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Abstract

Motion artifacts present in magnetic resonance imaging
(MRI) can seriously interfere with clinical diagnosis. Remov-
ing motion artifacts is a straightforward solution and has been
extensively studied. However, paired data are still heavily
relied on in recent works and the perturbations in k-space
(frequency domain) are not well considered, which limits
their applications in the clinical field. To address these is-
sues, we propose a novel unsupervised purification method
which leverages pixel-frequency information of noisy MRI
images to guide a pre-trained diffusion model to recover clean
MRI images. Specifically, considering that motion artifacts
are mainly concentrated in high-frequency components in k-
space, we utilize the low-frequency components as the guide
to ensure correct tissue textures. Additionally, given that
high-frequency and pixel information are helpful for recov-
ering shape and detail textures, we design alternate comple-
mentary masks to simultaneously destroy the artifact struc-
ture and exploit useful information. Quantitative experiments
are performed on datasets from different tissues and show that
our method achieves superior performance on several met-
rics. Qualitative evaluations with radiologists also show that
our method provides better clinical feedback.

Code — https://github.com/medcx/PFAD

Introduction
Magnetic resonance imaging (MRI) is a non-invasive medi-
cal imaging technique and has been widely used in clinical
diagnostics. However, it usually requires extended acquisi-
tion time (Zaitsev, Maclaren, and Herbst 2015) and some pa-
tients (e.g., elderly or those with conditions such as claustro-
phobia and epilepsy (Chen 1990)) may experience motions
due to discomfort during the long scanning duration. These
motions may destroy the k-space (aka frequency domain)
signal distribution of MRI, leading to motion artifacts and
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Figure 1: Schematic of our research problem and solution.
During the MRI imaging process, motion artifacts are pro-
duced due to the patient’s motion. Removing artifacts via a
diffusion model and alternate masks in pixel-frequency do-
main can help radiologists make better diagnosis.

thus seriously interfering with clinical diagnosis and treat-
ment. Therefore, we need to explore how to effectively alle-
viate the affects of motion artifacts.

Several approaches have been proposed to solve this prob-
lem (Hu et al. 2024b,a). They can be classified into prospec-
tive motion artifact prevention and retrospective motion ar-
tifact removal. For the former, researchers aim to preemp-
tively avoid motion artifacts by tracking the motion (Schulz
et al. 2012; Zaitsev et al. 2006), such as modifying imag-
ing sequences and parameters (Cruz et al. 2016; Vasanawala
et al. 2010b; Cruz et al. 2017). But this strategy often entails
additional equipment or prolonged scanning times, resulting
in higher costs. For the latter, researchers use compressed
sensing to iteratively correct motion artifacts (Vasanawala
et al. 2010a; Yang, Zhang, and Xie 2013; Küstner et al. 2017;
Hansen et al. 2012). However, these approaches typically re-
quire raw k-space data which poses a data barrier to effec-
tively building models. Additionally, traditional approaches
usually require paired data for training (Isola et al. 2017;
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Tamada et al. 2020), but paired data is hard and costly to
obtain due to changed tissue positioning at rescanning.

Recently, denoising diffusion probabilistic model
(DDPM) have demonstrated outstanding performance in
the field of image generation (Song, Meng, and Ermon
2020; Ho and Salimans 2022). It has been verified that
incorporating guidance such as images (Rombach et al.
2022; Saharia et al. 2022a) or texts (Nichol et al. 2021;
Ramesh et al. 2022; Saharia et al. 2022b; Si et al. 2023;
Zhang, Rao, and Agrawala 2023) during the inference
process of DDPM can facilitate the generation of desired
images tailored to specific requirements. However, despite
the excellent ability of diffusion-based approaches to
purify or reconstruct natural images, the performance in
motion artifacts removal of MRI images is still limited.
This is because motion artifacts exist in k-space whereas
only pixel-domain information is of interest during their
purification process.

