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ABSTRACT

Magnetic resonance imaging is an important non-invasive diagnostic tool, yet is vulnerable to motion artifacts
due to the long acquisition time. With the recent development of deep learning, numerous methods for
improving motion artifacts have been proposed. Due to the difficulty in constructing paired datasets for motion
artifact correction, various unsupervised learning-based models have emerged recently. Cycle-Consistent
Generative Adversarial Network (CycleGAN), which is widely used as a base model for unsupervised learning,
has ill-posed problem and high parameter complexity that poses limitations towards an unstable training process.
To overcome these limitations, this paper proposes an unsupervised learning method for motion artifact
correction and assessment by replacing one generator of CycleGAN with a motion artifact simulator and regu-
larizing the cycle-consistency loss with a motion severity prior. In adopting this approach, the overall model’s
training complexity can be significantly reduced due to the decrease in the quantity of learnable parameters.
Moreover, the calculation of the cycle-consistency loss becomes more stable, thereby addressing the inherent ill-
posed problem of CycleGAN. As a result, the proposed method demonstrates superior performance quantitatively
and qualitatively compared to existing motion artifact correction methods and succeeds in reconstructing clearer
images qualitatively compared to supervised learning methods.

1. Introduction

1.1. Motion artifacts in MRI

(Godenschweger et al., 2016). Rigid motion, often due to intentional or
unexpected movements, can affect all body parts, including brain scans,
and is more prevalent in non-compliant subjects such as children or
patients with degenerative diseases of the nervous system. In this case,

Magnetic Resonance Imaging (MRI) is a widely used non-invasive
diagnostic tool for imaging soft tissues without radiation exposure.
However, subject movements during data acquisition can lead to various
artifacts in reconstructed images (Zaitsev et al., 2015). Motion artifacts
can be categorized into non-rigid and rigid types. Non-rigid motion,
caused by physiological factors, includes involuntary deformation
movements. This encompasses periodic and continuous movements such
as respiration, cerebrospinal fluid (CSF) flow, and peristalsis as well as
sudden involuntary movements such as swallowing and coughing
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the aspects of motion artifacts can vary slightly depending on the
k-space data acquisition trajectory, in which ghosting artifacts are usu-
ally caused by sudden subject motion while blurring artifacts are typi-
cally the result of continuous subject motion (Lee et al., 2020; Shaw
et al., 2020; Zaitsev et al., 2015).

With the advancement of MR hardware, spatial resolution and
signal-to-noise ratio (SNR) have improved, but relatively long scan times
have still made the images susceptible to motion artifacts. Thus, such
motion artifacts, which compromise image quality and interpretation,
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may significantly impact on subsequent patient diagnosis in clinical.
Hence, motion artifact correction strategies remain a critical issue in MR
imaging.

1.2. Previous work

Prospective and retrospective methods are two different approaches
for conventional motion artifact correction in MRI (Atkinson et al.,
1997; Cordero-Grande et al., 2016; Haskell et al., 2018; Herbst et al.,
2012; Tisdall et al., 2012; Vaillant et al., 2013). Prospective correction
methods involve real-time monitoring of the subject motion during the
scan, and then using this information to correct the motion artifacts in
the image data. This is achieved by synchronizing the scan with the
subject motion, such as starting the scan when the subject reaches a
specific position. These prospective motion correction methods aim to
overcome motion effects by directly acquiring additional information
through real-time external recording. The most common example of a
prospective method is the navigator-based correction, which uses a
secondary signal, known as a navigator, to monitor the motion (Bosak
and Harvey, 2001). Retrospective correction methods entail correcting
the motion artifacts after the scan has been completed. This is accom-
plished by estimating the motion from the corrupted images and then
applying a correction to the data. However, these conventional methods
necessitate the use of extra scanning equipment, extend the duration of
the scan, and involve extensive computation to estimate motion
(Godenschweger et al., 2016).

In addition to prospective motion correction methods that monitor
patient movement during scaning, several technologies mitigate noise
and artifacts prior to MRI data acquisition. These include parallel im-
aging (Hewlett et al., 2024), which utilizes multiple receiver coils for
simultaneous data acquisition, and compressed sensing (Wang et al.,
2024), which accelerates the acquisition process by undersampling data
points and reconstructing the full image. These technologies help reduce
motion artifacts by shortening scan times. However, as the volume of
MRI data continues to grow, post-processing methods (i.e., retrospective
approaches) are expected to play an increasingly significant role in
addressing artifacts, particularly in pediatric and neurodegenerative
patients who are more prone to movement during scans.

