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Abstract

Synthetic computed tomography (sCT) generation from magnetic resonance images (MRI) is a
key enabler of MR-only radiotherapy, eliminating the need for a separate computed tomography
(CT) acquisition while preserving the soft-tissue contrast advantages of MRI. This project inves-
tigates GAN-based MR-to-CT image translation in a multi-center, multi-anatomical setting using
data from the SynthRAD2023 and 2025 challenges. Three methodological dimensions are sys-
tematically examined: the trade-off between joint fullbody and region-specific training, the effect
of MRI intensity normalization strategies on translation quality, and the influence of generator
architecture and training regime. Experiments are conducted across three 2D image translation
frameworks — Pix2Pix, CUT, and CycleGAN - and evaluated using image similarity metrics as
well as a dosimetric assessment. The results show that the choice of translation framework has a
larger influence on performance than any individual preprocessing or architectural decision, with
Pix2Pix and CUT consistently outperforming CycleGAN across conditions. Among the tested
generator backbones, a ResNet-9 architecture achieved the best image similarity scores, and ad-
versarial training proved essential for structural coherence. These findings provide a structured
account of design trade-offs in multi-center MR-to-CT translation and offer practical guidance for
future work toward clinically deployable MR-only radiotherapy workflows.
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Chapter 1

Introduction

Radiotherapy is used in the treatment of more than half of all cancer patients ( ,

). Delivering radiation accurately requires precise knowledge of tissue photon attenuation
throughout the patient volume, as treatment planning systems rely on this information to model
radiation transport and optimize dose delivery. Computed tomography (CT) is the established
standard for this purpose: its Hounsfield unit (HU) values provide quantitative electron den-
sity maps that planning systems use directly ( , ). Magnetic resonance imaging
(MRI), by contrast, offers superior soft-tissue contrast without ionizing radiation, making it in-
creasingly indispensable for tumor delineation, organ-at-risk contouring, and real-time treatment
guidance ( , ). However, MRI signal intensity reflects proton density and
relaxation properties rather than electron density, and cannot be directly converted to the attenu-
ation information required for dose calculation ( p )-

Conventional radiotherapy workflows therefore rely on both modalities: MRI for delineation,
CT for dose calculation. When acquired in separate sessions — often days apart — the two scans
are subject to anatomical inconsistencies arising from patient repositioning, organ motion, bowel
filling, or weight changes, all of which complicate inter-modality image registration and can in-
troduce systematic errors into the treatment plan ( , ). While MR-guided radio-
therapy (MRgRT) partially addresses this by enabling real-time MRI during treatment delivery,
CT acquisition for initial planning remains necessary even in hybrid MRgRT systems. MR-only
radiotherapy represents a more fundamental shift: by generating a synthetic CT (sCT) directly
from the MRI, the workflow is consolidated into a single imaging session, eliminating registra-
tion uncertainty entirely, reducing patient burden, and removing additional radiation exposure.
Beyond workflow simplification, this approach is particularly valuable for adaptive radiotherapy,
where repeated imaging is required to account for anatomical changes over the course of treat-
ment — making the elimination of repeated CT acquisitions both dosimetrically and logistically
substantial. MR-only radiotherapy is already clinically established for the prostate and increas-
ingly feasible for sites such as the brain and head-and-neck ( , )-

Deep learning, and specifically image-to-image translation, has become the dominant paradigm
for sCT generation ( , ). In this setting, a generator model serves as a mapping
function transforming an input MRI into its corresponding sCT. Conditional generative adversar-
ial networks (cGAN) such as Pix2Pix ( , ) have demonstrated strong performance
under paired training, while unpaired frameworks such as CycleGAN ( , ) and
contrastive unpaired translation (CUT) ( , ) have extended applicability to settings
where aligned MRI — CT pairs are unavailable. Despite this progress, most published work trains
and evaluates models within a single anatomical region and on data from a homogeneous scan-
ner environment. Translating these results into a clinical deployment setting raises three practical
challenges that this project addresses directly.

The first challenge concerns anatomical generalization. In clinical practice, a radiotherapy de-
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partment treats patients across a range of anatomical sites. Maintaining separate, site-specific
models for each region is operationally burdensome. A single full-body model trained jointly on
all anatomical regions is therefore an attractive deployment target — but it is not clear whether
such a model can match the accuracy of region-specific models that benefit from anatomically
homogeneous training data. Each region presents distinct imaging characteristics, tissue com-
positions, and dose-relevant structures; a joint model must accommodate all of these within a
shared parameter space. Whether this accommodation incurs a meaningful accuracy cost is an
open empirical question.

The second challenge concerns multi-center scanner heterogeneity. MRI signal intensity is inher-
ently non-standardized: unlike CT’s HU scale, MRI intensities depend on field strength, coil con-
figuration, acquisition sequence, and scanner manufacturer. When training data originate from
multiple centers models must learn mappings from intensities that carry scanner-specific rather
than purely tissue-specific information. Whether tissue-based normalization methods, which har-
monize intensity distributions by aligning tissue-derived histogram landmarks, can outperform
simpler global rescaling approaches in this setting remains an open question. As an alternative
to preprocessing-based harmonization, a model-based approach can be pursued by conditioning
the network on scanner identity through a dedicated input layer per acquisition center, effectively
shifting the burden of domain adaptation from the data to the model architecture.