To address above issues, as shown in Figure 1, we pro-
pose a method called PFAD, which removes motion artifacts
in Pixel-Frequency domain via Alternate masks and Diffu-
sion model. Specifically, we first pre-train a diffusion model
using unpaired clean images to fit the distribution of MRI
data without motion artifacts. Secondly, we extract the low-
frequency information of the input noisy images to guide
the generation of clean images with correct tissue textures.
Then, given that high-frequency and pixel information are
helpful for recovering shape and detail textures, we con-
struct alternate masks for the high-frequency/pixel compo-
nents and generated image in the inference process to de-
stroy the artifact structure and preserve partial useful infor-
mation for recovering. The masks are flipped at each reverse
step to alternatively cover all image areas. Following this,
we introduce a parameter that changes with diffusion time
to further disrupt the distribution of artifacts. Experimental
results show that this parameter plays a crucial role in im-
proving the quality of recovered images. Finally, we design
a hyperparameter to balance the recovered signals from fre-
quency and pixel domains to obtain best clean images.

The main contributions are summarized as follows:

• An unsupervised method is proposed for motion artifact
removal, which jointly leverages the frequency and pixel
information of MRI images to purify noisy images with-
out requesting paired clean data.

• We construct alternate complementary masks for high-
frequency and pixel components in the reverse process to
effectively destroy the artifact structure while retaining
useful information for recovering clean signals.

• We design two parameters to dynamically adjust the ra-
tio of guidance from the noisy and generated images, and
trade off the recovered signals from the pixel and fre-
quency domains, respectively, to simultaneously promote
artifact removal and image quality.

• Quantitative and qualitative experiments are conducted
on multiple datasets with different tissues, which demon-
strates the of our method in metrics and clinical assess-
ment. Ablation studies are performed to validate the ef-
fectiveness of each module in our method.

Related Work
MRI Motion Artifacts
The previous work (Budde et al. 2014) noted that during the
encoding in MRI images, patients’ movements can cause er-
rors in k-space along specific phase encoding lines, resulting
in blurring or ghosting. Therefore, refer to (Oh et al. 2023),
we adopt a lenient assumption that the motion artifacts in
MRI images predominantly manifest in the high-frequency
region along the phase encoding lines. It is due to the fact
that k-space data acquisition usually starts from the centre
region, during which the patient usually does not not move
spontaneously. It is only after a period of time does the pa-
tient move, resulting in perturbation of phase information in
the high frequency region. Consequently, our focus lies on
removing artifacts in the high-frequency region, and set it to
be greater than π/10 (Oh et al. 2023).

Motion Artifact Removal
Motion artifacts can significantly disrupt clinical diagnosis
and treatment. With the rapid development of deep learning,
self-supervised convolutional neural networks have gradu-
ally been applied to motion artifact removal in MRI images.

Researchers used GAN-based approaches, such as
Pix2pix (Isola et al. 2017), CycleGAN (Zhu et al. 2017),
CycleMedGAN-V2.0 (Armanious et al. 2020) and stochas-
tic degradation block (Chung et al. 2021) to remove arti-
facts. However, in reality, the distribution of motion artifacts
is variable due to changes in motion forms, so these methods
are difficult to cope with complex clinical scenario. Thus,
researchers tried to recover images using diffusion models
such as DR2 (Wang et al. 2023) and GDP (Fei et al. 2023).

The above approaches are difficult to apply in the clinical
diagnosis due to the neglect of k-space phase perturbations.
Therefore, researchers proposed UDDN (Wu et al. 2023) to
remove motion artifacts in frequency domain. Meanwhile,
(Oh et al. 2023) used the score-based diffusion model to per-
form the recovery using measured k-space values. Noting
that most previous works are based on GANs and remove
artifacts only in pixel domain, we propose a novel method
based on DDPM in pixel-frequency domain.