With the recent advancement of deep learning, various techniques
have been developed for motion correction in MRI. Specifically, motion
correction methods based on deep convolutional neural networks (CNN)
have been developed (Dou et al., 2019; Duffy et al., 2018; Johnson and
Drangova, 2018; Kromrey et al., 2020; Kiistner et al., 2019; Lee et al.,
2024; Liu et al., 2020; Loizillon et al., 2024; Oh et al., 2024; Pawar et al.,
2022). Tamada et al. developed a motion artifact reduction using CNN,
known as MARC, which utilized a deep CNN with multiple convolutional
layers and performed motion correction by computing the patch-wise
loss (Tamada et al., 2020). Pawar et al. proposed a MoCoNet, which is
designed based on the U-Net architecture (Pawar et al., 2018). Recently,
a study presented a motion correction model that utilized cascaded
U-Nets with self-assisted priors (Al-masni et al., 2022). The model pro-
posed a method to utilize three-dimensional (3D) information using
two-dimensional (2D) network. Additionally, a knowledge interaction
framework was proposed, which collaboratively learns from the feature
details of multiple corrupted echoes by sharing their features through
common training parameters (Al-masni et al., 2023). Furthermore,
methods using generative adversarial networks (GANs), in which gen-
erators and discriminators are trained through mutual deception, have
been introduced. For example, MoCo-cGAN, a method of motion artifact
correction using conditional GAN, has been proposed. This method
consisted of 3D U-Net and 6-layer CNN, and performed motion correc-
tion effectively on 3D MRI. Additionally, MedGAN, an end-to-end
framework that integrated a conditional adversarial framework,
non-adversarial losses, and a CasNET generator architecture, was pro-
posed for medical image translation tasks, such as PET-CT translation,
MR motion correction, and PET denoising (Armanious et al., 2020). An
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unsupervised dual-domain disentangled network (UDDN) was proposed
to enhance the removal of rigid motion artifacts in MRI by leveraging
both spatial and frequency information for improved efficacy (Wu et al.,
2023).

Due to the difficulty in constructing paired datasets for motion
artifact correction (i.e., motion-free and motion-corrupted images),
various unsupervised learning-based models for motion correction have
emerged recently. Predominantly, these unsupervised learning models
for motion correction are based on the CycleGAN framework, an image
translation method using cycle-consistency (Zhu et al., 2017). For
example, Cycle-MedGAN was proposed, which is an enhanced frame-
work for unsupervised image translation, expanding on the CycleGAN
framework by integrating innovative cycle-perceptual and cycle-style
loss functions (Armanious et al., 2019). It is capable of PET to CT
translation as well as motion artifact correction. A method utilizing the
bootstrap technique with a sampling mask has also been developed. This
methodology corrects motion-corrupted k-space lines via a two-step
process: initial random downsampling within k-space followed by
replenishment leveraging the CycleGAN framework (Oh et al., 2021).
The Dual-Domain Unsupervised Motion Artifacts Disentanglement
Network (DUMAD-Net), an approach that addresses motion correction
of the liver, without requiring paired datasets, was also proposed as an
unsupervised method (Bai et al., 2022). This approach capitalizes on
within-domain and cross-domain translations to instruct autoencoders
in acquiring feature representation, while employing cycle consistency,
thus framing motion correction as an image-to-image translation chal-
lenge. More details of these motion artifact correction approaches are
given in a review paper (Spieker et al., 2024).

1.3. Our contributions

As aforementioned, CycleGAN has often been used for unsupervised
learning for motion artifact correction. However, there were some
problems in using vanilla CycleGAN, where two generators and two
discriminators are trained simultaneously. First, the model of CycleGAN
becomes heavy due to its four neural network sub-models, and there is a
disadvantage that if one of the two generators is not well trained, the
other generator is also not well trained (Oh et al., 2020). In fact, when
CycleGAN is used for motion artifact correction, it was observed
experimentally that the generator that converts from motion-free
domain to motion-corrupted domain often fails to generate realistic
motion artifacts and instead generates just vague and indistinct noise.

The second limitation is that it is possible to have multiple motion-
corrupted images corresponding to a single motion-free image. This
presents an inherently ill-posed problem, which complicates the
computation of the cycle-consistency loss. For example, if an image with
few motion artifacts goes through the generator G; and returns to the
motion-corrupted domain via the other generator Gj, and if a lot of
motion artifacts are added to the image, the generator G; would not be
effectively trained in terms of calculating the cycle consistency loss
between the original image (which has few motion artifacts) and the
returned image (which has lots of motion artifacts).

To address these limitations, this paper has the following main
contributions.

(1) We propose a novel method that integrates MR-physics-based
motion artifact simulator. Inspired by optimal transport driven
CycleGAN (OT-CycleGAN), which proved that the performance is
better with a single pair of generator and discriminator, we
substitute the generator converting from the motion-free to
motion-corrupted domain with the MR physics-based motion
artifact simulator (Oh et al., 2020).

The proposed model enhances the cycle consistency loss regula-
rization by adding a module that estimates the motion severity of
the input image. This severity information is passed to the
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simulator, resulting in a more stable calculation of cycle consis-
tency loss.

(3) A unique advantage of the proposed model is its ability to
perform both motion correction and motion severity measure-
ment simultaneously, enhancing its utility in clinical
applications.

(4) The proposed model demonstrates quantitatively and qualita-
tively good performance across a wider range of motion sever-
ities, compared to other unsupervised and supervised models. Its
smaller network parameters and stable convergence of cycle
consistency loss contribute to efficient training and robust results.

The proposed method can be described as a retrospective unsuper-
vised generative model that is trained with ground-truth images, which
are required for the supervised loss computation in the discriminator.