The third challenge concerns framework and architecture design. While multiple image-to-image
translation frameworks have been applied to sCT generation, direct comparisons under con-
trolled conditions are rare, as studies differ in dataset, preprocessing, and evaluation protocol.
Within a given framework such as Pix2Pix, it further remains unclear how much of the perfor-
mance is attributable to the adversarial training objective versus the generator architecture itself —
and whether a well-designed generator trained without a discriminator can achieve comparable
results. Disentangling these factors is important for understanding what drives sCT quality and
for making principled architecture choices in future work.

Motivated by these three challenges, this project systematically investigates sCT generation
using data from the SynthRAD2023 and SynthRAD2025 challenges ( , ;

, ), which provide paired MRI — CT volumes across multiple anatomical regions
and acquisition centers. Three research questions structure the investigation:

* RQ1: Can a jointly trained fullbody model achieve comparable performance to region-
specific models for MR-to-CT translation, under otherwise identical training conditions?

» RQ2: How do different MRI intensity normalization techniques affect sCT quality, and can
tissue-based normalization improve performance over global approaches in the presence of
multi-center scanner heterogeneity?

+ RQ3: How does the choice of generator architecture and training regime influence sCT
quality within the Pix2Pix framework, and how does adversarial training compare to a
generator-only setting?

To address these questions, the remainder of this report is structured as follows. Chapter 2
surveys prior work on sCT generation and image-to-image translation. Chapter 3 introduces the
methodological foundations. Chapter 4 describes the datasets, and Chapter 5 details the prepro-
cessing pipeline and experimental building blocks. Chapter 6 specifies the experimental design
and presents results. Chapter 7 examines the findings critically and identifies directions for future
work. Chapter 8 synthesizes the main conclusions.



Chapter 2

Related Work

Different approaches have been developed to generate sCT images from MRI data. These can be
broadly grouped into bulk density-based, atlas-based, and deep learning-based methods (

Bulk density-based methods segment MRI scans into a few tissue classes, typically air, soft
tissue, and bone. Each segmented region is then assigned a fixed electron density value, which
is used to calculate the dose distribution. Although simple in concept, this approach ignores
variations within tissues, which can reduce accuracy. Depending on the implementation it can
heavily depend on manual input and hence be time-consuming ( , )-

Atlas-based methods work by matching an MRI image to one or more example MRI — CT
image pairs, called atlases. The target MRI is aligned (registered) with these reference images and
then the deformation fields from registration are applied to the atlas CTs to warp them into the
target’s space. However, this method often struggles when the patient’s anatomy differs from the
atlases and requires substantial computing time due to multiple complex registrations (

7 )'

Deep learning methods use models made up of many processing layers that automatically
learn features from data. For sCT generation, deep learning models learn the relationship between
MRI intensities and CT HU values. Once trained, they can generate an sCT from a new MRI. These
methods are fast and typically do not require complex registration between different patients, as
they can operate on individual patient data ( , )

This chapter surveys prior work relevant to deep learning methods in the context of MRI-to-
CT synthesis. It begins by reviewing the main image-to-image translation frameworks, followed
by a discussion of data dimensionality choices. It then provides a broader empirical overview of
deep learning methods for sCT generation. The chapter further covers fullbody approaches, and
concludes with an overview of the SynthRAD2023 and SynthRAD2025 challenges, contextualiz-
ing the approaches explored in this report.

2.1 Image-To-Image Translation Frameworks

Deep learning architectures for sCT generation from MRI can broadly be categorized into generator-
only approaches and generative adversarial networks (GANSs), including their variants such as
c¢GANS, least-squares GANs, and cycleGANSs ( , ). With the recent rise of
transformer-based and diffusion-based approaches, the field has considerably expanded, espe-
cially in the space of generator networks. These newer architectures can capture long-range de-
pendencies and complex spatial relationships more effectively, enabling the generation of more
realistic and detailed sCT images ( , )-
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2.1.1  Generator-only

For image-based tasks, convolutional neural networks (CNN) introduced by ( )
are among the most widely used deep learning architectures. CNNs rely on convolutional filters
(kernels) to automatically detect and learn image features. Within the convolutional layers, con-
volutions are applied using trainable filters, followed by nonlinear activation functions, which
enable the model’s ability to capture complex patterns in the data.

In the context of sCT generation from MRI, the generator model serves as a mapping function
that transforms an input MRI into its corresponding sCT. During training, the generator min-
imizes a loss function that measures the intensity-based similarity between the generated sCT
and the reference CT image. Most generator architectures used in sCT generation are based on
convolutional encoder-decoder (CED) networks. The CED network consists of two main parts:
an encoder, which progressively compresses the input image into higher-level feature represen-
tations, and a decoder, which reconstructs the sCT by increasing the spatial resolutions of these
features using transposed convolutions. This structure enables the model to learn both global

context and fine local details ( , ).
A widely adopted and highly effective CED variant is the UNet, originally proposed for
biomedical image segmentation by (2015). It extended the encoder-decoder

design with skip connections that directly link corresponding layers between the encoder and
decoder, allowing the network to recover spatial details lost during downsampling.

More recently, Transformer-based architectures have emerged as a powerful alternative to
CNN:s for sCT generation. Originally developed for sequence modeling in natural language pro-
cessing, the Transformer architecture by ( ) has become a cornerstone of modern
deep learning. Its key innovation lay in the self-attention mechanism, which enabled the model to
capture long-range dependencies within the data more effectively than traditional convolutional
or recurrent architectures.