Methodology
Preliminary
Notice We use lower-case letters x to denote the image.
Moreover, we use t to represent the timestep that the dif-
fusion model is going through and T to represent the to-
tal number of timesteps, with t ∈ {1, . . . , T}. We use
N (·;µ, σ2I) to denote a variable that obeys a Gaussian dis-
tribution with mean µ and variance matrix σ2. We denote a
diffusion model by Dθ, where θ is its model parameters. We
use F to represent the Fourier transform, F−1 to represent
the inverse Fourier transform, and Φl and Φh to represent
a pair of complementary ideal low-pass filter and high-pass
filter with the cutoff frequency of π/10. We use | · | to rep-
resent the modulo value operation and ⊙ to represent the
Hadamard product.
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Diffusion Model The diffusion model is a kind of gen-
erative model (Ho, Jain, and Abbeel 2020; Dhariwal and
Nichol 2021; Song, Meng, and Ermon 2020; Saharia et al.
2022a; Rombach et al. 2022). Specifically, given an image
x0, the forward process gradually adds noise to obtain x1,
x2, . . . , xT . This is represented as follows,

q(xt|xt−1) = N
(
xt;

√
1− βtxt−1, βtI

)
, (1)

where βt ∈ {β1, . . . , βT } represents a variable that grows
linearly with the timesteps. I is the identity matrix.

At the same time, we can also get the reverse process,

pθ(xt−1|xt) = N
(
xt−1;µθ(xt, t), σ

2
t I

)
, (2)

where µθ denotes a trainable neural network, σ2
t is always

set as constants, and the iteration starts from xT ∼ N (0, I).
To train the neural network, we can obtain the optimiza-

tion objective as follows,

Ldiff = Ex0,ϵ∼N (0,I)

[
∥ϵ− ϵθ(

√
ᾱtx0 +

√
1− ᾱtϵ, t)∥2

]
,

(3)
where ϵθ denotes the noise prediction network based on U-
Net (Ronneberger, Fischer, and Brox 2015) with parameter
θ and ᾱt =

∏t
i=1(1− βi).

Motion Artifact Removal with PFAD
In this section we will introduce the principle and process
of PFAD. The framework is shown in Figure 2. Firstly, we
introduce how to use alternate complementary masks in fre-
quency domain and pixel domain, respectively. Secondly, we
introduce how to create alternate complementary masks. Fi-
nally, we design a hyperparameter to balance the weights of
the frequency domain and pixel domain. The details of the
overall process are presented in Algorithm 1.

Frequency Domain Removal We first focus on motion
artifact removal in frequency domain as shown in Figure 2.

Firstly, we extract the low-frequency information from the
xori for subsequent information reorganization,

Φl(fx′
t−1

) = Φl(fxori
), (4)

where f denotes the frequency information of the image,
xori denotes the motion-corrupted image and x′ is the reor-
ganised image of frequency domain.

After that, we apply the alternate complementary masks
in the high-frequency region,

Φh(fx′
t−1

) = Φh(fxori
)⊙Mt +Φh(fxt−1

)⊙ (1−Mt) ,

(5)
where Mt is the alternate complementary masks, which will
be introduced later.

By combining the reorganised high-frequency informa-
tion with the original low-frequency information, we can ob-
tain the reorganised image, as follows,

x′
t−1 =

∣∣∣F−1
(
Φh(fx′

t−1
) + Φl(fx′

t−1
)
) ∣∣∣. (6)

Algorithm 1: PFAD for motion artifact removal

Input: xori, xT ∼ N (0, I), Φh, Φl, a, Dθ , {ᾱi}T1 , {mj}T1 .
Output: The motion-free image x̃0.
1: for i = T to 1 do
2: xi−1 ← Dθ(xi)
3: ωi ← 1−

√
ᾱi

4: Mi ← ωi ·mi

5: Φl(fx′
i−1

)← Φl(fxori)

6: Φh(fx′
i−1

)← Φh(fxori)⊙Mi +Φh(fxi−1)⊙ (1−Mi)

7: x′
i−1 ← |F−1(Φh(fx′

i−1
) + Φl(fx′

i−1
))| ▷ Frequency

domain
8: ϵ ∼ N (0, I)

