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Abstract. Metal artefacts remain a major challenge in CT, especially
near metallic implants, where they degrade image quality and obscure
anatomy. The lack of paired CT scans with and without artefacts forces
most metal artefact reduction methods (MAR) to rely on synthetic arte-
facts, causing domain gaps, particularly in 3D. This work introduces a
StyleGAN-based data generation framework for realistic, volumetrically
consistent CT metal artefact synthesis. A variational content encoder and
procedurally generated metal masks guide artefact patterns, while adver-
sarial training enforces realism and diversity. The framework rapidly pro-
duces high-quality CT volumes with controllable, anatomically plausible
artefacts that remain coherent across slices. Volumetric consistency, as-
sessed with a gradient-based cosine similarity, surpasses random artefact
generation, providing an efficient data source for training and evaluating
MAR methods.

Keywords: Computed Tomography · Metal Artefact Reduction · Arte-
fact Synthesis · Deep Learning · GAN

1 Introduction

Most prior work on computed tomography (CT) artefacts has focused on metal
artefact reduction (MAR), using either classical reconstruction techniques or
deep learning models that map corrupted scans to clean ones [3, 5, 1]. However,
supervised MAR requires paired CT scans with and without metal, which are
rarely available, so training data are often generated synthetically, typically in
2D, introducing domain gaps and limiting robustness. Recent methods model
artefacts directly for training and benchmarking, including unsupervised dis-
entanglement approaches such as ADN [7] and 3D generative frameworks that
emphasise volumetric consistency over slice-wise artefact injection [14, 11].

A key challenge in CT artefact synthesis is preserving volumetric consis-
tency. Since CT data are inherently three-dimensional, metal artefacts should

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29912-3_27

https://dx.doi.org/10.1007/978-3-032-29912-3_27
https://dx.doi.org/10.1007/978-3-032-29912-3_27


2 J. Drzewiecki et al.

vary smoothly across adjacent slices. Slice-wise generation that ignores inter-
slice context can therefore introduce discontinuities, unrealistic textures, and
structural misalignments.

In this work, a guided generative framework is proposed for controllable, vol-
umetrically consistent artefact synthesis. The method is presented as a proof of
concept for anatomically consistent artefacts coherent across CT slices, without
yet aiming to model highly realistic metal shapes tailored to specific body parts.
The key contributions of this work are:

– a volumetrically consistent artefact generation strategy that preserves inter-
slice coherence across entire CT volumes;

– a controllable synthesis mechanism that disentangles anatomical content
from artefact appearance using structured metal and streak guidance;

– a gradient-based metric for quantitatively assessing slice-to-slice structural
consistency in generated CT volumes.

2 MAGGNet Method

MAGGNet addresses the data bottleneck by treating artefacts as controllable
image components and focusing on guided artefact synthesis that preserves
anatomy while modelling realistic artefact variability. This allows consistent data
augmentation and the creation of surrogate paired data for MAR training, nar-
rowing the gap between simplistic synthetic artefacts and clinical distributions.

MAGGnet Architecture. The proposed MAGGNet (Metal Artefact Guided
Generation network) extends StyleGAN [6] with physically guided, artefact-aware
conditioning and volumetric control to synthesise CT images with metal arte-
facts that respect their physical origin, spatial structure and inter-slice coher-
ence. A procedurally generated metal-artefact guidance mask encodes implant
locations and expected streak propagation, enforcing a direct correspondence
between metal and artefacts.

As illustrated in Fig. 1, MAGGNet employs a variational artefact encoder
EA to learn a latent code for artefact appearance and a content encoder EC

to preserve anatomy from clean CTs and the guidance mask; the generator GA

combines these to produce anatomically faithful, artefact-corrupted images. Af-
ter adversarial training, the discriminator is discarded and the model can rapidly
generate diverse, controllable and volumetrically coherent metal artefacts for
clean CT volumes, providing synthetic paired data for supervised MAR. Below,
we shortly describe each part of the MAGGNet architecture.

EC – Content encoder. Let xc ∈ [−1, 1]1×H×W be a clean CT slice, g ∈
[0, 1]1×H×W the artefact guidance map and m ∈ {0, 1}1×H×W a binary metal
mask. We form a synthetically metallized input xm = clip(xc + m, −1, 1) and
encode the concatenation [xm, g] into a bottleneck feature map

zc = EC([xm, g]) ∈ R256×H/4×W/4. (1)
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Fig. 1: MAGGnet architecture. GA and DA denote the artefact generator and
discriminator, respectively. EC is the content encoder and EA is the variational
artefact encoder, which produce latent codes zc and za. xc denotes a clean CT
slice, xa a metal–corrupted slice, and g the artefact guidance map.