In computer vision, the Vision Transformer (ViT) extended this concept by treating an image
as a sequence of smaller, non-overlapping patches ( , )- Each patch is em-
bedded and processed through an encoder that integrates both visual and positional information,
followed by a task-specific decoder. Within the encoder, multi-head self-attention (MSA) layers
compute attention maps across all image patches, allowing the network to focus selectively on the
most relevant regions. Thanks to this ability to model global image context, ViTs have achieved
strong performance across various vision tasks such as classification, object detection, and seg-
mentation. In recent years, Vision Transformer-based models have also been increasingly applied
in medical imaging, demonstrating promising results in areas like organ segmentation, lesion de-
tection, and cross-modality image synthesis ( , ). Their capacity to capture
complex spatial relationships makes them particularly well suited for tasks like sCT generation
from MRI, where understanding global anatomical structure is critical ( , )-

The Shifted Window (Swin) Transformer ( , ) introduced a hierarchical vision
transformer architecture designed to scale efficiently to high-resolution images while retaining
strong inductive biases for dense prediction tasks. Instead of global self-attention, Swin parti-
tions the input into non-overlapping local windows and applies window-based multi-head self-
attention (W-MSA). Cross-window information exchange was enabled through a shifted window
mechanism (SW-MSA) applied in alternating layers. This design, as depicted in Figure 2.1, yields
linear computational complexity (2 with respect to image size h X w (compared to vision trans-
former’s window-less MSA with quadratic complexity).

Merging patches increased the receptive field through concatenating neighboring patches and
applying a linear layer. Pre-trained Swin Transformer of different sizes (Tiny, Small, Base, Large)
have been trained on the natural image dataset ImageNet with input resolutions of 2242 or 3842.
Originally, Swin achieved state-of-the-art results on image classification, object detection, and
semantic segmentation in natural image benchmarks.
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Figure 2.2: COMPARISION OF SWIN TRANSFORMER VERSIONS. Difference of Swin Transformer
blocks in V1 and V2 ( , ).

Swin Transformer V2 ( , ) extended the original design to improve training sta-
bility and scalability, particularly for very large models and high-resolution inputs. Two key
modifications, as shown in Figure 2.2, were introduced: (i) scaled cosine attention, which normal-
izes attention logits to prevent numerical instability when scaling model size, and (ii) log-spaced
continuous relative position bias, enabling better generalization across varying image resolutions.
Swin V2 supports significantly larger pre-training resolutions (up to 1536?) and parameter counts,
while preserving the hierarchical window-based structure of Swin. Pre-trained Swin Transformer
of different sizes (Tiny, Small, Base, Large) have been trained on the natural image dataset Ima-
geNet with input resolutions of 2562 or 3842.

Swin-UNet ( , ) adapted the Swin Transformer architecture to the medical image
segmentation domain by integrating it into a U-shaped encoder—decoder framework with skip
connections inspired by UNet ( )- In contrast to hybrid CNN-Transformer
models, Swin-UNet is a pure transformer architecture in which both encoder and decoder are
composed of Swin Transformer blocks. Medical images are treated as 2D inputs. The decoder mir-
rors the encoder structure and uses patch expanding layers to progressively restore spatial resolu-
tion while reducing embedding dimensionality. Swin-UNet was evaluated on standard medical
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segmentation benchmarks, including multi-organ CT and cardiac MRI datasets, demonstrating
improved global context modeling and competitive performance compared to CNN-based and
hybrid approaches. Similar to Swin, different model scales (e.g., Tiny and Base) were explored,
showing that smaller variants already achieve strong performance, which is particularly relevant
in data-limited medical settings.

Denoising diffusion probabilistic models (DDPMs), first introduced by ( ), rep-
resent a novel class of generative models that have shown remarkable success in producing high-
quality and realistic images. These models learn to generate data through a gradual denoising
process, starting from pure noise and progressively refining it into a coherent image across a se-
quence of time steps. The diffusion process consists of two stages: a forward process, where
random Gaussian noise is iteratively added to an input image until it becomes nearly indistin-
guishable from random noise, and a reverse process, where the model learns to invert this trans-
formation step by step. This reverse diffusion process effectively reconstructs the original data
distribution by learning how to remove the noise added at each stage ( , ).

By training over many such transitions, DDPMs learn a powerful representation of the un-
derlying data distribution, allowing them to generate highly realistic samples. However, despite
their impressive performance, diffusion models are computationally intensive, as the generative
process involves a large number of iterative denoising steps. Recent advancements, such as the
latent diffusion model (LDM) proposed by ( ), have significantly reduced this
computational burden by performing the diffusion process in a compressed latent space rather
than in the full image domain.

2.1.2 Generative Adversarial Networks

The generative adversarial network (GAN) framework was introduced by ( )
as a general approach to generative modeling. In this approach, two neural networks, the genera-
tor and the discriminator, are trained simultaneously in a two-player game. The generator learns
to produce sCT images that resemble real CT scans, while the discriminator learns to distinguish
between real and generated images ( , )-

Unlike generator-only models, GANs introduce an additional adversarial loss, which acts as a
data-driven regularizer that encourages the generated images to match the true data distribution.
In the original formulation, both the generator and discriminator were implemented as multilayer
perceptrons (MLP), but modern GANSs typically use CNNs for both components. The generator
is often based on a UNet or ResNet architecture, as these networks are effective in capturing fine
structural details while maintaining global consistency ( , ).