9: xfor
i−1 ←

√
ᾱi · xori +

√
1− ᾱi · ϵ

10: x′′
i−1 ← xfor

i−1 ⊙Mi + xi−1 ⊙ (1−Mi) ▷ Pixel domain

11: γi ← −a · e−
i
T + 1

12: x̃i−1 ← γi · x′
i−1 + (1− γi) · x′′

i−1 ▷ Dual domain balance
13: xi−1 ← x̃i−1

14: end for
15: return x̃0

Pixel Domain Removal Focusing only on the recovery of
high-frequency details while ignoring low-frequency infor-
mation will result in an overall lack of naturalness in the
image. In order to improve the naturalness of the image and
further reduce artifacts, we also perform motion artifact re-
moval in the pixel domain. At the same time, pixel domain
removal can also deal with the slight phase loss caused by
the modulo value operation in frequency domain removal.

As shown in Figure 2, unlike motion artifact removal in
frequency domain, we replace the guidance information xori

with xfor
t−1 of the forward process. Employing this method in

pixel domain allows for better utilization of the inherent gen-
eration capability of the diffusion model, resulting in clearer
images (Lugmayr et al. 2022). The expression is as follows,

x′′
t−1 = xfor

t−1 ⊙Mt + xt−1 ⊙ (1−Mt), (7)

where x′′ is the reorganised image of pixel domain and xfor

denotes the image of the forward process.

Alternate Complementary Masks Using masks can de-
stroy the artifact distribution while retaining part of the use-
ful information. In previous research, the mask used in dif-
fusion models was fixed (Lugmayr et al. 2022). However,
in our method, masks are flipped at each reverse step to al-
ternatively cover all image areas throughout the process, as
shown in Figure 3, which is expressed as follows,

mt−1 = 1−mt. (8)

During the reverse process, although the alternate comple-
mentary masks destroy artifact distribution, the motion arti-
fact information retained by the mask still seriously affect
the diffusion model in later stages. Therefore, we introduce
a variable to fine-tune the weighting of the masks, aiming to
alleviate this influence.

Mt = ωt ·mt, (9)

where ωt = 1−
√
ᾱt which is an intrinsic variable of DDPM.
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Figure 2: The framework of PFAD. The green area is the artifact removal process in frequency domain. This process is guided
by the low-frequency information and part of the high-frequency information of the motion-corrupted image, and uses the
diffusion model to generate another part of clean high-frequency information. The yellow area is the pixel domain artifact
removal process, which is guided by the partial image information of the forward process. After combining the both domains
results, the clean image is finally generated iteratively.

In (9), as time t gradually decreases from T , ωt converges
from 1 to 0. This shows that in the initial stage of the reverse
process, the model gradually generates the correct shape and
textures by useful information. Additionally, as the reorgan-
ised image still contains a amount of Gaussian noise at this
stage, the influence of motion artifacts can be disregarded.
In the later stages, motion artifacts can seriously interfere
with the diffusion model. Considering that the generated im-
age already has correct shape and textures at this stage, the
model is no longer completely dependent on the guidance
of the useful information, so we reduce the value of ωt to
mitigate the interference of motion artifacts.

Dual Domain Balance In order to remove motion artifacts
while ensuring visual clarity and naturalness of the images,
we introduce a parameter γt that varies with the diffusion
step t,

γt = −a · e− t
T + 1, (10)

where a is a tunable hyperparameter ranging from 0 to 1.
γt is approximately equal to 1 when t = T . As t gradually
decreases, γt gradually approaches 1− a.

We use γt to balance the recovered images between the
frequency domain and pixel domain, as follows:

x̃t−1 = γt · x′
t−1 + (1− γt) · x′′

t−1, (11)

where x̃ is the final reorganised image.
According to the definition of γt, in the initial stages of the

reverse process, we focus more on recovering information

⋅⋅⋅⋅⋅⋅𝑇𝑇 𝑇𝑇 − 1 2 1
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𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀
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1− 𝑚𝑚𝑡𝑡

Figure 3: Alternate complementary masks. In each iteration,
the complementary masks are alternately transformed to en-
sure artifact removal for the entire image.

in frequency domain to make the reorganised image contain
more tissue textures. As t gradually decreases, we gradu-
ally increase the proportion of information from the pixel
domain, aiming to achieve a dual objective of balancing ar-
tifact removal and visual clarity.