EA – Variational artefact encoder. Given a real artefact image xa ∈ [−1, 1]1×H×W ,
EA defines a diagonal Gaussian

q(za | xa) = N
(
µartifact, diag(σ

2
artifact)

)
, (2)

and samples a 128-D latent code via

za = µartifact + σartifact ⊙ ϵ, ϵ ∼ N (0, I). (3)

GA – Artefact generator. The generator produces an artefact-corrupted image

yfake = GA(zc, za) ∈ [−1, 1]1×H×W . (4)

Background clamping. With a body mask b ∈ {0, 1}1×H×W derived from xc, the
final image is

ỹ = b⊙ yfake + (1− b)⊙ xc. (5)

MAGGnet Training. Given a clean slice xc, guidance map g, and metal mask
m, the generator produces a synthetic artefact image yfake = GA(zc, za) with
zc = EC([xm, g]) and za ∼ q(za | xa), and the final image used for training
is obtained as ỹ after background clamping. The whole model is trained in an
adversarial fashion using a least-squares GAN (LSGAN) objective.
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The discriminator DA learns to distinguish real artefact images from gener-
ated ones:

LD =
1

2
Exa

[
(DA(xa)− 1)2

]
+

1

2
Eỹ

[
DA(ỹ)

2
]
, (6)

while the generator is trained to fool DA:

LGAN = Eỹ

[
(DA(ỹ)− 1)2

]
. (7)

To obtain anatomically faithful yet realistically corrupted images, the gen-
erator combines the adversarial loss with several task-specific regularizers. The
total loss is

LG = λGANLGAN + λcontentLcontent + λedgeLedge

+ λbgLbg + λmetalLmetal + λKLDLKLD,
(8)

where λ· are scalar weights.
We encourage that the generated image matches the clean CT outside the

guided streak regions. With body mask b and

cm = b⊙ 1[g < 0.2], (9)

the content and background terms read

Lcontent =
∥∥cm ⊙ (ỹ − xc)

∥∥
1
, (10)

Lbg =
∥∥(1− b)⊙ (ỹ − xc)

∥∥2
2
. (11)

To promote sharp, streak-like structures where guidance is present, we use an
edge-based term. With Sobel operators Sx, Sy and ∇xu = Sx ∗ u, ∇yu = Sy ∗ u,

Ledge = −E
[√

∇x(ỹ)2 +∇y(ỹ)2 + ε ⊙ 1[g > 0.1]

]
. (12)

We additionally constrain intensities inside metal regions and regularise the
artefact latent space:

Lmetal =
∥∥m⊙ (ỹ − 1)

∥∥2
2
, (13)

LKLD = KL(q(za | xa) ∥N (0, I)) . (14)

Training alternates one gradient step on (EC , EA, GA) using LG with one
step on DA using LD, analogous to standard LSGAN training.

MAGGnet – Generation of Volumetrically Consistent CT Scans. A
key goal of this work is to generate volumetrically consistent CT slices. Given a
clean volume Xc = {x1

c , . . . , x
N
c }, we construct a volumetrically consistent metal

mask M = {m1, . . . ,mN} and process the slices sequentially using inter-slice
guidance. For each slice i, the content code zic = EC([x

i
c +mi, gi]) is combined

with an artefact latent code zia ∼ q(za | xi
a) to generate the corrupted slice

ỹi = GA(z
i
c, z

i
a). Repeating this for all slices yields the artefact-corrupted volume

Ỹ = {ỹ1, . . . , ỹN}.
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3 Experiments

Training and experiments were conducted on two computing platforms: a local
workstation equipped with an NVIDIA RTX 4070 Super GPU and an Intel i7-
14700K CPU, and the Helios supercomputer, comprising 440 GH200 chips with
a theoretical peak performance of 36 PFLOPS.