In the review by ( ), GAN-based architectures accounted for 55% of the re-
viewed studies and spanned three main variants: classical GAN, cGAN, and cycle-GAN. Among
these, cGAN was the most widely used, appearing in 20 studies and often being implemented as
Pix2Pix. In contrast, cycle-GAN offered the notable advantage of not requiring paired MRI/CT
data for training. Both architectures are discussed in greater detail in Sections 3.3.1 and 3.3.2,
respectively.

2.2 Data Dimensionality (2D /2.5D / 3D)

In deep learning-based sCT generation, models differ in how they process volumetric image data.
2D models operate on individual image slices (e.g. axial, sagittal, or coronal), while 3D models pro-
cess volumetric patches that capture spatial context across all three dimensions. 2.5D approaches
represent a middle ground, typically by stacking multiple neighboring 2D slices as input channels
to approximate 3D context without the full computational cost of volumetric processing. When
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examining the configurations of deep learning models for sCT generation, (2021)
found that most studies have employed 2D architectures, followed by 3D patch-based and 2.5D
approaches.

The comparison between 2D and 3D models has produced mixed findings. While
( ) reported that modified 3D UNet architectures outperform their 2D counterparts,

(2019) found the opposite, showing that 2D models can achieve higher image similarity and
better dosimetric accuracy in certain settings. Such discrepancies are often attributed to differ-
ences in patch size, dataset quality, and model depth, which strongly influence the ability of 3D
networks to capture contextual information. Moreover, because 3D models are computationally
more demanding, requiring more memory and training time, they may lose global spatial context
when restricted to smaller patch sizes ( , ). As a practical compromise,

( ) proposed 2.5D consisting of stacking multiple neighboring 2D slices as input
channels, approximating 3D spatial context at a fraction of the computational cost (

7

2.3 Deep Learning for sCT Generation

Building on the architectural families and pretrained models discussed in the preceding sections,
this section synthesizes the broader empirical findings from the literature on deep learning-based
sCT generation, providing a quantitative and comparative perspective on how different model
families have been adopted and evaluated across the field.

2.3.1 Literature Review: Achievements

In the systematic review by ( ), covering publications from January 2014 to
December 2020, GAN-based architectures accounted for the majority of sCT generation stud-
ies (55%), followed by UNet-based models (35%) and other CNN variants (10%). Similarly,

( ) reported that around 45% of 57 reviewed sCT generation studies employed
generator-only architectures including UNet, fully convolutional networks, ResNet, SE-ResNet,
and DenseNet.

While this distribution reflects a clear preference for adversarial training during period re-
viewed by ( ), it does not imply architectural superiority: comparative studies
have reported mixed outcomes, with some finding GANs outperforming UNet or other CNN-
based models, while others observed similar or even inferior performance. These inconsistencies
suggest that model architecture alone does not determine success. As highlighted by
( ), the loss function (i.e. training objective) plays a crucial role in guiding network learning
and can strongly influence final image quality — yet in many studies it has received consider-
ably less attention than architectural design, despite its fundamental impact on the optimization
process and resulting image fidelity ( , )-

A broader temporal perspective is provided by ( ), whose survey spans
deep learning-based medical image synthesis from 2018 to 2023 (note that it not only covers sCT,
but also synthetic MRI and synthetic positron emission tomography (PET) tasks). As illustrated in
Figure 2.3, CNN-based models initially dominated, followed by a marked increase in GAN adop-
tion, and more recently a shift toward Transformer and Diffusion-based architectures. Among
generative models, cGANs and CycleGANs have been the most widely utilized for sCT genera-
tion.

Although CNN-based generative models have achieved considerable success in cross-modality
image synthesis, their limited receptive field restricts them to local feature extraction, making
it difficult to capture long-range anatomical dependencies. To address this, Transformer and
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An overview of deep neural network architectures for medical image synthesis in the literature
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(
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attention-based architectures have gained increasing traction, employing self-attention mecha-

nisms to integrate local and global contextual information across image regions (
). Beyond pure self-attention, several works have targeted localized image quality through

mechanisms such as dual-stream generators and Grad-CAM guidance, helping networks focus
on anatomically relevant regions for sharper textures and better structural consistency. Hybrid

architectures combining CNNs and Transformers have proven especially effective in balancing
) implemented a Transformer-based

local detail preservation and global context: (
bottleneck within an encoder-decoder generator, stabilizing training and enhancing fine struc-
tural representation, while ResViT ( , ) employed stacked aggregated residual
Transformer layers with weight sharing to reduce computational load. ( ) pro-
posed a multi-scale CNN-Transformer hybrid extracting low-level spatial information through
convolutional encoders and modeling global dependencies in a Transformer bottleneck.
) replaced linear projections with convolutional layers to preserve spatial locality, and
) combined cross-modality attention with CNN-Transformer integration for im-
( ) utilized multiple

(

(
proved contextual correlation modeling across MRI contrasts.
residual Swin Transformer blocks interleaved with convolutional layers to enhance local feature

learning.