2. Methods
2.1. Dataset

We trained our neural network using 3D T1-weighted MRI data from
Brain Volume (BRAVO) dataset, which was obtained at Seoul National
University Hospital, Seoul, South Korea. The MRI scans were performed
on a 3T SIGNA Premier MRI scanner (GE Healthcare) with an echo time
(TE) of 2.77 ms, a repetition time (TR) of 6.86 ms, a flip angle of 10°, and
a pixel bandwidth of 244 Hz/pixel. The sagittal image matrix size varied
from 256 x 256 to 512 x 512 pixels, with an in-plane resolution of 0.90
x 0.90 and slice spacing of 1 mm. The third dimension of the images had
arange of 144-380 slices. A total of 17,202 slices of brain MRI data from
79 clinical pediatric patients were included in the training and valida-
tion set, while 1410 slices from an additional eight clinical pediatric
patients were used for the testing set. It is of note that all of these subject
scans were utilized as motion-free reference data since they do not
contain motion artifacts.

In addition to the simulated training, validation, testing set, in-vivo
evaluation was performed using Magnetization-Prepared Rapid
Gradient-Echo (T1 MPRAGE) images from five subjects in both stable
and motion artifact-inducing states. The acquisition parameters for the
T1 MPRAGE scans were as follows: TE was set at 2.97 ms, TR at 2100 ms,
with a flip angle of 9°, and a pixel bandwidth of 180 Hz/pixel. It is of
note that the in-vivo data was exclusively used for inference, meaning
the proposed model, trained entirely on simulated data, was tested using
in-vivo data to further validate its robustness and applicability.

2.2. Motion artifact simulation

Due to the lack of data containing actual motion artifacts, the
training data consisted of both motion artifact-free and simulated mo-
tion artifacts. Consequently, the label images of the motion-corrupted
domain exist in the dataset of the motion-free domain. However, we
note that during a single iteration, an image was independently sampled
from each domain, thereby ensuring an unpaired training process. In
order to generate the training dataset, an in-house rigid motion artifact
simulation tool was applied to 87 motion-free subjects considering 2D
sudden rotation and translation motions (Lee et al., 2020). In this study,
to better apply the effects of motion severity regularization, our dataset
largely contained sudden rigid motion, predominantly manifested as
ringing and/or ghosting artifacts. The motion artifacts simulation was
performed in two consecutive steps: (1) rotation motion was simulated
in the image domain, and (2) translation motion was simulated by
applying a phase shift in the k-space domain. This is to generate
motion-corrupted data that closely mimics real artifacts by capturing
both translation and rotation complexities, enabling more effective
training and improving the reliability of the motion correction model.
This simulation process allowed for the creation of a dataset that in-
cludes simulated motion artifacts, which can be used to train the
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network to better handle motion artifacts in the acquired images. The
detailed process of the motion artifact simulation is illustrated in Fig. 1.

To calculate the motion severity regularized cycle consistency loss,
we generated motion corrupted dataset with five levels of severity using
the motion artifact simulator. The levels, with grades ranging from 1 to
5, were determined based on the amplitude of motion, number of cor-
rupted TRs per motion, and number of motions in a full scan, which were
set according to a discrete uniform distribution (Kecskemeti and Alex-
ander, 2020). Details of our motion artifact simulation parameters are
described as Table 1.

Where g is the motion severity level, ranges from 1 to 5, with higher
values indicating a more severe level of motion. Based on the above
details, across all levels of motion severity, the amplitudes of the
translation and rotation motion were set in the range of 0-9 (pixel for
translation and ° for rotation) for simulation, and the time required for
one motion was set in the range of 1-5 per TR. Also, the number of
movements in one 2D scan was set from 1 to 12. These conditions were
determined numerically and empirically. The process of simulating
motion artifacts can be summarized as follows. For each motion severity
level, varying degrees of rotation, ranging from 0° to 9°, were applied in
the image domain. The deformed image was then transformed into the
k-space domain using Fourier transform where translation motion was
simulated by introducing linear phase shifts in the phase-encoding di-
rection, with shifts ranging from 0 to 9 mm. This process was repeated N
times, where N represents the number of corrupted lines in k-space. Each
severity level affected a specific range of k-space lines per motion
repetition (TR). For instance, at a low motion severity level (g = 1), only
one k-space line per TR was corrupted, whereas at a high severity level
(g = 5), a range of 1-5 lines per TR were distorted. The accumulated
effects of both rotation and translation motions produced the corrupted
k-space, and the final motion-corrupted image was generated by
applying the inverse Fourier transform to this data. Further details on
the motion simulation tool can be found in our previous work (Lee et al.,
2020), where the tool is made publicly accessible at https://github.com/
Yonsei-MILab/MRI-Motion-Artifact-Simulation-Tool. In clinical prac-
tice, images with high motion severity level (i.e. beyond level 5) are
typically re-scanned, rather than being restored or processed
(Sreekumari et al., 2019). So, in order to exclude severely degraded
images from the training set, we ensured that the autocalibration signal
(ACS) lines (in this study, 36 lines) of the k-space did not contain any
motion artifacts in all datasets. In clinical practice, these k-space lines
are typically acquired in the beginning of the scan, thereby reducing the
possibility of motion during acquisition in these lines (Nguyen et al.,
2001). Fig. 2 shows some examples of the simulated motion-corrupted
images with different motion artifacts severity levels.

The resulting dataset of 17,202 slices has some overlap between
adjacent grades due to the random generation process. However, visual
inspection confirmed that the grades generally correspond to the
appropriate level of motion severity. It is of note that since the dataset
used in this study was acquired with Cartesian sampling, all experiments
were conducted using Cartesian data and corresponding motion artifact
simulations. However, to extend the model to other sampling trajec-
tories, such as radial data, radial motion simulation would be required
during the generation of the training dataset.

