.; Maire, A.; Ströer, S.; Dormont, D.; Colliot, O. Automatic motion artefact detection in brain T1-weighted
magnetic resonance images from a clinical data warehouse using synthetic data. Med. Image Anal. 2023, 93, 103073. [CrossRef]
[PubMed]

32. Xu, X.; Kothapalli, S.; Liu, J.; Kahali, S.; Gan, W.; Yablonskiy, D.; Kamilov, U. Learning-based motion artifact removal networks for
quantitative R2

* mapping. Magn. Reson. Med. 2022, 88, 106–119. [CrossRef] [PubMed]
33. Al-Masni, M.; Lee, S.; Al-Shamiri, S.; Gho, D.; Choi, Y.; Kim, F. A knowledge interaction learning for multi-echo MRI motion

artifact correction towards better enhancement of SWI. Comput. Biol. Med. 2023, 153, 106553. [CrossRef] [PubMed]
34. Shaw, R.; Sudre, C.; Varsavsky, T.; Ourselin, S.; Cardoso, M. A k-Space Model of Movement Artefacts: Application to Segmentation

Augmentation and Artefact Removal. IEEE Trans. Med. Imaging 2020, 39, 2881–2892. [CrossRef] [PubMed]
35. Park, J.; Hwang, D.; Kim, K.; Kang, S.; Kim, Y.; Lee, J. Computed tomography super-resolution using deep convolutional neural

network. Phys. Med. Biol. 2018, 63, 145011. [CrossRef] [PubMed]
36. Shi, P.; Duan, M.; Yang, L.; Feng, W.; Ding, L.; Jiang, L. An Improved U-Net Image Segmentation Method and Its Application for

Metallic Grain Size Statistics. Materials 2022, 15, 4417. [CrossRef] [PubMed]
37. Lu, Y.; Lin, J.; Chen, S.; He, H.; Cai, Y. Automatic Tumor Segmentation by Means of Deep Convolutional U-Net With Pre-Trained

Encoder in PET Images. IEEE Access 2020, 8, 113636–113648. [CrossRef]
38. Sanjar, K.; Bekhzod, O.; Kim, J.; Kim, J.; Paul, A.; Kim, J. Improved U-Net: Fully Convolutional Network Model for Skin-Lesion

Segmentation. Appl. Sci. 2020, 10, 3658. [CrossRef]
39. Das, S.; Swain, M.; Nayak, G.; Saxena, S.; Satpathy, S. Effect of learning parameters on the performance of U-Net Model in

segmentation of Brain tumor. Multimed. Tools Appl. 2022, 81, 34717–34735. [CrossRef]
40. Mishro, P.; Agrawal, S.; Panda, R.; Abraham, A. A Survey on State-of-the-Art Denoising Techniques for Brain Magnetic Resonance

Images. IEEE Rev. Biomed. Eng. 2022, 15, 184–199. [CrossRef] [PubMed]
41. Kidoh, M.; Shinoda, K.; Kitajima, M.; Isogawa, K.; Nambu, M.; Uetani, H.; Morita, K.; Nakaura, T.; Tateishi, M.; Yamashita, Y.;

et al. Deep Learning Based Noise Reduction for Brain MR Imaging: Tests on Phantoms and Healthy Volunteers. Magn. Reson.
Med. Sci. 2020, 19, 195–206. [CrossRef] [PubMed]

https://doi.org/10.1148/ryai.2020190007
https://doi.org/10.1038/s41598-023-35794-1
https://doi.org/10.1002/mp.15354
https://doi.org/10.1016/j.neuroimage.2022.119586
https://www.ncbi.nlm.nih.gov/pubmed/36031182
https://doi.org/10.3390/s22187031
https://doi.org/10.1016/j.asoc.2020.106884
https://doi.org/10.1109/TIM.2022.3170989
https://doi.org/10.1016/j.gep.2022.119270
https://doi.org/10.1016/j.compbiomed.2021.104449
https://doi.org/10.1016/j.bbe.2020.07.007
https://doi.org/10.1002/nbm.4225
https://www.ncbi.nlm.nih.gov/pubmed/31865624
https://doi.org/10.1016/j.cmpb.2020.105909
https://www.ncbi.nlm.nih.gov/pubmed/33373815
https://doi.org/10.1016/j.media.2023.103073
https://www.ncbi.nlm.nih.gov/pubmed/38176355
https://doi.org/10.1002/mrm.29188
https://www.ncbi.nlm.nih.gov/pubmed/35257400
https://doi.org/10.1016/j.compbiomed.2023.106553
https://www.ncbi.nlm.nih.gov/pubmed/36641933
https://doi.org/10.1109/TMI.2020.2972547
https://www.ncbi.nlm.nih.gov/pubmed/32149627
https://doi.org/10.1088/1361-6560/aacdd4
https://www.ncbi.nlm.nih.gov/pubmed/29923839
https://doi.org/10.3390/ma15134417
https://www.ncbi.nlm.nih.gov/pubmed/35806543
https://doi.org/10.1109/ACCESS.2020.3003138
https://doi.org/10.3390/app10103658
https://doi.org/10.1007/s11042-021-11273-5
https://doi.org/10.1109/RBME.2021.3055556
https://www.ncbi.nlm.nih.gov/pubmed/33513109
https://doi.org/10.2463/mrms.mp.2019-0018
https://www.ncbi.nlm.nih.gov/pubmed/31484849