2.3 Deep Learning for sCT Generation 9

Diffusion-based networks have more recently emerged as one of the most powerful generative
frameworks in medical imaging, conditioning the reverse denoising process on source modality
data via either classifier-guided ( , ) or classifier-free ( ,

) strategies-with most medical synthesis works adopting the latter. ( )
demonstrated enhanced realism over GAN baselines using an MRI-conditioned diffusion model,
while ( ) incorporated null-space CT components into the reverse process for more
precise structural recovery. (2022) introduced multi-modality conditioning to handle
missing input modalities, and ( ) proposed CoLa-Diff, a structure-guided model
using anatomical masks with adaptive conditioning weighting. To improve computational ef-
ficiency, several works adopted Latent Diffusion Models (LDMs), performing diffusion in com-

pressed latent spaces ( , ). ( ) introduced an adversarial
diffusion model trained in an unsupervised manner, and ( ) extended 2D diffusion
to volumetric synthesis via slice mapping with 3D fine-tuning. The combination of diffusion and
Transformer architectures has proven particularly effective: ( ) integrated a Swin

Transformer encoder-decoder into a 3D diffusion model conditioned on MRI volumes, signifi-
cantly outperforming GAN-based baselines by capturing fine structural details through sequen-
tial denoising. Together, Transformer and Diffusion-based architectures mark a new generation of
sCT synthesis models capable of combining spatial awareness, high structural fidelity, and global
anatomical consistency-key aspects for reliable clinical adoption ( , )-

2.3.2 Literature Review: Challenges

Although deep learning has substantially improved the ability to learn complex nonlinear re-
lationships between imaging modalities, several challenges persist across different network de-
signs.

Architectural Limitations Traditional CNN-based architectures for medical image synthesis
can struggle to capture fine-grained contextual details due to their fixed receptive fields, par-
ticularly when operating on small input sizes. While GANs have achieved notable success, they
also face challenges such as training instability, mode collapse, and limited ability to model highly
complex data distributions. Vision Transformers (ViTs), though effective at capturing global de-
pendencies, may fail to extract multi-scale local details when operating on fixed-size patches.
Diffusion models, despite their impressive image fidelity, can sometimes alter the original data
distribution through noise injection, risking the loss of structural consistency ( ,

)-

2D vs. 3D Processing Many network architectures process 2D slices extracted from 3D vol-
umes, which can lead to discontinuity between slices and the loss of voxel-wise spatial correla-
tions. Conversely, 3D architectures preserve spatial consistency but require substantially more
training data, computational resources, and trainable parameters. In patch-based learning, the
choice of patch size and overlap ratio is equally critical: too small a patch can disrupt contextual
relationships between organs and tissues, while larger patches dramatically increase memory and
computational costs ( , ).

Local vs. Global Feature Modeling Cross-modality translation often struggles to balance lo-
cal texture accuracy and global structural coherence. Purely CNN-based models are typically
strong at local feature extraction but weak at modeling long-range dependencies. Conversely,
Transformers excel at capturing global context but may overlook fine spatial details. To reconcile
these complementary strengths, hybrid CNN-Transformer designs have been widely adopted

( ,
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Paired Data and Misalignment Supervised image-to-image translation methods require paired
and spatially aligned datasets, which are often difficult to obtain in medical imaging. Misalign-
ments between MRI and CT pairs can lead to unrealistic translations, geometric distortions, or
shifted anatomical boundaries. While CycleGANs mitigate the need for paired data by enabling
unpaired training, maintaining precise structural consistency remains an open challenge (

7

Data Heterogeneity A significant challenge that cuts across all architectures and most past eval-
uations concerns generalization: most models are trained on datasets from single centers, limiting
their transferability across institutions or imaging protocols and restricting the development of
universal models for medical imaging ( ,

Computational Cost Most deep architectures for medical image synthesis are computation-
ally demanding, especially when dealing with high-dimensional volumetric data. Limited GPU
resources can lead to long training times or force models to rely on lower-dimensional inputs, re-
sulting in degraded spatial consistency. Recent architectures such as Transformers and Diffusion
models provide superior results but at the cost of significantly increased computational overhead
( , ). Common strategies to mitigate these costs include employing patch-
based learning and neighboring-slice aggregation to simulate 3D context efficiently ( ,
, ), using we1ght—shar1ng mechanisms and lightweight modules
to reduce trainable parameters ( , , ), extending 2D networks to
pseudo-3D through stacked slice or volumetric layer integration ( , ), training mod-
els in latent space via LDMs to decrease dimensionality while maintaining fidelity ( ,
; , ; , ), and combining Transformers with CNN bottlenecks to
leverage global attention with reduced computational intensity ( , ). Hierarchi-
cal designs such as Swin Transformers further improve memory efficiency over vanilla ViTs (

4 )'

2.4 Fullbody Approaches

Many existing approaches rely on region-specific models, but there are reasons for developing
generalized or fullbody models capable of synthesizing CT images across multiple anatomical re-
gions, including the thorax, abdomen, and pelvis. A single model trained on diverse anatom-
ical regions could simplify deployment, eliminate the need for multiple site-specific networks,
and enhance consistency across treatment areas. However, achieving this is challenging due to
anatomical variability, motion artifacts, and scanner-dependent differences.