2.3. Proposed model architecture

In this work, we propose a retrospective unsupervised motion arti-
fact correction approach that does not rely on external recordings, uti-
lizing a Severity-based Regularized Cycle Consistency method. The
proposed method builds upon CycleGAN with two key modifications.
First, one of the generators in the original CycleGAN’s forward and in-
verse paths was replaced with a motion artifact simulator, resulting in
what we refer to as CycleGAN with simulator (version 1). The second
modification introduced a motion severity regularization term into
version 1, leading to CycleGAN with motion severity regularizer
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Fig. 1. Overview of the motion artifact simulation process, incorporating translation motion in the k-space domain and rotation motion in the image domain.

Table 1

The motion parameters corresponding to each motion grade.
Motion grade g 1 2 3 4 5
Maximum amplitude of motion (pixel) 1 3 5 7 9
Maximum degree of rotation (° ) 1 3 5 7 9
Number of corrupted K-space lines per 1 1 1-2 1~-3 1~4 1~5

motion (TR)

Number of motions 1~4 3~-6 4~8 5~10 7~12

(version 2). Fig. 3(a) illustrates the distinctions between the original
CycleGAN and these two modified versions for clarity. The entire
framework to train the proposed model is depicted in Fig. 3 (b). It
consists of a generator (G), a discriminator (D), a motion artifact simu-
lator (sim), and a motion severity estimator (E). The generator is a
convolutional neural network based on Residual Network (ResNet).
More structural details for all layers in both generator and discriminator

g=1 g=2

g=3

are shown in Fig. 4. The generator consists of a two-layer encoder, nine
residual blocks, a three-layer decoder, and a motion severity estimation
module which has three residual blocks, three convolutional blocks, and
a single fully connected layer. Each residual block contains two convo-
lution blocks and a residual connection, where the convolutional block
contains a convolution layer, an instance normalization layer, and the
Rectified Linear Unit (ReLU). In addition, the discriminator is composed
of five layers of convolutional blocks and can distinguish whether the
motion-corrected images are real or fake.

To succinctly describe the training process: in the upper cycle, an
image is randomly selected from the motion-corrupted domain and
passed through generator G, resulting in a motion-corrected image and a
predicted grade g. Subsequently, these are fed into the motion artifact
simulator to generate a motion-corrupted image anew and compute the
initial image and cycle-consistency loss. Further, a cross entropy loss is
calculated between the predicted grade g and the label grade g.
Concurrently, in the lower cycle, an image is randomly selected from the

g=4 g=>5

Fig. 2. Simulated data for different grades of motion severity. g = 1 implies a little motion-corrupted data, while g = 5 refers to the severe data.
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Fig. 3. (a) Key differences between the original CycleGAN and the proposed modifications: version 1 replaces one generator with a motion artifact simulator, while
version 2 incorporates a motion severity regularizer. (b) An overview of the proposed motion correction method using modified CycleGAN (version 2).

motion-free domain, which also undergoes a similar process to compute
the second cycle-consistency loss. An adversarial loss is also computed in
the discriminator D, thereby complementing the overall training pro-
cess.

2.4. Cycle consistency with motion severity regularization

Our motion correction network is based on CycleGAN, which con-
verts images between motion-free domain and motion-corrupted
domain. Central to this framework is the cycle consistency loss, which
ensures that the images transformed from one domain to another and
back retain their original content. This cycle consistency loss function
can be expressed mathematically as follows.

Z 51 (Gr, G2) = Brapye 0 [|G2(G1 (%)) — x][4]
+ Byepaeatn [11G1(G2 () = ¥4 ] @

where G; and G, refer to the two generators that map images between
the motion-corrupted domain and the motion-free domain. Here, x and y

mean motion-corrupted images and motion-free images, respectively.
The term ||-||; denotes the L1 norm, which measures the absolute dif-
ferences between the original and reconstructed images.

In our modified approach, we substitute one of the generators with a
motion artifact simulator, retaining only a pair of generators and dis-
criminators. This results in a revised cycle consistency loss formulation:

Zeye2(G) = Benpe 0 [[ISIM(G(x)) = X[1] + Eyepgoatn [1G(SIM(y)) = ¥ll1],
(2)

where Sim refers to an MR physics-based motion artifact simulator,
which randomly generates artifacts within the conditions specified for
the entire dataset. This formulation ensures that the generated images,
when processed through the simulator, should closely match the original
motion-corrupted images, thereby enforcing consistency between the
domains.

To enhance training stability and improve the accuracy of motion
artifact correction, we incorporate motion severity regularization. This
updated cycle consistency loss is expressed as:
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where ¥ refers to a motion-corrected image generated by G. [ and 1 refer
to estimated motion severity level (in form of one-hot vector from g and
g) and its corresponding severity level, respectively. Unlike the previous

case, G was designed to give y and Tas outputs and Sim refers to an MR
physics-based motion artifact simulator, which takes a motion-free
image and a motion severity level as input. This approach aims to
ensure that the motion severity information is consistently integrated
into the simulation process.

Furthermore, in order to train the motion severity assessment mod-
ule in the generator, a cross-entropy loss was calculated between the
predicted motion severities and the ground-truth motion severities that
were utilized in the generation of the dataset.

