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ABSTRACT

High-quality computed tomography (CT) scans are essential for accurate diagnostic and therapeutic decisions,
but the presence of metal objects within the body can produce distortions that lower image quality. Deep
learning (DL) approaches using image-to-image translation for metal artifact reduction (MAR) show promise
over traditional methods but often introduce secondary artifacts. Additionally, most rely on paired simulated
data due to limited availability of real paired clinical data, restricting evaluation on clinical scans to qualitative
analysis. This work presents CALIMAR-GAN, a generative adversarial network (GAN) model that employs a
guided attention mechanism and the linear interpolation algorithm to reduce artifacts using unpaired simulated
and clinical data for targeted artifact reduction. Quantitative evaluations on simulated images demonstrated
superior performance, achieving a PSNR of 31.7, SSIM of 0.877, and Fréchet inception distance (FID) of
22.1, outperforming state-of-the-art methods. On real clinical images, CALIMAR-GAN achieved the lowest FID
(32.7), validated as a valuable complement to qualitative assessments through correlation with pixel-based
metrics (r = —0.797 with PSNR, p < 0.01; r = —0.767 with MS-SSIM, p < 0.01). This work advances DL-based
artifact reduction into clinical practice with high-fidelity reconstructions that enhance diagnostic accuracy and

therapeutic outcomes. Code is available at https://github.com/roberto722/calimar-gan.

1. Introduction

Computed tomography (CT) has significantly advanced in resolu-
tion over the years, enhancing its ability to diagnose and perform
accurate estimations for several medical tasks, such as neoplasm de-
tection and characterization, as well as surgery and radiotherapy plan-
ning. However, the presence of metals within the body (i.e., prosthe-
sis, screws, dental fillings, etc.) can create different kinds of artifacts
(e.g., photon starvation, beam hardening, and scatter) that may lead to
misinterpretation of CT scans (Gjesteby et al., 2016).

Various solutions for metal artifact reduction (MAR) have been
proposed over the years (Selles et al., 2024; Boas and Fleischmann,
2012). These include, for instance, high-energy CT scans to improve
the penetration depth or excluding metal objects from the CT scan’s
field of view. Since hardware/setup solutions are not always feasible
(e.g., high energy scans increase absorbed radiation dose), MAR al-
gorithms that process the acquired images have been developed for
decades. Traditional approaches primarily operate within the sinogram
domain (Kalender et al., 1987; Meyer et al., 2010, 2012), such as the
linear interpolation (LI) algorithm. In contrast, standard image-based

* Corresponding author.
E-mail address: vitoantonio.bevilacqua@poliba.it (V. Bevilacqua).

https://doi.org/10.1016/j.compmedimag.2025.102565

approaches have been less explored (Soltanian-Zadeh et al., 1996; Bal
et al., 2005; Bevilacqua et al., 2007).

The success of deep learning (DL) in signal processing and image
analysis has led to its application in MAR. Three main approaches can
be identified according to the processed data domain they process: (i)
sinogram-based methods, (ii) image-based methods, (iii) multi-domain-
based methods. Sinogram-based methods (Yu et al., 2021; Zhu et al.,
2021b; Peng et al., 2020a,b; Park et al., 2018) focus on identifying
metal regions and restoring anatomical structures with a content that is
consistent with the neighboring information. Image-based methods (Xu
et al., 2023; Niu et al., 2022; Wang et al., 2022a; Shi et al., 2022; Kim
et al., 2022; Ikuta and Zhang, 2022; Wang et al., 2021b; Nakao et al.,
2020; Koike et al., 2020; Liao et al., 2020; Gjesteby et al., 2019; Zhu
et al.,, 2019; Zhang and Yu, 2018; Huang et al., 2018), which are the
most common, reduce metal artifacts by processing only the CT slices.
Additionally, multi-domain (or hybrid) methods leverage information
from both sinogram and image domains simultaneously (Lee et al.,
2020; Yu et al., 2021b; Ketcha et al., 2021; Wang et al., 2021c, 2022b),
combining data from various sources to enhance artifact reduction.
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Sinogram-based and hybrid techniques are trained using a super-
vised learning paradigm that requires image pairs: both the artifact-
affected and artifact-free versions of the same CT scan, eventually along
with their corresponding sinograms. This learning approach, commonly
used in the so-called paired networks, is intuitive and straightforward.
Nevertheless, obtaining paired images in a clinical setting is complex
and often impractical, as a result, paired methods are usually trained
on simulated data with virtually introduced artifacts. Furthermore, the
artifact simulation processes — especially those using unrealistic or
simplistic metal masks, may not fully capture the physics of artifact
generation, leading to discrepancies between actual and simulated
data (Liao et al., 2020). The impact of such training on clinical data
(i.e., with real artifacts) is difficult to assess quantitatively and, to date,
has not been sufficiently investigated. Additionally, the use of sino-
grams can introduce secondary artifacts due to the domain translation
(i.e., forward- or back-projection) (Pan et al., 2009). This issue has
been deeply explored, for instance, Arabi and Zaidi (2021) proposes
an effective pipeline working either on images or sinograms. The
adoption of image-based solutions offers a valid solution to the issue.
In particular, the image-to-image (I2I) translation paradigm constitutes
a suitable option, as it avoids projections, thus reducing the risk of
corrupting the overall image quality.

The I2I translation is a widely explored technique for various prob-
lems, including denoising (Jiménez-Gaona et al., 2024; Li et al., 2022b;
An et al., 2022; Gajera et al., 2021) and inpainting (Li et al., 2022a;
Armanious et al., 2020). In the context of MAR, most image-based
methods are fully supervised, with only limited exploration of unsuper-
vised or semi-supervised strategies (Niu et al., 2022; Shi et al., 2022;
Nakao et al., 2020; Koike et al., 2020; Liao et al., 2020). Unsupervised
methods aim at addressing the domain gap between artifact-affected
and artifact-free images by focusing on distinguishing features between
different image distributions, rather than on the differences between
paired images. However, I12I unsupervised methods face critical issues
such as unintended alteration of image characteristics beyond the trans-
lation process, as well as changes in the background. To address these
limitations, some approaches have been developed: Liang et al. (2017)
introduces a novel approach based on an adversarial distance com-
parison objective for optimizing generators and discriminators, within
a generative adversarial network (GAN) architecture, which helps to
separate the image background from the foreground; Tang et al. (2021)
proposes a CycleGAN with an attention mechanism to improve the
entire cycle consistency during the forward and backward process, mit-
igating issues related to small receptive fields of convolution operators
that may struggle global geometric or structural patterns (Gu et al.,
2022).

The state-of-the-art unsupervised I2I translation solutions are
mainly trained on images with simulated artifacts, using a limited set
of metal masks. These methods often provide only qualitative results
on real artifact images and are evaluated quantitatively on a few
hundred simulated images, which may not represent the full range of
real-world samples. Furthermore, assessing the impact of the artifact
simulation process on the images with real artifacts is challenging.
To the best of our knowledge, among all the I2I translation methods,
the only work evaluating performance on real artifact data is by Xu
et al. (2023), which uses different distribution-based metrics such as
the sliced Wasserstein distance, the inception score, and the Fréchet
inception distance (FID). Although these metrics have shown good
correlation with human visual perception in different domains, their
application in the medical context is controversial. These metrics are
known to be biased for two main reasons: the features extractor is
trained on natural images, and a minimum number of around 2000
images per distribution is required (Bischoff et al., 2024).