Implementation Details
Experimental Datasets
We utilize two public datasets and one private dataset for the
evaluation and validation of PFAD. The first dataset is the
Human Connectome Project (HCP) data (Van Essen et al.
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(a) (b) (c) (d) (e) (h)(g)27.78/0.741 28.19/0.861 26.62/0.747 27.80/0.856 28.58/0.828 27.94/0.792 29.80/0.867(f) Inf/1.000

27.49/0.716 25.34/0.840 26.45/0.745 24,44/0.831 28.21/0.812 27.48/0.775 28.89/0.845 Inf/1.000

Figure 4: Comparison of results on simulated brain images: (a) Artifact images, (b) Pix2pix, (c) CycleGAN, (d) UDDN, (e)
DR2, (f) GDP, (g) PFAD (ours), and (h) the ground-truth. PSNR and SSIM values of each image are shown in the corner
of images. The yellow box indicates the zoomed-in visualization area, and the blue box represents the difference heatmap
compared to the ground truth. The color ranges from blue to red, indicating differences from small to large, with deeper colors
representing smaller differences.

Dataset Methods PSNR ↑ SSIM ↑ Lpips ↓ FSIM ↑ VIF ↑ VSI ↑ GMSD ↓

Brain
Random

Input 25.97∗∗ 0.685∗∗ 0.349∗∗ 0.812∗∗ 0.295∗∗ 0.945∗∗ 0.114∗∗

Pix2pix 26.76∗∗ 0.841 0.151∗∗ 0.882∗∗ 0.392∗∗ 0.966∗∗ 0.065∗∗

CycleGAN 25.94∗∗ 0.719∗∗ 0.277∗∗ 0.846∗∗ 0.338∗∗ 0.955∗∗ 0.091∗∗

UDDN 26.07∗∗ 0.823∗∗ 0.163∗∗ 0.879∗∗ 0.372∗∗ 0.965∗∗ 0.065∗∗

DR2 26.60∗∗ 0.780∗∗ 0.174∗∗ 0.859∗∗ 0.372∗∗ 0.960∗∗ 0.083∗∗

GDP 26.08∗∗ 0.739∗∗ 0.193∗∗ 0.847∗∗ 0.313∗∗ 0.957∗∗ 0.092∗∗

PFAD (ours) 27.60 0.829 0.147 0.896 0.426 0.970 0.061

Knee
Random

Input 29.05∗∗ 0.660∗∗ 0.340∗∗ 0.846∗∗ 0.266∗∗ 0.965∗∗ 0.110∗∗

Pix2pix 29.37∗∗ 0.705∗ 0.279∗∗ 0.861∗∗ 0.296∗∗ 0.970∗∗ 0.085∗∗

CycleGAN 27.34∗∗ 0.663∗∗ 0.289∗∗ 0.849∗∗ 0.276∗∗ 0.967∗∗ 0.095∗∗

UDDN 28.50∗∗ 0.653∗∗ 0.270∗∗ 0.852∗∗ 0.274∗∗ 0.967∗∗ 0.089∗∗

DR2 29.23∗∗ 0.686∗∗ 0.333∗∗ 0.835∗∗ 0.300∗∗ 0.964∗∗ 0.101∗∗

GDP 28.08∗∗ 0.599∗∗ 0.285∗∗ 0.840∗∗ 0.213∗∗ 0.966∗∗ 0.104∗∗

PFAD (ours) 29.64 0.712 0.220 0.869 0.314 0.972 0.080

Abdominal
Respiratory

Input 35.37∗∗ 0.816∗∗ 0.234∗∗ 0.944∗∗ 0.441∗∗ 0.986∗∗ 0.064∗∗

Pix2pix 36.14∗∗ 0.902∗∗ 0.147∗∗ 0.955∗∗ 0.481∗∗ 0.988∗∗ 0.058∗∗

CycleGAN 34.68∗∗ 0.902∗∗ 0.136∗∗ 0.949∗∗ 0.468∗∗ 0.986∗∗ 0.067∗∗

UDDN 35.14∗∗ 0.896∗∗ 0.117∗∗ 0.951∗∗ 0.473∗∗ 0.986∗∗ 0.066∗∗

DR2 34.37∗∗ 0.794∗∗ 0.168∗∗ 0.933∗∗ 0.389∗∗ 0.983∗∗ 0.076∗∗

GDP 33.41∗∗ 0.760∗∗ 0.220∗∗ 0.919∗∗ 0.320∗∗ 0.981∗∗ 0.083∗∗

PFAD (ours) 37.24 0.918 0.103 0.962 0.544 0.990 0.051

Table 1: Quantitative comparison of different methods on simulated images. The values in the table represent the average
values for the entire test dataset. Bold represents the best and underlined represents the second best. All results underwent
Mann-Whitney U test, (∗) indicates p ≤ 0.05, and (∗∗) indicates p ≤ 0.01.

2012), which is a dataset containing MRI data of the hu-