5 ~
Jsev(G) == Z li lOg(li)’ @
i=1

where J; and I; refer to it" elements of label and predicted motion severity
level in form of one-hot vectors, respectively. By incorporating these
detailed cycle consistency and motion severity regularization losses, our
model achieves more accurate motion artifact correction and improves
the overall stability of the training process.

2.5. Other loss functions

In this work, we included an identity loss that trains the generator to
generate motion-free images as its output, given motion-free images as
input. It can be written as follows.

Lidgentity(G) = Eyopun) [1GY) — ¥ll1]-

Since there is only one generator and the other generators have been
replaced by model-based simulators, only one identity loss needs to be
calculated. As previously stated, because one generator was replaced

(5)

with a motion artifact simulator based on MR physics, our model in-
cludes only one single generator and discriminator. So, unlike the
original CycleGAN, our model has only one adversarial loss as follows.

< 6aN(G. D) = By, ) [108D(Y)] + Expy 0 [108 (1 —D(G(x))], 6)

where generator G tries to generate the realistic motion-free image while
discriminator D tries to distinguish the fake motion-corrected image
generated by G. Finally, our total loss is:

J(GvD) :JGAN(GvD) + j'identityag)identity(G) + Asevysev(G) + lcchcyCB(G)v
@)

where 4 s are weights of each loss. Our training proceeds in the direction
of solving the following equation:

G = argmGinmglx.?(G, D). (€))

2.6. Implementation

All images used for our training were normalized between 0 and 1.
The A values were determined heuristically by testing multiple config-
urations and selecting the one that produced the best results. The
optimal results were obtained with minimal weighting for the identity
loss (Zigentiry) and motion severity assessment loss (), both set at
Aidentity = 4sev = 1. However, to maintain the balance, the cycle consis-
tency loss (£¢yc3) was assigned a higher weight of 1., = 10, ensuring its
dominant contribution to the total loss and enhancing model perfor-
mance. The model was trained for 150 epochs with batch size of 8,
utilizing learning rate of 0.0002. The selection of 150 epochs was based
on observing the training loss convergence during experimentation.
Beyond this point, no significant improvements were observed in the
validation performance, indicating that the model had effectively
learned the underlying patterns. The Adaptive Moment Estimation
(ADAM) optimizer was utilized with beta value of 0.5, and the expo-
nentialLR scheduler was set with gamma value of 0.9. We selected the
ADAM optimizer for its ability to handle sparse gradients in noisy
problems, making it particularly suitable for training deep learning
models on complex data such as motion-corrupted MRI images. In
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addition, its adaptive learning rate helps to enhance convergence speed
and overall model performance. All training procedures were imple-
mented using the Nvidia RTX A5000.

2.7. Evaluation

Our experimental results can be broadly classified into three key
categories. Firstly, we conducted performance evaluation of our model
on simulated data. Secondly, we compared the performance of our
model with other existing models. Finally, motion correction results
were evaluated using separately acquired in-vivo data. To evaluate
motion artifact correction quantitatively, we utilized evaluation metrics
such as Mean Squared Error (MSE), Structural Similarity Index (SSIM),
and Peak Signal to Noise Ratio (PSNR). It is important to acknowledge
that the three metrics used in this study do not necessarily represent a
definitive measure of motion correction performance. While a higher
value of these indicators may suggest a superior image quality, this is not
always the case. We also included the Feature Similarity Index (FSIM),
which incorporates phase congruency (PC) and gradient magnitude
(GM), both of which are well-suited for assessing image quality in tasks
like MRI motion artifact correction. Specifically, PC captures perceptu-
ally significant local structures, while GM reflects local intensity varia-
tions, providing a robust basis for evaluating image quality (Zhang et al.,
2011). Furthermore, to assess the blur degree in the resultant images, we
employed a no-reference perceptual blur metric, which is an indicator
that suggests an escalation in blur as the metric value augments (Crete
et al., 2007). Additionally, an expert radiologist performed a qualitative
evaluation of the motion-corrected images from both simulated data and
in-vivo tests.

3. Results
3.1. Effect of motion severity regularization

To evaluate the effect of our motion severity regularization, we
compared the performance of three scenarios on the simulated dataset:
1) the original CycleGAN, 2) a model that replaced one generator with a
motion artifact simulator, and 3) a model that included motion severity
regularization term. According to the results presented in Table 2, the
average SSIM of the motion-corrupted simulation dataset was 0.757.
After applying motion correction using the original CycleGAN, the
average SSIM value improved to 0.931. Replacing one generator with a
motion simulator (versionl) slightly enhanced the performance,
resulting in an average SSIM value of 0.942. Our final proposed model,
which included motion severity regularization (version2), demonstrated
the highest average SSIM of 0.961. PSNR showed the same trend as
SSIM, whereas MSE showed the opposite trend. As previously
mentioned, the generator and discriminator were removed one by one,
the number of parameters in versionl was only half that of the original
CycleGAN. However, due to the addition of the motion severity assess-
ment module for motion severity regularization, the number of param-
eters in version2 slightly increased compared to versionl. In conclusion,
the proposed optimized CycleGAN with motion severity regularization

Table 2
Ablation experiments on the impact of motion artifact simulator and motion
severity regularization term compared to the original CycleGAN.