This work introduces CALIMAR-GAN, which uniquely integrates a
mask-guided attention mechanism with a cycle-consistent GAN frame-
work, leveraging sinogram-derived features, unpaired data, and com-
bining simulated and real artifacts to achieve superior MAR in CT
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scans. By focusing domain translation on a highlighted image region,
the network reduces hallucinations and blurriness compared to its base
version AttentionGAN-v2 (Tang et al., 2021) and previous unsupervised
methods, thereby improving output reliability — a critical aspect for
clinical utility. CALIMAR-GAN is designed to address the specific de-
mands and constraints inherent to the MAR task, particularly those
associated with deep learning:

» using unpaired data can result in unintended alterations to im-
age characteristics, such as changes in areas unaffected by the
artifacts;

« relying solely on simulated artifacts can lead to a misrepresenta-
tion of the true physical properties of real artifacts;

« relying only on real clinical data may not be enough for ad-
equately training an unsupervised network due to the lack of
data.

The proposed architecture processes input data within the image do-
main, while features computed in the sinogram domain are used only
as supplementary information once they are translated back to the
image space. Furthermore, the architecture includes a Siamese network
that leverages mask-like inputs to focus the translation process on the
artifact (i.e., the foreground) rather than the background of the CT slice.
Based on the previous limitations about the performance evaluation
and the widely known data availability problems that characterize the
medical scenery, the network outputs are extensively analyzed using a
large simulated dataset and quantitatively assessed even on a sufficient
amount of data with real artifacts. This study also aims at identifying a
reliable metric to evaluate the network’s performance on clinical data
with real artifacts from a quantitative point of view. In particular, the
potential of the FID for evaluating MAR performance on real images
is explored by examining its relationship with common pixel-based
metrics that detect artifacts.
The main contributions of this paper are summarized below:

» An unsupervised cycle-consistent adversarial network is proposed
to effectively mitigate various types of artifacts while preserv-
ing the integrity of unaffected regions. CALIMAR-GAN employs
a novel mask-guided attention approach that leverages artifact
severity by feeding the non-binary difference between the cor-
rupted CT scan and the output of a traditional MAR algorithm
(i.e., LI) to the attention module. This solution helps the network
focus on the most corrupted CT areas. To the best of our knowl-
edge, this is the first study to apply the mask-guided attention
approach to the MAR field.

Given the challenges of limited data availability in medical con-
texts, different training strategies are examined to identify the
most effective one for developing a model with strong general-
ization capabilities despite limited real-world data. In particular,
the following three training sets are considered: (i) fully simulated
artifacts data, and (ii) only real artifacts data, (iii) a mixed dataset
(simulated + real artifacts data).

A comprehensive comparison of our solution with different state-
of-the-art models, both paired and unpaired, has shown the su-
periority of our method when processing images with both simu-
lated and real artifacts. In addition, all the major previous works
that analyze real corrupted CT scans present only qualitative eval-
uation results. To the best of our knowledge, this is the first work
to investigate whether FID can provide meaningful insights into
the effectiveness of the metal artifact reduction process in images
with real artifacts. Our results show a strong correlation between
the FID and other traditional pixel-based metrics on simulated
dataset, indicating that it could be a robust and valuable metric
for evaluating artifacts in real-world contexts.

In the authors’ opinion, such contributions represent an important
step forward in the clinical utility of DL-based MAR algorithms. Subop-
timal MAR can have significant negative effects on diagnostic accuracy
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due to distortion of anatomical structures and masked key details. As an
example, in the oncology context, artifact residue can lead to obstruc-
tion of the tumor borders, leading to inaccurate tumor delineation in
radiotherapy treatment planning, which could then lead to suboptimal
radiation dose delivery and increase the risk of damaging healthy
tissues surrounding the tumor. Similarly, in planning for surgeries,
image quality can be altered in critical structures as a result of artifacts,
increasing the chances of complications such as incompletely resetting
a tumor or injuring adjacent organs. CALIMAR-GAN addresses these
issues by selectively targeting the domain translation of the network
to the areas of the image most affected by artifacts. This ultimately
leads to significantly less hallucinations and blurriness, and ensures
more anatomically faithful reconstructions, improving the reliability of
diagnoses or therapy planning.

The remainder of the paper is organized as follows. Section 2
presents the proposed CALIMAR-GAN model. Section 3 illustrates the
experimental setup, the dataset, and the compared methods. Results
and discussion are presented in Section 4. Finally, Section 5 presents
conclusions and future research directions.

2. Methods

In this section, we describe the architecture of our proposed so-
lution, named CALIMAR-GAN, that is a cyclic-consistent GAN archi-
tecture based on mask-guided attention and the linear interpolation
algorithm. The architecture processes CT scan images, while features
coming from the sinogram domain are used as additional information
once they are translated back to the image space. The proposed ar-
chitecture employs a Siamese network, which considers a mask-like
input to direct the I2I translation process towards the artifact. Starting
from the Tang et al. (2021) original work, namely AttentionGAN-v2,
the guided attention mechanism employed in CALIMAR-GAN has been
optimized/specialized for the MAR task.

The subsections that follow will describe:

+ the employed cycle-consistent GAN with details about the losses
used in this work;

« the basis of the technique used to generate images involving the
attention that is inherited from AttentionGAN-v2;

» the proposed mask-guided attention approach.

2.1. Unsupervised generation using cycle-consistent GAN

Unpaired 121 translation tasks, given the image domain X, the image
domain Y, and the respective training images x; € X; y; € Y, involve
the estimation of a mapping Fy_,y that can translate images from the
first domain (i.e., the metal-affected one) to the second domain (i.e., the
artifact reduced one).

Unlike the paired translation, where a direct mapping can be per-
formed thanks to image pair availability, the unpaired translation
focuses on estimating the image distribution probabilities Py and Py
to obtain a general mapping function such that Fy_y(x;) fall within
the probability distribution of the target P,. The cycle consistency,
introduced in CycleGAN (Zhu et al., 2020), represents one of the best-
performing methods that also focuses on the reverse mapping Fy_ x (y;),
which has been proved to enhance the overall mapping process. The
original framework consists of a generator G,, whose objective, given a
sample x;, is to perform the mapping Fy_,y, and a discriminator D, that
aims to understand if the image belongs to the probability distribution
Py or not. In the same way, the reverse mapping Fy_ y is obtained
by a generator G, that tries to fool the discriminator D,,. The training
process starts with two unpaired images from their respective distri-
butions. The generators are trained separately and optimized through
an adversarial loss which fosters a competitive dynamic between the
two networks: the generator and the discriminator. In this work, the
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adversarial loss introduced by Mao et al. (2017) is adopted; then the
loss of [Gy, Dy] is given by:

Lg, = 3By, [(Dy(Gy2) — 1]
Lp, = %EXNPX [(Dy(x) — D™ €Y}
+ 3B, 1, DGy

where the generator G, tries to minimize Lg;, while D, tries to maxi-
mize it. Correspondingly, [G,, D] are trained accordingly to:

Lg, = 2By p [(Dy(G ) — 1]

b2
L, = 3By, [(Dy) = 17] @
+ 35 DGy

To take advantage of the cycle consistency, the whole translation cycle
is used such that x is primarily passed through the G, then the result
y has to be revamped back to its initial input, i.e., x - Gy(x) —
G4(Gy(x)) ~ x. The cycle consistency loss can be then expressed as:

L ye1o(Gp. Gy) = ]EXNPX[” Gy(Gy(x)) — x 1
+ Epp, I Go(GypO)) =y Il 1]

A key challenge affecting GANs’ performance is their tendency to
focus on unwanted parts of images, leading to undesired changes in
generated content (Tang et al., 2021; Nobari et al., 2021). One of the
earliest methods developed to address this issue is the introduction
of a loss term L;, that takes into account the pixel differences of the
generated output with respect to the input, as demonstrated by Li et al.
(2018). However, even if the original work calculated the loss on VGG
high-level features, our implementation:

Lid(qu, Gy) = Ex~px [l Gg(x) - X |||]
+ E,p [l Gy =y Il

makes use of a more explicit pixel difference, as adopted by different
works (Wang and Makarenko, 2021; Zhang et al., 2018). The total loss
used during our training can be formulated as:

3

C)

Lg=Lg, + LG(,, + Aeyete Leyere(Go, Gg)
+ AigLig(Gyy Go) 5)
Lp=Lp,+Lp,

where 4., and 4, are tunable parameters that weights L,./.(Gy, Gy)
and L;;(G,,Gy), respectively. Fig. 1 shows the overall cycle and dis-
plays how the various loss components come into play. The generators
used to perform the cycle are different among them. In fact, while G,
employ a slightly modified version of AttentionGAN-v2 (Tang et al.,
2021), G, has been deeply optimized to employ a guided attention
mask and exploit the information coming from the linear interpolation
algorithm to address the specific MAR task.

2.2. Generation involving attention

The generator G,, shown in Fig. 2(b), is adopted from
AttentionGAN-v2 and slightly modified to enhance its performance
within the MAR task. Its main objective is to close the cycle providing
a model that is able to impress an artifact over the cleaned image after
generating a metal mask. Here, the attention mechanism is adopted
to specify which zones the GAN should modify to correctly generate
the metal and simulate the artifacts. In particular, the metal and
the artifact generation are simultaneous. The network’s concept is
based on the generation of content masks, which aim to produce a
modification of the original image, and attention masks, whose aim
is to limit the GAN editing to only relevant zones, for example in
proximity of the bones. While the encoder is in common between the
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L(G, D,)«-

G, (G, )¢

]
i
i
i
i
i
i
i
\,

y G,

Fig. 1. Diagrams of the proposed cycle-consistent network showing the utilized losses. (A) The diagram represents the cyclic structure used in CALIMAR-GAN where L, and L

Lcycle (GG' Gd5)

Lcycle(GH’ Gd5)

Computerized Medical Imaging and Graphics 123 (2025) 102565

_________________ 1G4 (G,(x)

—L(G, D,)

X G,(x)

eyele

indicate the adversarial loss between generator and discriminator, and the cycle consistency loss, respectively. (B) The diagram illustrates the identity loss L,, obtained from the
two generators G, and G,. The black solid lines illustrate the network’s training forward process, whereas the black dashed lines indicate the flow used for calculating the losses.
x belongs to the distribution of images with artifact, while y belongs to the distribution of artifact-free images. G,/D, and G,/D, are the generators/discriminators designated for
the artifact removal and creation processes, respectively. In are the images that the generators/discriminators take as input and Out are their results. The discriminators’ output

is a boolean value used for the loss computation.

content masks and the attention masks generators, the decoders are
split. The Content-mask decoder is built to output 9 three-channel
content masks Cj -
enough to produce a complex artifact due to the different effects that
multiple metals can yield over the image. The Attention-mask decoder
is constructed to output: 9 foreground attention masks A£ |?¢=1 and 1

€ RHXWX3  since one single mask could not be

background attention mask Ag, where Af’b € R¥XW In particular,
since we use this generator to apply the artifact over a clean image,
the background attention mask AZ will be pixel-wise multiplied with
the initial input y.

The Content-mask decoder is preceded by a residual structure (He
et al., 2015), where only 5 residual blocks are concatenated follow-
ing Johnson et al. (2016), rather than the 9 used in the original work.
This choice allows for fewer hallucinations and reduces the size of the
network. Instead, the Attention mask receives its input directly from the
latent space of the Siamese encoder, whereas in the original version of
Attention-GAN v2, the input was the same as that of the Content-mask
decoder (green dashed line in Fig. 2). In so doing, the attention-
mask decoder can work on raw features where spatial information is
preserved.

The output of G, is formulated as:
9

Gy = Y (C] - A +y- AL, 6)
=1

2.3. Mask-guided attention for knowledge enhancement

Despite the baseline strategies adopted in AttentionGAN-v2, such
as employing L, loss and attention mechanisms to direct the focus
of the network on relevant image zones, the artifact reduction may
not be fully accomplished due to additional unwanted alterations of
the image (Skandarani et al., 2023; Zhu et al., 2019a). The problem is
enhanced by the limited data availability that can lead the network to
misunderstand the actual differences between the image distributions
X and Y. Considering how the position, shape, and material of one
or more metals affect the CT slice with different artifacts, we can
derive that to successfully train a GAN there will be the need for a
huge amount of data to let the network understand what an artifact is
(i.e., we got multiple kinds of artifacts at once), what is produced by,
and which parts are the background, i.e., body, skin, organs, bone, etc...
Then, we need a way to disentangle this information with a minimal
amount of data, otherwise, we could fall into different problems such
as change of unwanted background, limited generalizability, and the
undetection of the artifacts. Thus, we propose a guided attention mech-
anism to obtain a network that is capable of distinguish anatomical
parts from artifacts, that is generalizable, and trainable with a limited
number of slices.

The number of images is an essential part of a GAN training process.
Within the medical context, the limited availability of images leads
to poor performance of these networks in several tasks. The question
is: Does the GAN have a sufficient number of samples to disentangle
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Fig. 2. (a) Architecture of our proposed G,, where red squares represent the macroscopic architectural differences from the original version proposed in AttentionGAN-v2 (Tang
et al.,, 2021). x refers to the image with artifact from the domain X, A’;_ and A® are the background attention masks, while A}’, and A/ represent the foreground attention masks

issued by the Attention-mask decoder; Cf and C/ summarize the content masks resulting from the Content-mask decoder; (b) Architecture of G,, similar to the one proposed in

AttentionGAN-v2, with a residual structure of 5 blocks.
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[k=4; s=2; p=1] RelLU [k=4; s=2; p=1] RelLU [k=1; s=1; p=0] [k=3; s=1; p=1] RelLU [k=3; s=1; p=1] RelLU

Fig. 3. Detailed scheme of the single components of CALIMAR-GAN. I N refers to the Instance Normalization layer, k,s, and p represent the kernel size, the stride, and the padding,
respectively. The Siamese encoder accepts as input a tensor of 3 layers, i.e., Input 1 or Input 2.

the anatomical features from the artifact ones? It is hard to give an
exact number, knowing the complexity of the human body (Karras
et al., 2020). To overcome this question, we propose the adoption of a
different strategy that somehow guides the network in an accelerated
understanding of what an artifact is, how to remove it, and, starting
from a raw result, how to improve it.