Bioengineering 2024, 11, 227 14 of 14

42. Thomsen, F.; Delrieux, C.; Pisula, J.; García, J.; Lucena, M.; García, R.; Borggrefe, J. Noise reduction using novel loss functions to
compute tissue mineral density and trabecular bone volume fraction on low resolution QCT. Comput. Med. Imaging Graph. 2020,
86, 101816. [CrossRef] [PubMed]

43. Zhao, S.; Cahill, D.; Li, S.; Xiao, F.; Blu, T.; Griffith, J.; Chen, W. Denoising of three-dimensional fast spin echo magnetic resonance
images of knee joints using spatial-variant noise-relevant residual learning of convolution neural network. Comput. Biol. Med.
2022, 151, 106295. [CrossRef]

44. Cherukuri, V.; Guo, T.; Schiff, S.; Monga, V. Deep MR Brain Image Super-Resolution Using Spatio-Structural Priors. IEEE Trans.
Image Process 2019, 29, 1368–1383. [CrossRef]

45. Rubert, N.; Bardo, D.; Vaughn, J.; Cornejo, P.; Goncalves, L. Data Quality Assessment for Super-Resolution Fetal Brain MR
Imaging: A Retrospective 1.5 T Study. J. Magn. Reson. Imaging 2021, 54, 1349–1360. [CrossRef]

46. Lin, J.; Miao, Q.; Surawech, C.; Raman, S.; Zhao, K.; Wu, H.; Sung, K. High-Resolution 3D MRI With Deep Generative Networks
via Novel Slice-Profile Transformation Super-Resolution. IEEE Access 2023, 11, 95022–95036. [CrossRef]

47. He, K.; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the IEEE Computer Society
Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778.

48. Liu, Y.; Qi, N.; Zhu, Q.; Li, W. CR-U-Net: Cascaded U-Net with Residual Mapping for Liver Segmentation in CT Images. In
Proceedings of the 2019 IEEE Visual Communications and Image Processing (VCIP), Sydney, Australia, 1–4 December 2019;
pp. 1–4.

49. Küstner, T.; Armanious, K.; Yang, J.; Yang, B.; Schick, F.; Gatidis, S. Retrospective correction of motion-affected MR images using
deep learning frameworks. Magn. Reson. Med. 2019, 82, 1527–1540. [CrossRef]

50. Huttinga, N.; Berg, C.; Luijten, P.; Sbrizzi, A. MR-MOTUS: Model-based non-rigid motion estimation for MR-guided radiotherapy
using a reference image and minimal k-space data. Phys. Med. Biol. 2020, 65, 015004. [CrossRef]

51. Slipsager, J.; Glimberg, S.; Højgaard, L.; Paulsen, R.; Wighton, P.; Tisdall, M.; Jaimes, C.; Gagoski, B.; Grant, P.E.; van der Kouwe,
A.; et al. Comparison of prospective and retrospective motion correction in 3D-encoded neuroanatomical MRI. Magn. Reson. Med.
2022, 87, 629–645. [CrossRef]

52. Johannes Kirchner, J.; Tamara Watson, T.; Markus Lappe, M. Real-Time MRI Reveals Unique Insight into the Full Kinematics of
Eye Movements. eNeuro 2022, 9, ENEURO.0357-21.2021.