Experiment SSIM PSNR  MSE FSIM #Parameters
()
Corrupted Simulation Data  0.757  31.16  50.14 0.933 -
CycleGAN 0931 31.72 4386 0970 283
CycleGAN with Simulator 0.944 33.49 3111 0975 14.1
(versionl)
CycleGAN with Motion 0.961 35.07 20.32 0975 19.0
Severity Regulaizer
(version2)

Engineering Applications of Artificial Intelligence 142 (2025) 109978

significantly enhances motion artifact reduction, achieving improve-
ments of 20.4%, 4.2%, 12.5%, and 59.5% in terms of SSIM, FSIM, PSNR,
and MSE, respectively, compared to the corrupted simulation data.

Fig. 5 demonstrates a boxplot graph plotting the SSIM values ac-
cording to the severity of motion in five levels. This graph compares the
SSIM values of motion-corrupted data, motion correction results of the
original CycleGAN, and the motion correction results of the proposed
model that includes our suggested regularization. From the graph, it is
evident that the proposed model outperforms the original CycleGAN in
all five levels of motion severity.

Qualitatively, as shown in Fig. 6, it can be asserted that our proposed
optimized CycleGAN version 2 demonstrated the most effective
correction compared to the other models. Although all models appeared
to compensate adequately for grade 1 motion artifacts, a closer exami-
nation of the results reveals a slight difference. The proposed version 2
demonstrated sharper results and more closely resembled the ground-
truth when compared to the original CycleGAN and version 1. As the
severity of motion increased, it became increasingly evident that the
proposed model outperformed the other models in correcting motion
artifacts. Notably, in the case of grade 3 motion severity, the original
CycleGAN demonstrated limited correction, whereas the proposed
model effectively corrected almost all artifacts. However, for grade 4,
which is the most severe, it can be observed that some motion artifacts
remain in the results of the proposed model, albeit to a lesser degree
than the other models. From these results, it can be inferred that the
proposed model outperforms existing models across a broader range of
motion severities.

Fig. 7 displays the confusion matrix that represent the performance
of the motion artifact severity assessment module included into the
proposed model. The accuracy for the total evaluation dataset was
86.1%. As mentioned in the dataset section, the proposed model was
trained on dataset with incomplete labeling. Despite this limitation, the
model demonstrated satisfactory performance.

3.2. Comparison against other models

To assess the performance of the proposed model, a comparative
analysis was conducted against traditional methods, including Free-
Surfer and Functional MRI of the Brain (FMRIB) Software Library (FSL),
as well as deep learning-based motion correction models, such as MARC,
Cycle-MedGAN, stacked U-Nets, UDDN, and pix2pix networks (Al-masni
et al., 2022; Armanious et al., 2019; Isola et al., 2017; Tamada et al.,
2020; Wu et al., 2023). The results demonstrate a significant improve-
ment of our proposed model compared to the traditional methods, as
illustrated in Fig. 8. This may be attributed to the fact that methods like
FreeSurfer and FSL rely on predefined assumptions and rigid algorithms,
which lack adaptability to diverse motion artifact patterns. As afore-
mentioned, MARC is a supervised learning model that based on a con-
ventional CNN for motion correction, while Cycle-MedGAN is an
unsupervised learning model based on CycleGAN. All models were
trained using the same dataset and their performances were evaluated
through qualitative and quantitative comparisons, which are presented
in Fig. 9 and Table 3, respectively. The proposed model shows better
correction results than the unsupervised learning Cycle-MedGAN model,
but it is slightly inferior to the supervised learning MARC model. The
results of the quantitative analysis showed that MARC achieved the
highest average SSIM and PSNR scores, likely due to its supervised
learning approach with a paired dataset. However, the quantitative
values were not much different from our proposed method (SSIM: 0.969
vs.0.961). Conversely, Cycle-MedGAN exhibited the poorest perfor-
mance across all quantitative metrics. The observed difference in
quantitative performance between Cycle-MedGAN and the proposed
model, which also employs unsupervised learning, can be attributed to
the motion severity regularization term, which enables the proposed
model to cover a broader range of motion severities. The results show
that while the UDDN model produces noticeably blurred images after
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Fig. 5. Boxplot of SSIM values across five motion severity levels, comparing the performance of the proposed model with the original CycleGAN.

motion correction compared to the proposed method, the pix2pix
network exhibited the worst blurring, with a blurring index of 0.631.
This is further reflected in its FSIM score, indicating the lowest image
quality even after artifact correction. In contrast, the proposed Cycle-
GAN with Motion Severity Regularizer (version 2) achieves higher FSIM
score of 0.975 compared to other methods, consistently improving
motion correction performance over motion-corrupted images. These
findings highlight the reliability and consistency of our method across
different evaluation metrics.

Qualitatively, the comparison between MARC and the proposed
model revealed an interesting observation. Despite MARC’s superior
quantitative indicators (SSIM, PSNR, MSE), the proposed model
demonstrated better qualitative outcomes, as demonstrated in Fig. 9.
Although the MARC model effectively corrects motion artifacts, the ra-
diologist’s evaluation noted increased image blurring and a plastic-like
texture compared to the proposed method. This can be confirmed from
the values of the blur metric introduced earlier. As evident from Table 3,
the highest blur metric value was found to be associated with MARC,
thereby further supporting our analysis.