The model was implemented in PyTorch and trained for 100 epochs using
the Adam optimiser with a learning rate of 1 × 10−4 for both the generator
and discriminator (β1 = 0.5, β2 = 0.999), using alternating 1 : 1 updates. The
following weights were used for the training objective: λGAN = 1. λcontent = 30,
λedge = 1.5, λbg = 50, λmetal = 15, λKLD = 0.005. All images were normalised
to [−1, 1].

3.1 Experiment 1. Guidance Mask Generation Comparison

Plenty of guidance mask generation methods were compared during the devel-
opment of the proposed approach, out of which the following 2 showed the most
promising results:

– Method 1: 1–2 metal sources with 30–120 metal streaks of constant inten-
sity equal to 0.2.

– Method 2: 1–2 metal sources with 30–120 metal streaks of constant inten-
sity equal to 0.2, augmented with thicker streaks of intensity 1 connecting
the metal sources and extending to the body outline.

Fig. 2 presents a qualitative comparison of the generated results for each
guidance mask type. Each row corresponds to one guidance method, following
the order listed above. From left to right, the images show the clean CT in-
put, the guidance mask, the artefact-corrupted style image, and the generated
artefact-corrupted output. Method 1 produces dense streak patterns. Method 2
additionally enforces strong connections between metal sources. These config-
urations yield more pronounced artefacts that better resemble streak patterns
observed in clinical CT scans.

3.2 Experiment 2. Evaluation of Volumetric Consistency in CT
Scan Generation

As illustrated in Fig. 3, the proposed method is capable of generating volu-
metrically consistent artefacts across adjacent slices. However, qualitative visual
inspection alone is insufficient for objective assessment, and a quantitative mea-
sure is required to evaluate inter-slice consistency in a principled manner. To the
best of the authors’ knowledge, no prior work has introduced a dedicated metric
for assessing volumetric consistency in medical image generation tasks.

To address this limitation, we propose a gradient-based consistency measure
GCM that evaluates the agreement of local structural changes between neigh-
bouring slices. Specifically, inter-slice consistency is quantified using the cosine
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Fig. 2: Visual comparison of image generation for different
guidance-mask strategies. Each row shows: clean CT input, guidance
mask, artefact-corrupted style image, and generated output.

similarity of image gradients between adjacent slices ∇Iz and ∇Iz+1, defined as

GCM = cos(∇Iz,∇Iz+1) =
∇Iz · ∇Iz+1

∥∇Iz∥ ∥∇Iz+1∥+ ϵ
, (15)

where ϵ is a small constant introduced for numerical stability.
This metric captures the consistency of local structural orientation changes

while remaining invariant to absolute intensity scaling and contrast variations.
Higher values indicate coherent slice-to-slice structural evolution, whereas lower
values correspond to disrupted continuity, as commonly observed in the presence
of metal-induced artefacts.

Fig. 3: Metal artefacts generated on three consecutive CT slices with
only minor slice-to-slice variations in the guidance mask.
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Table 1: GCM (Cosine similarity of image gradients) w.r.t. clean CT.
Baseline Vol. Consistent Random

Mean ± Std 0.6901 ± 0.0309 0.5853 ± 0.0304 0.3856 ± 0.0385

For quantitative evaluation, 74 clean CT scans from DeepLesion [12] were
processed, yielding 5261 images, each with volumetrically consistent or ran-
domly placed artefacts. As shown in Table 1, clean scans achieve the highest
mean similarity (0.6901 ± 0.0309), indicating strong inter-slice gradient consis-
tency. Volumetrically consistent artefacts reduce the mean to 0.5853 (≈ 15%
drop) with little change in standard deviation, showing that structured arte-
facts partially preserve coherence. Random artefacts further lower the mean to
0.3856 with increased variability (±0.0385), reflecting their irregularity. Thus,
volumetrically consistent artefacts maintain substantially more structural conti-
nuity than random ones.

4 Conclusions

We propose a guided generative framework that disentangles anatomy from arte-
facts, using procedural metal guidance to synthesise controllable, volumetrically
consistent CT artefacts more efficiently than projection-based simulators like
CatSim.

Additionally, we introduce the Gradient-based Continuity Metric (GCM), a
cosine-similarity measure for slice-to-slice structural coherence. To our knowl-
edge, this is the first quantitative metric dedicated to volumetric consistency in
medical artefact generation.

MAGGNet currently operates purely in the image domain and has been
evaluated mainly on structural coherence. Future work will study its impact on
MAR training and integrate anatomically informed metal placement.
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