man brain, and the second dataset is the knee MRI data
from fastMRI (Zbontar et al. 2018). The third dataset is the
T2-weighted abdominal images from Department of Radi-
ology, Xiangyang No. 1 People’s Hospital, Hubei Univer-
sity of Medicine. The institutional review board approved
this study (XYYYE20240082). The more information about
above datasets and the simulation of motion artifacts are
shown in supplementary material A.1 and A.2.

Comparison Approaches
We select three classes of approaches for comparison. The
first is supervised approach, Pix2pix (Isola et al. 2017),
which uses paired images for training. The second is un-
supervised approaches, CycleGAN (Zhu et al. 2017) and
UDDN (Wu et al. 2023), we only use simulated motion-
corrupted images for training, as training with real images
often leads to unstable training (Oh et al. 2023). The third
is unsupervised approaches based on diffusion model, DR2

8882



(a) (b) (c) (e)(d) (g)(f)Real Pix2pix CycleGAN UDDN DR2 GDP PFAD

Figure 5: Comparison of results on real images: (a) Images with real motion artifacts, (b) Pix2pix, (c) CycleGAN, (d) UDDN, (e)
DR2, (f) GDP, (g) PFAD (ours). The first and third rows show the artifact images in different regions of the abdominal cavity,
respectively. And the second and fourth rows show the zoomed-in artifact regions for the first and third rows, respectively.
Yellow arrow indicates the location of the artifact, while red arrow points to the area with severe texture deformation.

(Wang et al. 2023) and GDP (Fei et al. 2023), both are novel
approaches for image recovery. The training parameters are
set according to the parameters specified in the original pa-
pers, respectively. More information on training and evalua-
tion settings can be found in supplementary material A.3.

Experimental Results
Quantitative Evaluation of Simulated Images
Figure 4 shows the results of various methods for artifact re-
moval on the brain simulated images. The input image con-
tains simulated random motion artifacts (Figure 4(a)).

Pix2pix introduces significant deformation in some areas,
and its unstable performance leads to a significant decrease
in PSNR values for some images as shown in Figure 4(b).
CycleGAN fails to effectively remove artifacts and results
in blurring (Figure 4(c)). UDDN fails to maintain the cor-
rect tissue textures (Figure 4(d)). DR2 tends to mistakenly
remove texture details of the brain images, leading to overly
smooth images (Figure 4(e)). GDP misinterprets some ar-
tifacts as brain structures, resulting in images that contain
many artifact-like tissue textures (Figure 4(e)). In contrast,
our method effectively removes artifacts while maintain-
ing correct tissue textures (Figure 4(g)). Additionally, our
method obtains better quantitative metric values.