3.3. In-vivo results

This section presents the motion correction results obtained from in-
vivo data with real motion artifacts, rather than simulated motion ar-
tifacts. As mentioned in the dataset section, actual motion corrupted T1
MPRAGE data from five subjects were obtained. In addition, no-motion

images from the same subjects were additionally acquired and used as
reference images. The results of processing the in-vivo images through
the proposed trained model are displayed in Fig. 10. Since the reference
image is a rescanned image, there are cases where the slice number and
the position or angle of the brain in the image are slightly different, but it
can be seen that the proposed model corrects the real motion artifact.
Furthermore, the proposed model demonstrated the ability to predict
the grade of actual motion severity, with results that closely matched
those assessed by visual inspection.

Fig. 11 shows the results of correcting motion artifacts in-vivo with
the proposed model in three domains. Despite the model’s training being
confined to a 2D axial domain dataset, it is observed that the model is
capable of effectively mitigating motion artifacts in images across the
other two domains as well. However, in the sagittal and coronal do-
mains, the presence of slight horizontal lines attributable to slice dis-
crepancies in the axial direction is visible. This may represent a potential
limitation of the present study. Despite this limitation, the radiologist’s
assessment indicated that the motion-corrected images enhanced
anatomical and pathological interpretation.

4. Discussion

In this paper, we introduce an unsupervised motion correction
method utilizing regularized cycle consistency, specifically designed to
address motion severity. While various models based on CycleGAN have
been explored for unsupervised learning in motion artifact correction,
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Fig. 6. Qualitative evaluation of various model versions across different motion levels using motion-simulated data.

they encountered notable challenges. Firstly, the generators tasked with
synthesizing motion artifacts often struggled to produce realistic results,
hampering training stability and overall progress. Secondly, an inherent
ill-posedness arose due to the lack of one-to-one correspondence be-
tween images from motion-free and motion-corrupted domains.

To address these challenges, our proposed approach involved
replacing one generator of CycleGAN with a physics-based motion
artifact simulator and integrating a regularization term based on motion
severity prior. This modification not only reduces the model’s overall
training complexity by decreasing the number of learnable parameters

but also enhances the stability of cycle-consistency loss calculation.
Our proposed model exhibited superior quantitative and qualitative
performance compared to the original CycleGAN and other existing
unsupervised learning models for motion artifact correction. While it
may yield slightly lower quantitative metrics compared to supervised
learning models, it consistently generated clearer structural detail im-
ages. Specifically, our model achieved an SSIM of 0.961, an FSIM of
0.975, and an MSE of 20.32, outperforming the unsupervised CycleGAN
with 0.931, 0.970, and 43.86, respectively, as well as Cycle-MedGAN
with 0.941, 0.970, and 41.92. Additionally, our method yielded
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Fig. 7. Confusion matrix for motion severity assessment using the pro-
posed model.

comparable quantitative results to supervised models, such as MARC,
with a slight reduction in performance (SSIM of 0.961 vs. 0.969 and MSE
of 20.32 vs. 20.11). However, our approach demonstrated a notable
improvement in terms of the blurring index and FSIM, achieving 0.578
and 0.975 compared to 0.605 and 0.974 for MARC, respectively.
Moreover, unlike other models whose performance deteriorated with
widening motion severity ranges in the training dataset, our model
maintained robust performance across all severity grades, demon-
strating its effectiveness in handling variations in motion artifacts. In
general, the proposed model demonstrates superior motion correction
compared to other methods, attributed to the integration of an MR-
physics-based motion artifact simulator. This approach enhances the
cycle consistency loss by incorporating two additional modules:
replacing one generator with the simulator and estimating motion
artifact parameters during network training, thereby improving artifact

Motion

corrupted FreeSurfer

SSIM
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correction.

The enhanced performance of our proposed model can be attributed
to the integration of motion severity regularization, facilitating more
accurate calculation of cycle consistency loss. Another perspective to
consider is from the neural network standpoint, where the provision of
additional motion severity information assisted in determining optimal
correction parameters, leading to improved outcomes. This approach
presented a robust and effective solution for MRI motion artifact
correction, emphasizing the potential advantages of integrating sup-
plementary data into deep learning models.

Moreover, our proposed model offered a unique advantage by
simultaneously performing both motion correction and motion severity
assessment. This dual functionality provided several clinical benefits,
including reduced processing time, enhanced efficiency, and the ability
to optimize correction outcomes based on real-time motion severity
assessment.

The imaging dataset in this study was acquired from clinical pedi-
atric patients from a clinical scanner. Therefore, all scans underwent
acceleration (acceleration factor ranging from 2 to 3, depending on scan
time). While accelerated imaging can help reduce motion artifacts by
shortening acquisition times, pediatric patients are still prone to sig-
nificant motion during scans. As a validation, we assessed the perfor-
mance on both simulated corrupted data and real motion artifacts from
in-vivo subjects. Our proposed optimized CycleGAN version 2 out-
performed the original CycleGAN and MedGAN, and surpassed the su-
pervised learning MARC method in blurriness metrics. Furthermore,
expert radiologist has evaluated the performance of the proposed model,
along with other state-of-the-art models, including Cycle-MedGAN and
MARC. In Fig. 9, it is evident that the proposed model outperforms
Cycle-MedGAN in terms of motion artifact correction. Although the
supervised learning model, MARC, shows a similar level of motion
artifact correction as the proposed model, it shows image blurring when
compared to the proposed model. However, it is important to note that
all proposed models exhibit slightly different gyration patterns
compared to the ground-truth motion-free image. Fig. 10 illustrates the
motion-corrected images obtained using the proposed model, demon-
strating the effective elimination of motion artifacts. Nevertheless, upon
comparison with the reference rescanned images, mild image blurring is
observed. Fig. 11 displays coronal and sagittal reformatted images