Several works, also called mask-guided (Luo et al., 2020), tried
to exploit a mask that helps the network to produce better results
since more discriminating features can be obtained by disentangling
the background from the foreground (Wang et al., 2023, 2021a; Liu
et al., 2023; Luo et al., 2024; Luo and Huang, 2024; Song et al., 2018;
Gu et al,, 2019). In the MAR context, the foreground refers to any

portion of the image that has been impacted by an artifact, whereas the
background represents the remaining unaffected area. Moreover, the
effect of attention masks on adversarial training has also been explored:
the findings demonstrated that their usage is beneficial for guiding
models to focus on the region of interest (Vaishnavi et al., 2019).

The mask-guided attention approach proposed in this work consists
in providing both the corrupted CT scan elaborated by the linear
interpolation algorithm and the difference between the LI output and
the corrupted CT as input to the attention module. As a first step, the
linear interpolation algorithm based on the work of Kalender et al.
(1987) is applied to the corrupted CT scan x to obtain a CT scan x;;
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characterized by a coarse reduction of the artifact. In detail, the extrac-
tion of the metal trace within the sinogram, which is a preliminary step
for the LI, has been performed by following the procedure presented
by Yu et al. (2021b), Liao et al. (2020) with a threshold value equal to
2500 Hounsfield Units (HU), since the highest HU values for biological
tissues are usually associated with cortical bone, which typically ranges
from +500 to +1900 HU (Chen et al., 2024; Zou et al., 2019). As a
second step, the second mask-guided attention input A, is computed
as the difference between x; ; and x following Eq. (7).

xpp—x forx;; —x>0
A= )
MG {0 for x;; —x<0

Then, A,,;, once normalized between [0, 1], is a mask containing
proportional values that give the network information about not only
where the artifact is located but also even the severity of the artifact.
However, since A,,; may not entirely capture the distortions that
metals produce over the image, the mask-guidance is intended to assist
the attention mechanism, introduced in Section 2.2, without altering
the number of parameters to train. Finally, the proposed framework
takes as input three different images: x, x;;, and A ;-

The proposed G, shown in Fig. 2(a), is then composed of a Siamese
encoder, which allows the adoption of three different inputs, and two
decoders. These latter works as in G,: the content masks decoder
output 9 three-channels content masks C/ ‘;:] e RIXWX3 | while the
attention masks decoder output 9 background attention maps Af Iiﬂzl
and 1 foreground attention mask A?, where A7"* € R¥*" . On the other
hand, the Siamese encoder is trained by two inputs: the first one is the
source slice x while the second one is composed of a layer of x; ; in the
image domain and two layers of A,,;.

The term “guided” refers to the second input being fed into the
encoder, allowing the network to understand the location of the artifact
rapidly and, with the assistance of x, ;, pursue a preliminary reduction
of the metal artifact. Nevertheless, it is widely known that linear
interpolation can lead to the introduction of secondary artifacts while
removing the main ones. Actually, by using the Siamese encoder, our
architecture is not affected by this issue due to its ability to determine
which features ought to be sourced from x;; and which should be
obtained from x. In fact, the Siamese encoder has already been used to
distillate information coming from heterogeneous sources, preserving
only the most useful ones (Wan et al., 2024).

This background attention mask A° is crucial to perform a correct
image-to-image translation. For instance, we want the parts not affected
by the artifact to be left untouched by the GAN with only the fore-
ground requiring to be corrected. For this reason, when reconstructing
the final image, the linearly interpolated image x; ; will be considered
as the background, multiplied by the corresponding A’)’C, and the GAN
will prompt a correction over it. As mentioned before, in this way the
GAN will be led to perform different operations over the single metal ar-
tifact correction on the image such as contrast and sharpness correction,
leaving the linear interpolation algorithm the assignment to perform
a first coarse artifact reduction. Thus, we reduce the probability of
the network to consider artifacted portions of the image, i.e., beam
hardening or streaks, as being normal portions. The remaining fore-
ground attention masks are multiplied by the corresponding content
masks, focusing the corrections only on the zones of the image that are
still artifact-affected or do not satisfy the requirements of the target
distribution. Then, the final output of the network can be formulated
as:

9
Gg(x)=2(cxf-A§)+xL,~A§. ®)
f=1

The detailed algorithm steps of the CALIMAR-GAN inference are
outlined in pseudo-code format in Algorithm 1.
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Algorithm 1: CALIMAR-GAN pseudo-code for the inference stage

Input: x: Original Slice

xp ;- Linearly Interpolated Slice

Ajprg: Guided Attention Mask

Output: Gy(x): Artifact-reduced Slice

Processing Pipeline:

siameseOutput < SiameseEncoder(x, x;;, Apq)

residual Output < residual Structure(siameseOutput)

contentM asks — ContentMaskDecoder(residual Out put)

foreground M asks, background M ask «
AttentionMaskDecoder(siameseOut put)

backgroundImage < x; X background M ask

7 foregroundImage < Y (contentMasks X foreground M asks)

8 Gy(x) < backgroundImage + foreground Image

a s w N =

[}

w

. Experiment settings

In this section, all the experiments conducted to evaluate the pro-
posed approach are reported. In particular, we describe the CALIMAR-
GAN implementation details, the dataset, the compared approaches
along with the common settings used to train the networks, and the
evaluation metrics.

3.1. Compared approaches

The proposed approach was compared against five methods specif-
ically designed for the MAR problem, along with baseline versions of
CycleGAN (Zhu et al., 2020) and AttentionGAN-v2 (Tang et al., 2021).
In particular, the comparison includes: LI, a conventional and widely
used approach; CycleGAN, AttentionGAN-v2, and ADN (Liao et al.,
2020), which are unpaired methods; DICDNet (Wang et al., 2022a),
InDuDoNet (Wang et al., 2021a), and InDuDoNet+ (Wang et al., 2023),
which are paired methods. To ensure a fair comparison, consistent
training settings were applied across all networks, including: an input
size equal to 256 x 256, a batch size equal to 8 (except for ADN
where the value is set to 1 due to memory limitations), and sinogram
dimensions of 320 x 321 (with 320 projection views uniformly spaced
in 360 degrees and 321 detectors). Default values for other parame-
ters (e.g., training epochs and learning rate) were used based on the
original papers. Officially released code was used for all the compared
methods except LI, which was implemented using PyTorch (Paszke,
2019), consistent with the implementations of DICDNet, InDuDoNet,
and InDuDoNet+.

To ensure a fair and robust comparison between unpaired and
paired methods, considering that unpaired methods require real data
for training, while also ensuring a sufficient number of test data to
obtain sufficiently tough metrics — each network was trained on six
different data combinations. Paired methods were trained on combi-
nations that included only simulated data in the training set, while
unpaired methods used combinations of both simulated data and real
data to train. In particular, the combinations were arranged so that both
paired and unpaired methods were evaluated on the identical simulated
and real artifact test sets, ensuring consistency across the six folds for
both method types.