To date, only a few studies have explicitly addressed region-independent or fullbody sCT
generation. Among these, ( ) conducted one of the first feasibility studies using
a general cGAN model trained jointly on thoracic, abdominal, and pelvic MRI data, achieving
image and dosimetric accuracy comparable to that of site-specific models. Their findings indicate
that a single deep learning model could potentially enable MRI-only workflows across multiple
extracranial anatomical regions. Similarly, one of the top-performing SynthRad2025 teams (

, ) trained a single model on the combined dataset rather than developing separate site-
specific models for each anatomical region.

While explicit comparisons between site-specific and general models remain limited in the
MRI-sCT literature, there is a clear trend toward improving model generalizability across imaging
systems and acquisition domains. Rather than developing separate networks for each setting,
recent studies have focused on making models more robust to scanner-, sequence-, and field-
strength variability. For example, ( ) demonstrated that a cGAN trained on 0.35 T
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MRI could be successfully transferred to 1.5 T and 3 T systems with minimal performance loss,
highlighting the feasibility of cross-field generalization. Similarly, ( ) achieved
consistent pelvic sCT generation across multiple institutions and scanners.

Despite the growing interest in generalizable or fullbody sCT models, several expert reviews
highlight that a site-specific approach remains preferable for clinical accuracy and safety. The
recent position paper by the European Society for Radiotherapy and Oncology (ESTRO;

) emphasizes that the trade-off between accuracy and generalizability should
be handled with caution, explicitly noting that the preferable approach is site-specific, as each
anatomical region presents unique imaging characteristics, motion patterns, and dose calculation
requirements. The authors argue that training data should be carefully curated to represent the
intended clinical cohort — for example, “male pelvis without hip implants” — and that models
should not be applied outside their validated anatomical or scanner context. They further high-
light that scanner-dependent differences, field-of-view limitations, and bone-air interface artifacts
can severely compromise general model performance. Consequently, they advocate for separate
model development and commissioning per anatomical site, supported by rigorous site-specific
quality assurance and risk analysis frameworks. Investigating general models still has scientific
value. Comparing multi-region training strategies against site-specific baselines is the only way
to measure the accuracy trade-off and determine when general models are clinically acceptable.

2.5 SynthRAD2023 and 2025 Challenge

To improve and benchmark the creation of sCT images using MRI and cone beam computed
tomography (CBCT) data for radiation, the SynthRAD Grand Challenges 2023' and 2025* were
created. A basic gap in adaptive radiotherapy workflows was filled by the challenge: CBCT helps
determine the patient’s position on the treatment table but needs precise attenuation data, while
MRI provides good soft-tissue contrast but lacks the electron density information necessary for
dose calculations. The goal of combining CT from multiple modalities is closing that gap and
possibly lessen dependency on traditional CT scans.
Two main tasks were defined:

« Task 1: Generate sCT from MRI (MRI-to-CT synthesis), supporting MRI-only or MR-guided
radiotherapy applications.

+ Task 2: Generate sCT from CBCT (CBCT-to-CT synthesis), enabling CBCT-based adaptive
radiotherapy workflows.

While the tasks of both challenge editions are very similar, two key differences exist between the
2023 and 2025 editions. The 2023 edition prohibited the use of external training data and pre-
trained models, whereas the 2025 edition permitted these provided they were publicly available
to all participants before a specified date. Additionally, the provided datasets cover different
anatomical regions: brain and pelvis in 2023, and head-and-neck, thorax, and abdomen in 2025.

The following summarizes the methodological approaches of the top five SynthRAD2025 sub-
missions for Task 1 (MRI-to-sCT), covering architectural choices, loss function design, and use of
pretrained models.

The winning group KoalAI ( , ) employed an ensembled 3D ResUNet-L with a
Masked Anatomical Perception (MAP) loss, which combines MSE with a perceptual term from a
TotalSegmentator model to enforce anatomical consistency between synthetic and real CT.

Ihttps://synthrad2023.grand-challenge.org/
2https://synthrad2025.grand-challenge.org/
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The second-placed group ImagePasNet ( , ) adapted a 3D residual UNet from
nnUNet and introduced the Anatomical Feature-Prioritized (AFP) loss, which supervises training
using multi-layer features from a TotalSegmentator-based segmentation network.

The third-placed group BreizhCT ( , ) used a 2.5D UNet++ with a ResNet-34
encoder, trained jointly across regions and fine-tuned per region, with a loss combining L, error
and perceptual terms from VGG-19, SAM, and TotalSegmentator.

The fourth-placed group MixCT ( , ) proposed GANeXt, a 3D patch-based GAN
built from ConvNeXt blocks, notable as the only top submission to train a single unified model
across all anatomical regions without region-specific fine-tuning.

The fifth-placed group QWER ( , ) applied the 3D nnUNet framework, com-
bining MAE with a TotalSegmentator-based perceptual loss, and achieved their best results by
ensembling region-specific models with test-time augmentation (TTA).

Across the top five submissions, several consistent patterns emerge. The three best-performing
teams all employed encoder-decoder architectures based on UNet variants, confirming the con-
tinued effectiveness of this design for cross-modality image synthesis. Their primary differences
arose not from architectural complexity but from the choice and composition of loss functions: the
highest-performing models incorporated deep feature representations from pretrained networks
— most notably TotalSegmentator (discussed in more detail in Section 3.2) — as perceptual and
anatomical supervision signals, improving training stability and geometric consistency. Notably,
all top methods except MixCT trained distinct models per anatomical region, suggesting that cur-
rent approaches still rely on region-specific optimization rather than fullbody generalization - a
limitation that directly motivates the multi-region scope of this work.