We also remove artifacts on knee and abdominal MRI im-
ages. As shown in Figure 6 and 7 in supplementary mate-
rial B.1, Figure 6(a) and 7(a) shows the knee images and
abdominal images with simulated motion artifacts, respec-
tively. Pix2pix introduces weak ripple-like artifacts (Fig-
ure 6(b) and 7(b)). Furthermore, CycleGAN significantly
changes the contrast of the images (Figure 6(c) and 7(c)),
and UDDN fails to remove artifacts (Figure 6(d) and and

7(d)). DR2 and GDP still have corresponding issues: DR2
makes images overly smooth (Figure 6(e) and 7(e)), and
GDP generates images with artifact-like tissue textures (Fig-
ure 6(f) and 7(f)). In contrast, our method successfully cor-
rects the artifacts and obtains better quantitative metric val-
ues as shown in Figure 6(g) and 7(g).

Table 1 shows the average values of the quantitative
metrics. In the knee and abdominal simulated images, our
method achieves the highest values across all evaluation
metrics. In the brain simulated images, our method is op-
timal on most metrics, but is lower than Pix2pix on SSIM.
This is because Pix2pix is a supervised approach with paired
data. However, as shown in Figure 4, Figure 6 and Figure 7,
we find that the performance of Pix2pix is unstable, which
results in blurry images and still contains artifacts. Although
some metrics of our method are lower than Pix2pix, our
method can better remove motion artifacts and recover fine
details when processing simulated images.

Qualitative Evaluation of Real Clinical Images
Next, we validate our method on real clinical T2-weighted
images. Figure 5(a) shows the results. For the supervised
approach, Pix2pix causes distortion of normal tissue struc-
tures, such as intrahepatic bile ducts and branches of the
hepatic veins as shown in Figure 7(b). For the unsupervised
approaches, CycleGAN fails to remove motion artifacts and
even makes them worse (Figure 7(c)). Similarly, UDDN is
able to deal with weak motion artifacts, but not severe ar-
tifacts as shown in Figure 7(d). For the diffusion-based ap-
proaches, DR2 causes the image to be smooth when remov-
ing weak artifacts and fails to deal with severe artifacts (Fig-
ure 5(e)). GDP produces the artifact-like tissues when re-
moving weak artifacts, and also fails to deal with severe ar-
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Methods Artifacts Blurring Anatomical Diseased Overall
Pix2pix 3.78 3.93 4.40 4.38 3.73

CycleGAN 3.20 3.93 4.38 4.35 3.45
UDDN 3.53 4.05 4.33 4.28 3.63
DR2 4.43 4.13 4.55 4.48 4.15
GDP 4.38 4.03 4.33 4.30 3.98
PFAD 4.78 4.38 4.73 4.78 4.63

Table 2: Evaluated by radiologists using Likert 5-scale scor-
ing system. Higher scores indicate higher performance. Only
the mean results are shown here, complete results can be
found in Table 6 in supplementary material B.2.

tifacts (Figure 5(f)). In contrast, our method exhibited supe-
rior performance in effectively artifact removal while main-
taining more of the correct tissue textures as shown in Fig-
ure 5(g). It outperforms other approaches in facing clinical
real artifacts.

Table 2 shows the clinical evaluation results. All results
underwent Mann-Whitney U test, and most of the metrics
have statistical significance. Our method shows superior per-
formance and achieves the highest scores across all evalua-
tion metrics. Additionally, we observe that diffusion model-
based approaches generally outperforms GANs-based ap-
proaches clinically. This is because the GANs-based ap-
proaches are limited to the transformation between their fi-
nite distributions. Therefore the diffusion model-based ap-
proaches have high application value in clinical diagnosis.

Ablation Study
In this section, we validate the effectiveness of the pixel-
frequency domain and the alternate complementary masks.
All experiments are conducted on HCP dataset.

Validation of Pixel-Frequency Domain We conduct ab-
lation experiment in pixel domain and frequency domain to
verify the important roles they play in removing artifacts.