53. Oh, G.; Jung, S.; Lee, J.; Ye, J. Annealed Score-Based Diffusion Model for MR Motion Artifact Reduction. IEEE Trans. Comput.
Imaging 2023, 10, 43–53. [CrossRef]

54. Darçot, E.; Yerly, J.; Hilbert, T.; Colotti, R.; Najdenovska, E.; Kober, T.; Stuber, M.; Heeswijk, R. Compressed sensing with signal
averaging for improved sensitivity and motion artifact reduction in fluorine-19 MRI. NMR Biomed. 2021, 34, e4418. [CrossRef]

55. Lyu, Q.; Shan, H.; Xie, Y.; Kwan, A.; Otaki, Y.; Kuronuma, K.; Li, D.; Wang, G. Cine Cardiac MRI Motion Artifact Reduction Using
a Recurrent Neural Network. IEEE Trans. Med. Imaging 2021, 40, 2170–2181. [CrossRef] [PubMed]

56. Lim, A.; Lo, J.; Wagner, M.; Ertl-Wagner, B.; Sussman, D. Motion artifact correction in fetal MRI based on a Generative Adversarial
network method. Biomed. Signal Process. Control 2023, 81, 104484.

57. Ghaffari, M.; Pawar, K.; Oliver, R. Brain MRI motion artifact reduction using 3D conditional generative adversarial networks on
simulated motion. In Proceedings of the 2021 Digital Image Computing: Techniques and Applications (DICTA), Gold Coast,
Australia, 29 November–1 December 2021.

58. Gadjimuradov, F.; Benkert, T.; Nickel, M.; Maier, A. Robust partial Fourier reconstruction for diffusion-weighted imaging using a
recurrent convolutional neural network. Magn. Reson. Med. 2022, 87, 2018–2033. [CrossRef]

59. Souza, R.; Bento, M.; Nogovitsyn, N.; Chung, K.; Loos, W.; Lebel, R.; Frayne, R. Dual-domain cascade of U-nets for multi-channel
magnetic resonance image reconstruction. Magn. Reson. Imaging 2020, 71, 140–153. [CrossRef]

60. Chaudhari, A.; Fang, Z.; Kogan, F.; Wood, J.; Stevens, K.; Gibbons, E.; Lee, J.; Gold, G.; Hargreaves, B. Super-resolution
musculoskeletal MRI using deep learning. Magn. Reson. Med. 2018, 80, 2139–2154. [CrossRef] [PubMed]

61. Lee, D.; Yoo, J.; Tak, S.; Ye, J. Deep Residual Learning for Accelerated MRI Using Magnitude and Phase Networks. IEEE Trans.
Biomed. Eng. 2018, 65, 1985–1995. [CrossRef] [PubMed]

62. Xanthis, C.; Filos, D.; Haris, K.; Aletras, A. Simulator-generated training datasets as an alternative to using patient data for
machine learning: An example in myocardial segmentation with MRI. Comput. Methods Programs Biomed. 2021, 198, 105817.
[CrossRef] [PubMed]

63. Huang, J.; Wang, S.; Zhou, G.; Hu, W.; Yu, G. Evaluation on the generalization of a learned convolutional neural network for MRI
reconstruction. Magn. Reson. Imaging 2022, 87, 38–46. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1016/j.compmedimag.2020.101816
https://www.ncbi.nlm.nih.gov/pubmed/33221674
https://doi.org/10.1016/j.compbiomed.2022.106295
https://doi.org/10.1109/TIP.2019.2942510
https://doi.org/10.1002/jmri.27665
https://doi.org/10.1109/ACCESS.2023.3307577
https://doi.org/10.1002/mrm.27783
https://doi.org/10.1088/1361-6560/ab554a
https://doi.org/10.1002/mrm.28991
https://doi.org/10.1109/TCI.2023.3347917
https://doi.org/10.1002/nbm.4418
https://doi.org/10.1109/TMI.2021.3073381
https://www.ncbi.nlm.nih.gov/pubmed/33856986
https://doi.org/10.1002/mrm.29100
https://doi.org/10.1016/j.mri.2020.06.002
https://doi.org/10.1002/mrm.27178
https://www.ncbi.nlm.nih.gov/pubmed/29582464
https://doi.org/10.1109/TBME.2018.2821699
https://www.ncbi.nlm.nih.gov/pubmed/29993390
https://doi.org/10.1016/j.cmpb.2020.105817
https://www.ncbi.nlm.nih.gov/pubmed/33160692
https://doi.org/10.1016/j.mri.2021.12.003

	Introduction 
	Related Works 
	Materials and Methods 
	Subsection Brain MR Images Acquisition 
	Motion Artifact Simulation 
	U-Net Model for Motion Artifact Reduction 
	Quantitative Evaluation 

	Results 
	Discussion 
	Conclusions 
	References