Chapter 3

Background

This chapter introduces the technical foundations underlying the methods developed in this re-
port. It begins with an overview of MRI and CT imaging principles and the motivation for MRI
intensity normalization, before covering the image-to-image translation frameworks and genera-
tor network architectures that form the basis of the sCT generation pipeline.

3.1 MR and CT Imaging

MRI is a non-ionizing imaging modality that provides high-resolution, three-dimensional visual-
ization of soft tissues. Image formation is based on the interaction of hydrogen protons in water
molecules with a strong external magnetic field and radiofrequency pulses. As the protons relax
back to equilibrium, they emit signals that are detected and reconstructed into images reflecting
tissue-specific properties such as water and fat content ( , ). This results in
excellent soft-tissue contrast, enabling clear differentiation between tumors and surrounding or-
gans at risk, which is often limited in CT images. For certain clinical indications, contrast agents
may be used to further enhance tissue contrast and vascular structures. Because MRI uses radia-
tion in the radiofrequency range, which does not damage tissue as it passes through, there are no
known biological hazards associated with the modality ( , )-

CT imaging, in contrast, relies on ionizing X-ray radiation. The fundamental principle behind
image generation is the differential absorption and attenuation of X-rays by tissues of varying
density. Dense structures such as bone appear with high attenuation, while soft tissue and air-
filled regions show lower attenuation. Because CT uses ionizing radiation, it is associated with
exposure that carries a potential biological risk, particularly with repeated imaging (

, ). A key advantage of CT in radiotherapy is its ability to provide quantitative electron
density information, which is essential for accurate dose calculation. Treatment planning systems
use CT-derived HU ( , ) to assign electron densities relative to water, enabling
reliable modeling of radiation transport and energy deposition. For this reason, CT has long been
considered the gold standard for radiotherapy treatment planning ( , ).

These HU form a standardized scale derived from tissue-specific X-ray attenuation:

w(v) = pH,0

Y'(v) = 1000 -
HH2O

(3.1)
where Y’ (v) is the CT number in HU at voxel v, u(v) the linear attenuation coefficient of the tis-
sue at voxel v, and 1,0 that of water. By construction, water is assigned a value of 0 HU and air
approximately —1000 HU. Because the scale is anchored to these physical reference points, CT in-
tensities are quantitative and largely comparable across scanners following calibration. Table 3.1
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Table 3.1: This table lists representative CT numbers for common tissue types at a typical clinical
energy range (effective energy ~60-70 keV), adapted from

Tissue CT number (HU)
Bone 1000 to 3000
Blood 40
Brain (grey matter) 35 to 45
Brain (white matter) 20 to 30
Muscle 10 to 40
Water 0
Lipid —50 to —100
Air —1000

lists representative CT numbers for common tissue types at a typical clinical energy range (
, 2010).

Conventional MRI, by contrast, lacks an absolute intensity scale. MR signal intensities are
unitless quantities expressed in uncalibrated units — they do not correspond to a defined physical
measure and their magnitude depends on hardware-specific scaling factors such as receiver gain
and coil sensitivity ( , )- The observed intensity of a given voxel arises from a
complex interaction between tissue properties (proton density, 7%, 75) and acquisition parameters
(field strength, pulse sequence, repetition and echo times). Consequently, the same tissue can
yield substantially different numerical values across scanners, field strengths, or even repeated
acquisitions on the same device with a different protocol; MRI intensities are therefore not directly
comparable across — or even within — datasets without explicit normalization. The use of contrast
agents, which alter tissue relaxation times, introduces an additional source of variability. This
fundamental absence of a standardized intensity scale motivates the application of normalization
techniques when MRI data serve as input for models that aim to recover physically meaningful
quantities, such as sCT images.

3.1.1 Nyul Histogram Matching Normalization

Nyl histogram standardization is a widely used method for MRI intensity normalization that
aims to reduce inter-subject and inter-scanner variability by mapping volume intensities to a com-
mon standard scale. The method was originally proposed by ( ) and is based
on the observation that although absolute MRI intensities are not standardized, the relative posi-
tions of tissue classes within the intensity histogram are often consistent across subjects. The core
idea is to learn a global intensity mapping from a representative training set and subsequently
apply this mapping to unseen volumes. Unlike per-volume normalization methods, which oper-
ate independently on each volume, Nytl normalization establishes a dataset-level reference scale,
enabling consistent intensity interpretation across the entire cohort. The method proceeds in two
stages: a training stage, in which a standard histogram is learned, and a transformation stage, in
which individual images are mapped to this standard.

Training stage. Given a set of N training volumes, the algorithm first identifies, for each vol-
ume v, a set of landmark intensities derived from the foreground intensity histogram. Specifically,
let pmin and pmax denote user-defined percentiles that delineate the effective intensity range, ex-
cluding background voxels and extreme outliers. Within the interval [pmin, Pmax], @ fixed number

L of equally spaced percentile levels are computed, and the corresponding intensity values at

those percentile levels are recorded as landmarks ,u%v), cee ,u(Lv) for each volume v, where ul(v) de-
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notes the intensity at the [-th percentile landmark of volume v. In a second step, the landmark
values are averaged across all training volumes to obtain a standard set of landmark intensities:

N
_ 1 (v)
“lzﬁg ', l=1,..., L. (3.2)

v=1

Together with the desired output minimum s,,;, and output maximum $,,,,, these averaged
landmarks define the standard histogram scale.