Proposed Ground-Truth

1.000

Fig. 8. Comparing the proposed model against traditional methods (FreeSurfer and FSL) for MRI motion artifact correction.
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Fig. 9. Qualitative comparison of the proposed model with existing motion correction methods using motion-simulated data.

Table 3

Quantitative comparison against existing motion correction models.
Experiment SSIM PSNR  MSE FSIM Blur

Index

Corrupted Simulation Data 0.757  31.16 50.14 0933 -
pix2pix network (implemented) 0.808 29.55 46.13 0.927 0.631
UDDN (implemented) 0.849 31.41 41.03 0.952  0.608
Stacked U-Net (implemented) 0.902 33.05 37.31 0.964  0.583
Cycle-MedGAN (implemented) 0.941 33.12 4192 0970 0.584
MARC (implemented) 0.969 3535 20.11 0.974  0.605
CycleGAN with Motion Severity 0.961 35.07 2032 0975 0.578

Regularizer (version2)

revealing stair-step artifacts, a consequence of the proposed model being
trained on a 2D axial image dataset. However, despite this limitation,
the image quality of the reformatted images produced by the proposed
model surpasses that of the motion-corrupted images.

During the in-vivo testing, we noted several restrictions. Our model
operates in the 2D axial plane, and when these 2D motion-corrected
slices are stacked to generate a 3D volume, interslice dependencies or
stair-step artifacts can appear in the coronal and sagittal views. Another
restriction is the lack of ground-truth rescan data without motion, which
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complicates the evaluation of our model’s performance. Additionally,
variations in motion artifacts, different imaging conditions, and scan-
ning trajectories also introduce challenges to our proposed method for
in-vivo testing.

This study has several limitations that need to be addressed in future
research endeavors. Firstly, the proposed model was specifically
designed to address certain types of motion artifacts. The motion
severity regularization employed in our model relied on a motion arti-
fact simulator, which can effectively handle only certain types of motion
artifacts (specifically, 2D rigid and sudden motion artifacts in this
study). Therefore, the range of motion artifacts that can be corrected is
limited by the capability of the motion artifact simulator that has
replaced the generator. To mitigate this limitation, future studies could
explore the incorporation of additional information, such as a prior for
motion artifact types like continuous and periodic motions.

The second limitation of this study pertains to the incomplete la-
beling of motion grades. Manually assessing motion severity ratings for a
dataset comprising nearly 20,000 slices was practically unfeasible.
Although we applied minimum conditions, such as defining the range of
motion frequency and intensity, to each grade during dataset simula-
tion, the simulation process was conducted randomly within these
ranges. As a result, there was overlap in data between adjacent grades,
potentially compromising the accuracy of motion severity assessment.
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Fig. 10. Results of the proposed method applied to real motion in-vivo data. Reference images are rescanned images of the same subjects.

This study was conducted using simulations of rigid and sudden
motion. However, incorporating non-rigid motion would introduce
additional complexity and might necessitate a registration procedure
before network training. Recent advancements in image translation
techniques for handling misaligned training data could provide poten-
tial solutions for these challenges in future developments.

Nevertheless, this study presented a novel unsupervised learning
model for MRI motion artifact correction, demonstrating superior per-
formance compared to existing models while also enabling motion
severity assessment. By overcoming limitations observed in traditional
CycleGAN models, such as training instability and limited capability to
handle diverse motion artifacts, our proposed model presented a more
robust and effective approach to motion correction. Furthermore, the
framework employed in this study, which involved replacing one of the
generators in CycleGAN with a non-learnable model in the inverse di-
rection, held promise for broader applicability beyond MRI motion
correction. Thus, the findings of this study are expected to not only
contribute to improving the efficacy of motion artifact correction in MRI
but also provide a foundation for further research across various fields.

5. Conclusion

In this study, we present a novel unsupervised motion artifacts
correction and assessment method using regularized cycle-consistency
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as severity. Notably, several shortcomings inherent in CycleGAN-based
motion correction methodologies, such as ill-posed problems, were
overcome by using a physics-based simulator and motion severity prior.
The proposed model generally outperformed existing motion artifact
correction models, suggesting the potential for further enhancements to
our unsupervised learning model for MRI motion artifact correction. In
addition, it was suggested that the proposed unsupervised learning
model for motion artifact correction in MRI has potential for further
improvements. One possible direction is using other types of regulari-
zation terms in addition to motion severity. Moreover, the framework
used in this study, which replaces one of the generators in CycleGAN
with a non-learnable model in the inverse direction, may be applicable
to other fields beyond MRI motion correction. Therefore, the results of
this study are expected to not only contribute to improving the perfor-
mance of motion artifact correction in MRI, but also provide a founda-
tion for further research in various fields.
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