3.2. Dataset
CALIMAR-GAN and the other compared methods were trained and

tested on a dataset built from the publicly available slices released by
SpineWeb' of the Digital Imaging Group. In particular, the “Vertebrae

1 http://spineweb.digitalimaginggroup.ca
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Fig. 4. Graphical representation of the dataset used to evaluate the methods. The Simulated dataset contains 16,855 image pairs and is divided into five folds: F1°, F2°,

% = Images without artifacts

% = Images with artifacts

F3s,

and F4° contain 1000 images with simulated artifacts and 1000 corresponding artifact-free images, while F5* is composed of 12,855 images with simulated artifacts and 12,855
corresponding artifact-free images. The Real dataset is divided into four folds: F1/, F2', and F3' contain 1000 images with real artifacts, while F4' is composed of 2252 images

with real artifacts. For each fold (e.g., T1 P, T2P, ..., T1U,
and white striped squared correspond to data not used in any phase.

Table 1

...), the green and orange squares represent data used respectively for training and testing, while the diagonal red

Simulated and real data employed for training and testing, either for artifacted and artifact-free
distributions, according to the method employed. The reported data correspond to one fold and

are representative of all six folds.

Methods Train set size Test set size
Simulated Real Simulated Real
dataset dataset dataset dataset
Paired 4,000 - 13,855 4,252
Unpaired 2,000 2,000 13,855 4,252

Localization and Identification” was employed containing slices from
125 patients with various pathologies, some of which include metal
implants. The dataset was well-suited for a fair comparison between
paired and unpaired methods on both simulated and real artifacts. Fig.
4 reports a schematic description of the dataset organization.

Initially, slices containing metals were separated from the entire
dataset following a common thresholding procedure, which identi-
fies metal objects with Hounsfield Units (HU) greater or equal than
2500 (Yu et al., 2021b; Liao et al., 2020). All slices with metal masks
larger than 400 pixel were grouped into the Real dataset, resulting in
5252 slices, which were split into four folds: (i) F1' - 1000 samples, (ii)
F2' - 1000 samples, (iii) F3’ - 1000 samples, (iv) F4' - 2252 samples.

The simulation of metal artifacts in previous studies has often been
limited to simple, regular geometries (e.g., screws or circles). However,
real-world scenarios involve a broader range of metal shapes and
configurations, which vary significantly between cases and may include
multiple metals within a single slice. This variability is illustrated in
Fig. 5, where some real artifacts extracted from the dataset are shown:
for example, Fig. 5(b) illustrates how a screw, perfectly represented in
Fig. 5(c), may only be partially captured from the tomograph if it is not
oriented perpendicularly to the detectors. Since data-driven networks
strictly depend on the variety of data, a mask database, containing
all real metals from the dataset (5252 masks), was created. The same

thresholding procedure used to create the Real dataset was applied to
obtain the mask database.

The remaining 16,855 slices, which do not contain any metal mask,
were used to create the Simulated dataset, using the previously created
mask database, in accordance with the following procedure executed on
each slice:

» Random selection of a mask from the mask database.

+ The mask is subjected to random rotations ranging from 1° to 360°
and random scaling between 0.6 and 1 prior to being applied to
the slices.

The metal mask is applied specifically in the proximity of bones,
using a bone selection strategy: first, a pixels intensity threshold
of > 500 is applied to identify bone regions; then, the centroid of
the metal mask is aligned with the centroid of a randomly selected
bone zone containing more than 400 pixels.

Finally, the procedure proposed by Sakamoto et al. (2019) is
used to simulate the artifacts under the assumption of using
titanium metal, which is widely considered the best metal for
vertebrae implants due to its exceptional biocompatibility, corro-
sion resistance, and mechanical properties (Fleck and Eifler, 2010;
Kamachimudali et al., 2003).

This process is repeated 25 times for each artifact-free image,
generating a total of 421,375 images containing artifacts.



R.M. Scardigno et al

Computerized Medical Imaging and Graphics 123 (2025) 102565

Fig. 5. Examples of the binary masks used to generate artifacts and create the Simulated dataset. These masks are subsequently applied during the synthetic artifact generation

process over clean CT images to simulate titanium implants.

Following similar studies (Yu et al., 2021b; Wang et al., 2022a),
during training, only one random mask was chosen per iteration. To
provide a more seamless explanation of the dataset, the twenty-five
artifact-affected slices generated from the corresponding artifact-free
slice are grouped together. Consequently, when discussing the dataset,
we refer to pairs of images, which consist of the artifact-free slice and
the cluster of artifact-affected slices.

The Simulated dataset was divided into five folds: (i) F1° - 1000
pairs, (ii) F2° - 1000 pairs, (iii) F3° - 1000 pairs, (iv) F4* - 1000 pairs,
(v) F5% - 12855 pairs

. To ensure a fair evaluation of the methods using consistent slices
and metals, a single metal from the twenty-five available was assigned
to each artifact-free image before the testing phase.

The dataset was organized into folds to enable cross-validation
across networks. Specifically, six different settings were used for both
paired (T 1P to T 6P) and unpaired methods (T 1U to T 6U), as depicted
in Fig. 4. Paired methods were trained using combinations of two “1k
pairs” folds from the Simulated dataset (i.e., from F1* to F4%), whereas
unpaired methods combined one “1k” samples with simulated artifacts,
one “l1k” samples with real artifacts (e.g. in 7 1U: 1000 simulated
samples from F2° and 1000 real samples from F1’), and two “1k”
samples without artifacts (e.g. in T 1U: 1000 samples from F1° and
1000 real samples from F3*). To maintain a fair comparison with
an equal quantity of slices and maximize the use of available slices,
each fold attempt excluded some data from testing. Consequently, the
performance evaluation used 13,855 and 4,252 slices per simulated
and real test set, respectively. Furthermore, to reflect real-world data
limitations, the training datasets were restricted to 2,000 slices, ensur-
ing a sufficient number of real samples for testing. Table 1 provides
a summary of the number of slices used for the training and testing
phases.

3.3. Network implementation

This section outlines the CALIMAR-GAN architecture, training pro-
cedures, and parameters employed.

3.3.1. Network architecture

The generator architecture used in CALIMAR-GAN is based on Cy-
cleGAN (Zhu et al., 2020). The Siamese encoder processes a double
three-channel input and produces nine three-channel content masks
and ten one-channel attention masks. Specifically, the encoder receives
inputs structured as follows:

{Inputl = [x ;X X ]

Inpur2 = [x;; Ayg Amg |

As depicted in Fig. 3, both the encoder and decoders consist of three
convolutional layers, each followed by an Instance Normalization (I N)
layer and a ReLU activation function. The Content Mask decoder con-
cludes with a tanh activation function, while the Attention Mask de-
coder employs a softmax activation function. A residual structure
containing five residual blocks is placed after the Siamese encoder,
serving as the input for the Content Mask decoder. Each residual block
comprises [Conv+ IN + ReLU + Conv+ IN + ReLU + SkipConnection],
with the convolution operations (denoted as Conv) utilizing a 3 x 3
kernel and a stride and padding of 1.