From Table 3, it can be seen that artifact removal in fre-
quency domain plays an important role in maintaining cor-
rect tissue textures and affects most of metrics such as PSNR
and SSIM. It is difficult to maintain the correct tissue tex-
tures by artifact removal only in the pixel domain. Mean-
while, pixel domain mainly plays an important role in visual
sharpness metrics such as Lpips. Although the difference be-
tween the evaluation results in frequency domain only and
pixel-frequency domain is small, it can be seen from Fig-
ure 8 in supplementary material B.3 that the image quality
recovered in pixel-frequency domain is better.

Validation of Masks and Weight In this section we will
verify the effectiveness of M and the influence of weight ω
in two domains respectively.

From Table 4, it’s evident that M and ω plays a crucial
role in artifact removal outcomes. Without M, the diffusion
model only relies on low-frequency image information, re-
sulting in high-frequency information recovery that doesn’t
match the original image. When M is used, failure to use
ω in either the pixel or frequency domain leads to excessive
artifact information in the guidance information, resulting in
poor image recovery quality.

Freq. Pixel PSNR SSIM Lpips FSIM VIF VSI GMSD
✓ 23.89 0.590 0.190 0.830 0.280 0.951 0.126

✓ 27.60 0.829 0.154 0.896 0.423 0.970 0.063
✓ ✓ 27.60 0.829 0.147 0.896 0.426 0.970 0.061

Table 3: Ablation study of pixel-frequency domain.

M ω PSNR SSIM Lpips FSIM VIF VSI GMSDFreq. Pixel
26.63 0.815 0.150 0.889 0.402 0.996 0.067

✓ 26.01 0.688 0.342 0.814 0.297 0.946 0.113
✓ ✓ 26.08 0.696 0.335 0.817 0.302 0.947 0.112
✓ ✓ 26.42 0.730 0.295 0.833 0.328 0.952 0.104
✓ ✓ ✓ 27.60 0.829 0.147 0.896 0.426 0.970 0.061

Table 4: Ablation study of the masks (M) and weight (ω).

a PSNR SSIM Lpips FSIM VIF VSI GMSD Total
0.1 27.60 0.829 0.154 0.896 0.423 0.970 0.063 30.501
0.3 27.60 0.829 0.153 0.896 0.424 0.970 0.062 30.504
0.5 27.60 0.830 0.151 0.897 0.425 0.970 0.062 30.509
0.7 27.60 0.829 0.147 0.896 0.426 0.970 0.061 30.513
0.9 27.56 0.817 0.135 0.894 0.425 0.968 0.060 30.469

Table 5: Results under different values of a.

Hyperparameter Study
In order to explore the impact of hyperparameters on exper-
iments, we study the parameter a in (10). Table 5 shows the
results under different values of a.

As can be seen from Table 5, when a increases to 0.9,
the PSNR and SSIM metrics decrease significantly, while
the Lpips metric is relatively better. This shows that the
guidance of frequency domain information focuses more on
maintaining correct tissue textures, while the pixel domain
information guides the model to generate clearer images. We
use the total metric as a reference, combining higher-benefit
metrics through addition and lower-benefit metrics through
subtraction. In our experiments, we choose the value of a for
the best case of the total metric, where a is equal to 0.7.

Conclusion
In this paper, we propose a novel diffusion model inference
architecture for motion artifact removal. By introducing the
complementary masks in pixel-frequency domain, we use
partial image information as guidance to reconstruct clean
images with the diffusion model’s excellent generative capa-
bility. Experimental results demonstrate our method’s effec-
tiveness in removing motion artifacts and exhibiting excel-
lent performance on real clinical images. However, in sim-
ulated experiments, our method performs sub-optimally on
some evaluation metrics compared to supervised methods.
This may be due to their ability to adapt well to the distribu-
tion of simulated images, which also results in a significant
drop in their performance when dealing with real artifacts.
In summary, we propose a novel artifact removal method
for medical image analysis, aiming to mitigate the impact
of artifacts on clinical diagnosis. The proposed method may
contribute to radiologist making more correct diagnoses.
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