3.3.2. Training details

The proposed CALIMAR-GAN is implemented using PyTorch. The
detailed environment settings are depicted in Table 2. The Adam opti-
mizer is employed for training with parameters [f,, f,] = (0.5,0.99) and
a learning rate equal to 2x 10™%. The training uses a batch size of 8 and
is conducted for 100 epochs. The same learning rate is kept for the first
60 epochs and linearly decay the rate to zero over the next 40 epochs.
Weights are initialized from a Gaussian distribution N'(0,0.02). The
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Table 2
Experimental environment settings.
Item Setting
CPU AMD Ryzen (TM) Threadripper PRO 5965WX
Hardware GPU NVIDIA GeForce RTX A6000
RAM 64GB
oS Windows 11
Software Language Python version 3.9
Framework PyTorch version 2.2.2 + CUDA 11.8
Table 3
Training parameters for CALIMAR-GAN.

Train-parameter Value

Epochs 100

Learning rate 2x 1074

Learning decay schedule Linear decay after 60 epochs

Image_size 256 x 256

Batch_size 8

Optimizer Adam

Aeete 10

Ay 0.8

input image size is 256 x 256 pixels. In line with protocols from similar
studies (Yu et al., 2021b; Wang et al., 2022a), each training iteration
involves randomly selecting one metal-free CT slice and one metal-
affected CT slice. For the latter, a metal mask is randomly chosen from
the twenty-five available options, as augmentation strategy, with dif-
ferent slices utilizing different metal masks as described in Section 3.2.
For the total loss detailed in Eq. (5), 4y, is set to 10, while 4,, is set to
0.8. A compact view of the training parameters used in CALIMAR-GAN
is provided in Table 3. The total number of model-trainable parameters
is 20.6M.

3.4. Evaluation metrics

Evaluating quality in medical imaging is a multifaceted and evolv-
ing area of research. Previous studies have demonstrated that visual
perception cannot be captured by a single metric, as each metric has
its own limitation (Kim et al., 2011; Johnson et al., 2011). This chal-
lenge is exacerbated when ground truth data is not available (Bischoff
et al.,, 2024). Nonetheless, using a range of metrics that focus on
different image characteristics, along with computing indices on sim-
ulated data, can help identify the most effective methods for MAR.
For simulated data, several standard quantitative metrics are employed,
including peak signal-to-noise ratio (PSNR), root mean squared error
(RMSE), and structural similarity index measure (SSIM). Furthermore,
the multi-scale structural similarity index measure (MS-SSIM) is calcu-
lated, which has been proven to be a more robust estimator than SSIM
under certain conditions (Wang et al., 2003; Rouse and Hemami, 2008).
These metrics are not applicable to real data due to the absence of
paired artifacted and artifact-free images. To the best of our knowledge,
current MAR studies generally evaluate clinical data only qualitatively,
with limited exploration of the quantitative correlation between per-
formance achieved on simulated artifact data and performance on real
artifact data.

The FID is utilized for both simulated and real data. Although FID
is typically more effective for large datasets (e.g., 10,000+ samples),
it serves as a valuable metric for evaluating distributions in scenarios
where ground truth is not available. However, given that the real
dataset comprises over 5000 images, FID can still offer meaningful
quantitative insights when combined with qualitative inspection. To
further strengthen the effectiveness of this metric, a correlation anal-
ysis is conducted between FID and the other pixel-based metrics. Ap-
pendix A in the supplementary materials provides a complete overview
of the aforementioned metrics definition and relative references.
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4. Results and discussion

This section presents the results of the analysis conducted on both
simulated and real artifact data. To better illustrate the variability
between methods when processing different data, a summary table is
provided alongside a box plot representation of the metrics discussed in
Section 3.4. Additionally, three ablation studies are reported: the first
focuses on the components introduced in the optimized version of G,
the second examines the impact of different training strategies and data
selection on performance in real environments, and the third explores
the network performance when varying the 4,,. Finally, the relationship
between the FID and the pixel-based metrics is evaluated. The inference
time for artifact reduction of a single slice is 12.41 +2.68 ms, computed
over a set of 10,000 slices. This time includes both the preprocessing
steps and the network inference.

4.1. Results on simulated artifact data

4.1.1. Quantitative comparison

Table 4 presents a quantitative comparison of various MAR tech-
niques on the Simulated dataset, while Fig. 6 illustrates the variability
between different folds for each method across the pixel-based met-
ric. Most methods outperform the traditional LI approach, achieving
higher SSIM, MS-SSIM, and PSNR and lower RMSE scores. However,
CycleGAN and ADN show slightly elevated FID values, suggesting
difficulties in completely removing certain types of artifacts. Paired
methods generally achieve better performance than unpaired methods
such as ADN and the baseline versions of CycleGAN and AttentionGAN-
v2. Among the evaluated methods, CALIMAR-GAN consistently out-
performs the others, demonstrating superior effectiveness in removing
artifacts without distorting unaffected areas of the slice. Moreover, the
boxplots reveal that CALIMAR-GAN not only obtains the highest scores
across various metrics but also exhibits one of the lowest variances
demonstrating its robustness.

4.1.2. Qualitative comparison

Fig. 7 presents a qualitative comparison of the results obtained by
each method. To further clarify the differences between the methods
and the ground truth, Fig. 8 displays visual distinctions, generated
by normalizing the slices in the range [—1;1] and subtracting the
ground truth from the output of each method. The baseline versions of
AttentionGAN-v2 and CycleGAN, as well as ADN, attempt to remove ar-
tifacts by substituting them with gray content that is not coherent with
the rest of the slice. Although these networks recognize difference be-
tween the artifact-free and the artifacted slices, they fail to fully restore
the affected area. The LI method effectively reduces artifacts but often
introduces secondary ones, which often are streak-like. Conversely,
the paired methods, namely DICDNet, InDuDoNet, and InDuDoNet+,
show a good artifact reduction. However, DICDNet tends to blur the
artifacted areas, while InDuDoNet and InDuDoNet+ blur the entire
image and degrade the quality of the darker areas, such as the lungs,
compromising their effectiveness for certain types of slices. CALIMAR-
GAN effectively preserves fine anatomical details, such as lung texture;
it may occasionally introduce blurring in more complex regions, like
near the spine. This effect is likely due to the network’s limited ability
to recover information that is heavily corrupted or missing in the input,
especially in areas with high structural variability.

4.1.3. Evaluation with distribution-based metric

Evaluating experiments on real artifact data presents challenges for
three main reasons: the difficulty in obtaining paired real data for pixel-
based metrics, limited data availability for distribution-based metrics,
and an unclear connection between distribution-based and pixel-based
metrics. In this context, FID represents a reliable distribution-based
metric, commonly employed in several tasks. However, its ability to
recognize artifacts remains uncertain, especially given the need for
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Table 4
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Comparison of quantitative results on the Simulated dataset. Bold indicates the best performance.

Methods MS-SSIM 1t SSIM 1 PSNR 1 RMSE | FID |
LI 0.946 + 0.001 0.816 + 0.001 245 + 0.1 16.2 + 0.1 57.8 + 0.1
(Kalender et al., 1987)
DICDNet 0.956 + 0.008 0.870 + 0.005 30.8 + 0.9 7.8 +£0.7 40.6 = 7.0
(Wang et al., 2022a)
S

‘FUS{ é InDuDoNet 0.956 + 0.005 0.812 + 0.016 31.0 £ 0.5 7.4 + 0.5 44.8 + 11.2

g E (Wang et al., 2021a)
InDuDoNet+ 0.955 + 0.002 0.819 + 0.009 31.4 + 0.2 7.1 0.2 37.7 £ 2.7
(Wang et al., 2023)
AttentionGAN-v2 0.941 + 0.021 0.832 + 0.022 29.4 + 1.3 9.1 +1.5 44.3 + 7.8
(Tang et al., 2021)

o @ ADN 0.940 + 0.001 0.843 + 0.003 25.7 £ 0.2 13.8 + 0.4 66.5 + 1.1

©3 (Liao et al., 2020)

s g

¥

= CycleGAN 0.936 + 0.023 0.799 + 0.084 28.7 + 2.1 10.0 + 2.3 66.7 + 15.5
(Zhu et al., 2020)
CALIMAR-GAN 0.963 + 0.002 0.877 + 0.003 31.7 + 0.2 6.9 + 0.1 22.1 + 2.8

large datasets and its focus on distribution differences rather than
direct artifact detection. This section aims at demonstrating that FID
can effectively capture differences between the distributions X and
Y by performing a Pearson correlation analysis. Table 5 shows the
correlations between FID and other metrics, including MS-SSIM, SSIM,
PSNR, and RMSE. In particular, FID correlates with MS-SSIM, SSIM,
PSNR, and RMSE at —0.767, 0.601, 0.797, and 0.752, respectively.
All these correlations achieve a p-value less than the significance level
of 0.01. The obtained results suggest that FID, which estimates the
similarity of image distributions between the network output and the
ground truth, is strongly related with pixel-based metrics in simulated
data. This indicates that FID could be a valuable metric for evaluating
artifacts in real-world contexts.

4.2. Performance evaluation on anatomical fidelity

CALIMAR-GAN was evaluated on a downstream segmentation task
to assess its effectiveness in performing MAR without compromising
the anatomical fidelity of structures near the artifact. We then focus
on the vertebrae. The metal-free dataset VerSe (Sekuboyina et al.,
2021; Loffler et al., 2020; Liebl et al., 2021) was used to train nnU-
Net (Isensee et al., 2021) on the vertebrae segmentation task. Then, the
trained nnU-Net is tested on the artifact-reduced slices generated by the
different MAR methods. Performance is evaluated using the Dice score
on the Simulated dataset.

Fig. 9 reports the quantitative results over the different methods
and the different folds and the Dice score computed using images
with artifacts as baseline. Fig. 10 shows the qualitative results of the
segmentation on the outputs of the different MAR methods. Although
the nnU-Net was trained on a slightly different data distribution, the
segmentation results on metal-affected images prove effective in show-
ing how CALIMAR-GAN is still able to achieve the most accurate
segmentation among the different methods. It successfully restores
structures compromised by artifacts, further demonstrating its potential
for clinical applications.

4.3. Results on real artifact data

The performance of all MAR methods was evaluated using real
data both quantitatively and qualitatively. The FID scores for the real

10

dataset are presented in Table 6 and Fig. 11. A qualitative comparison
of the methods is shown in Fig. 12, highlighting their performance
on different types of artifacts. The LI approach tends to introduce
secondary streaking artifacts across all images. Among paired meth-
ods, InDuDoNet and InDuDoNet+ generally blur the images, lead-
ing to a loss of details near bones and within the lungs. DICDNet
partially reduces artifacts while preserving lung areas; however, it
often replaces bones with soft tissues. ADN and CycleGAN effectively
maintain non-corrupted areas but apply insufficient artifact reduction.
AttentionGAN-v2 performs light blurring to alleviate streaking artifacts
without altering artifact-free zones, yet it tends to gray out artifacts
rather than restoring anatomical features. In contrast, CALIMAR-GAN
excels in restoring the content affected by artifacts while also pre-
serving the underlying anatomy. Paired methods encounter difficulties
when dealing with real data, and FID confirms these qualitative find-
ings by demonstrating their limitation. Unpaired methods, particularly
CALIMAR-GAN, show improved generalization for MAR tasks in real
environments and exhibit low variability across folds. As reported in
Table 6, CALIMAR-GAN achieved the smallest FID value on the dataset
containing real clinical metal artifacts. However, the mean value is
higher than the mean value measured when testing the simulated
dataset. To better understand the reason for this difference, we first
analyzed the effect of the test set size. Specifically, we have computed
the FID on simulated data by considering a group of randomly paired
images with a size comparable to that of the real data test set (about
4,000 images). We then compared the FID distance between two groups
of images: 4,000 images from the simulated dataset with no metal
artifacts and the corresponding paired images processed by CALIMAR-
GAN after the introduction of simulated artifacts. The computed FID
is 34.7, which is comparable to the value obtained from real clinical
data — thus supporting its validity as a reliable metric. CALIMAR-
GAN’s ability to leverage knowledge from real data during training
provides a significant advantage, given that simulated environments
only approximate real-world conditions. However, CALIMAR-GAN is
not without limitations. It can occasionally produce secondary artifacts,
particularly due to the beam hardening effect when metals are close.
Moreover, the method tends to be conservative, sometimes reducing
but not completely eliminating the artifact to preserve the content
integrity without excessive blurring (i.e., artifacts such as streaks are
diminished but not entirely removed).
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Fig. 6. Boxplots illustrating the distribution of each metric for the different methods on the Simulated dataset.

Table 5
Correlations between the various adopted metrics using the Pearson coefficient.
FID | MS-SSIM 1 SSIM 1 PSNR 1 RMSE |
| FID 1 - - - -
1 MS-SSIM —0.767 1 - - -
1 SSIM ~0.601 0.697 1 -
1 PSNR —0.797 0.689 0.386 1 -
| RMSE 0.752 —0.632 -0.356 —0.997 1
Table 6
Comparison of results on the Real dataset. Bold indicates the best performance.
Methods FID |
LI (Kalender et al., 1987) 85.3 + 0.2
- § DICDNet (Wang et al., 2022a) 94.6 + 219
gs InDuDoNet (Wang et al., 2021a) 75.2 + 13.1
£ E InDuDoNet+ (Wang et al., 2023) 66.2 + 3.8
- @ AttentionGAN-v2 (Tang et al., 2021) 39.8 + 23
2 E ADN (Liao et al., 2020) 45.2 + 43
§ 5 CycleGAN (Zhu et al., 2020) 46.2 + 13.1
5 E CALIMAR-GAN 327 + 3.8
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4.4. Ablation studies

To further highlight the capabilities of the proposed network, three
ablation studies are conducted to understand the impact of specific
design/parameters choices (i.e., the use x;;, and A,,;) and training
strategies (i.e., employing 50% of simulated artifact data and 50% of
real artifact data).

4.4.1. Network modules

Leveraging the baseline version of AttentionGAN-v2, CALIMAR-
GAN is tested under two conditions: using x; ; alone as both input and
background image for the network output, and incorporating both x; ;
and A,q.

The results in Table 7 demonstrate notable improvements in per-
formance metrics, particularly in terms of SSIM and FID, when each
module is utilized. This indicates that the addition of mask guidance
contributes significantly to obtaining reliable and sturdy results.

4.4.2. Training strategies

Three training strategies are evaluated to determine their effec-
tiveness: training with only simulated data, only real data, and a
combination of 50% simulated data and 50% real data. As shown in



R.M. Scardigno et al. Computerized Medical Imaging and Graphics 123 (2025) 102565
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InDuDoNet+

AttentionGAN

DICDNet InDuDoNet InDuDoNet+
Fig. 7. Visual comparisons of the MAR methods on different simulated artifacts (a), (b), and (c). To assess the artifact removal process more effectively, only zoomed-in portions
(on the right) of the slices (on the left) are shown. Subfigure (c¢) emphasizes the influence of the methods on anatomical structures (i.e., the lungs), which are not affected by the
artifacts.
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Fig. 8. Differences normalized in the range [—1;1] between the ground truth and each compared method, for the input image shown in Fig. 7c.

Table 8, training with only real data is the best option as it achieves 4.4.3. Optimal 4;, selection
the lowest FID values on the Real dataset. However, training exclusively
with simulated data results in high performance on the Simulated
dataset but a decline in real test set performance. The composite use
of simulated and real data provides a good trade-off between perfor-
mance and data availability, thus addressing issues related to clinical MAR procedure. Therefore, an ablation study was conducted to find the
applicability. optimal 4;; parameter that weights the L,; in the Eq. (5). As shown in

The identity loss L;; helps to preserve the content similarity be-
tween the input and the artifact-reduced slice. Maintaining the artifact-
free zones untouched by the network is crucial to obtain a successful

12
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Table 7
Impact of different components in CALIMAR-GAN on performance, evaluated using both the Simulated and Real dataset.
Methods Simulated dataset Real dataset
FID | MS-SSIM 1t SSIM 1 PSNR 1 RMSE | FID |
Only attention 55.7 0.897 0.795 26.9 12.0 40.4
Attention + LI 35.5 0.965 0.868 31.7 6.9 56.5
Attention + LI + Ayg 20.9 0.966 0.877 32.0 6.7 37.8

Table 8

Impact of different training strategies in CALIMAR-GAN on performance evaluated using both the Simulated and Real dataset.

Data used N. of training Simulated dataset

slices

Real dataset

FID |

MS-SSIM 1

SSIM 1t PSNR 1 RMSE | FID |

2,000
2,000
2,000

23.1
23.1
20.8

0.966
0.937
0.966

Only simulated
Only real
Simulated + Real

0.877
0.828
0.877

31.8
29.5
32.0

6.89
8.79
6.72

36.7
31.8
32.6

Dice score

0.75

0.7 e

0.65

0.6

Fig. 9. Boxplot illustrating the distribution of the Dice score for the downstream
segmentation task when images with artifacts or the output of different MAR methods
on the Simulated dataset are used.

Table 9
Impact of different A,, values on the CALIMAR-GAN performance evaluated using both
the Simulated and Real dataset.

studies on newly acquired CT scans from both human and animal
patients with metallic implants. This will ensure a more comprehensive
and clinically relevant validation of the proposed approach.

While the performed experiments demonstrate the effectiveness
of the method in reducing metal artifacts, its generalizability across
different real-world clinical scenarios remains to be further assessed.
It is well known, that the quality and characteristics of reconstructed
CT images can be significantly influenced by several factors, such
as different scanner hardware across manufacturers, variations in X-
ray beam energy, and proprietary image reconstruction algorithms.
These variations may introduce domain shifts that could affect the
performance of CALIMAR-GAN on real clinical data. The future work
will focus on validating the robustness of the model across multiple CT
scanners and diverse acquisition protocols. This will require datasets
with and without real metal artifacts acquired from different imaging
systems.

Regarding CALIMAR-GAN’s limitations, the beam hardening effect,
which is challenging to remove in image-based methods, could be
mitigated by adding a sinogram-based pre-processing reduction step.
Although CALIMAR-GAN preserves fine details, such as lung texture, it
may introduce blurring in more complex regions, like near the spine.

As a additional future research direction, the authors will cor-
roborate the importance of FID metric with radiologists’ judgment.
Furthermore, the relation between the FID and the pixel-based metrics
will be validated with a paired dataset of real artifacts. However, the

Ay value  Simulated dataset Real dataset
FID | MSSSIM{ SSIM{1 PSNR{ RMSE | FID | FID provides a global measure of distributional similarity between
processed and artifact-free images, then it is not clear the relation
0.5 32.0 0.956 0.835 29.1 8.11 39.5 . . .
0.8 20.8  0.966 0.877 32.0 6.72 32.6 between the metric values and the specific artifact types, such as beam
1.0 36.5 0.932 0.806 28.3 9.57 41.9 hardening or streaks. Future work could focus on developing dedicated

Table 9, 4,;, = 0.8 obtains the best performance on the Simulated dataset
as well as on the Real dataset.

4.5. Limitations and future works

In this subsection, the main limitations of the study, according to
the authors, are reported and discussed along with some possible future
works. Like all the works already presented on this topic, a limitation
of our study is that CALIMAR-GAN has been tested on retrospective
data. For a prospective validation, for instance, it would be useful
to acquire a dataset with both pre- and post-implant CT scans to
compute quantitative metrics on clinical data. However, it is not easy
to build such a dataset. As a next step, the authors plan to collaborate
with clinical institutions and veterinary centers to conduct prospective
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datasets designed to isolate and analyze different types of artifacts,
allowing for a more targeted evaluation.

5. Conclusion

This study has introduced a mask-guided attention network built
on a cycle-consistent GAN for the metal artifact reduction (MAR)
task in Computed Tomography (CT) scans. Extensive evaluations on
images with simulated and real metal artifacts have demonstrated
the effectiveness of the proposed method, which has been compared
with various state-of-the-art methods, including paired and unpaired
techniques. The proposed method exhibits robustness, showing con-
sistent performance across multiple test folds. Ablation studies have
revealed that the proposed design choices and mixed training strat-
egy significantly enhance performance, providing notable quantitative
and qualitative results. Additionally, the study has illustrated that the
Fréchet inception distance (FID) serves as a valid performance indicator
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Fig. 10. Qualitative results of the downstream segmentation task on the artifacted input image, the ground truth, and the outputs obtained using different MAR methods.
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Fig. 11. Boxplot illustrating the distribution of the FID for the different methods on
the Real dataset.

for real artifact data, complementing qualitative inspection. Quanti-
tative evaluations on 13,855 simulated images demonstrated superior
performance, achieving a PSNR of 31.7, SSIM of 0.877, and FID of
22.1, outperforming state-of-the-art methods. On 4,252 real clinical
images, CALIMAR-GAN achieved the lowest FID (32.7), validated as a
robust metric through correlation with pixel-based metrics (r = —0.797
with PSNR, p < 0.01; r = —0.767 with MS-SSIM, p < 0.01). This
study bridges deep learning-based artifact reduction to clinical work-
flows through high-fidelity image reconstructions, directly improving
diagnostic precision and treatment efficacy.
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