Transformation stage. To normalize a volume, the same percentile landmarks 1, ..., ur are
extracted from its foreground histogram. A piecewise linear mapping is then constructed that
maps each volume-specific landmark g, to the corresponding standard landmark fi;, with linear
interpolation between consecutive landmarks. Intensities below pmi, are clipped to smin, and
intensities above pax are clipped to smax. Formally, for a voxel at position v of the MRI before
normalization with intensity X’ (v) falling in the interval [u;, f1+41], the normalized intensity is:

!
X(v) =t ) . (33)
Hi+1 =
A binary foreground mask is used throughout to restrict the histogram computation to anatomi-
cally relevant voxels and to exclude background air, which would otherwise dominate the inten-
sity distribution and distort the landmark estimates.

3.1.2 N-Peaks Intensity Normalization

N-Peaks is a tissue-based MRI intensity normalization method proposed by

( ) that harmonizes image intensities across a dataset by aligning the histogram peak inten-
sities of selected homogeneous normal tissues. Unlike the previously described Nyl histogram
matching, which operates on aggregate intensity statistics of the full body contour, N-Peaks an-
chors the transformation to anatomically meaningful tissue landmarks. This makes it less suscep-
tible to bias from inter-patient variability in body composition, such as differences in fat volume,
which can distort global histogram-based normalizations ( , )-

The method takes as input the non-normalized MR image X', and a set of K tissue masks
M; C X', j =1,...,K, each expected to contain a region of homogeneous normal tissue. In
a ﬁrst step, the algorithm isolates homogeneous voxels within each mask by computing a local
intensity change (LIC) map. For each voxel v with intensity X’ (U), this is defined as:

gr(v) = w én‘/la/i((v) X/(U}) B wEmWi/rrl(v) X/(’LU) ’ where W ( {1) €X' | d(v, 7) ) < T}
(3.4)

and d denotes the Euclidean distance with r being a user-defined neighborhood radius. For each
mask Mj, only voxels with local intensity change below a threshold g; are retained to form the
homogeneous subregion (subscript » for homogeneous):

My, —{UEM‘gT <g]} (3.5)

The threshold g; is set to the g-th quantile of the LIC values within A/}, where ¢ € (0, 1] controls
the strictness of filtering. A lower ¢ yields a stricter g;, retaining only the most homogeneous
voxels at the cost of reduced sample size, while a higher ¢ applies softer filtering and retains more
voxels. This filtering excludes tissue interfaces, blood vessels, and other heterogeneous structures.

Next, for each filtered region M, ;, alandmark intensity p; is identified by computing a kernel
density estimate (KDE) of the intensity distribution within M}, ; and selecting the intensity at the
most prominent peak:

K; = argmax fh’j(x), (3.6)



16 Chapter 3. Background

where f, ; denotes the KDE computed over the voxel intensities in Mj, ;, and a prominence cri-
terion is applied to handle potentially multi-modal distributions. This peak detection is robust
against imperfect masks, as the algorithm can isolate the correct tissue peak even when the mask
contains multiple tissue types ( , )

Once landmark intensities j; have been determined for all K masks, the image is transformed
to a normalized scale via a piecewise linear mapping. Each landmark is mapped to a predefined
target intensity fi;, analogous to the standard landmarks in Nytl normalization (Equation 3.3).
For an intensity value X’(v) falling in the interval [it;, 1t 41], the normalized intensity is:

B X'(v) —p; ,_ _
X(0) = i+ D . 37)
Hj+1 — My

The transformation is thus identical in form to the Nyl piecewise linear mapping (Equation 3.3),
but differs in how landmarks are determined: Nyl uses histogram percentiles of the body con-
tour, whereas N-Peaks uses tissue-specific peak intensities from anatomically defined regions.

3.1.3 N4 Bias Field Correction

MRI images are affected by a slowly varying multiplicative signal inhomogeneity known as the
bias field (also referred to as intensity inhomogeneity or shading artifact), which arises primar-
ily from non-uniformities in the transmit and receive radiofrequency coils. This artifact causes
the intensity of the same tissue type to vary smoothly across the image volume, violating the
assumption of spatially uniform tissue intensities that underlies histogram-based normalization
methods. If left uncorrected, the bias field broadens and distorts tissue peaks in the intensity his-
togram, reducing the ability of methods such as N-Peaks to identify sharp, well-separated tissue
landmarks.

This can be mitigated by applying N4ITK bias field correction ( , ) to MRI
volumes prior to intensity normalization. N4ITK is a widely adopted refinement of the earlier
N3 algorithm. It assumes that the observed voxel intensity i(v) is a corrupted version of the true,
homogeneous tissue intensity X{,,.(v):

X'(0) = Xie(v) - b(v) +n(v), (3.8)

where b(v) is a smooth, slowly varying multiplicative bias field and n(v) denotes additive noise.
The algorithm iteratively estimates and removes b(v) by fitting a B-spline approximation to the
log-transformed residual field, using a modified expectation-maximization scheme that does not
require prior tissue class information.

3.2 TotalSegmentator

TotalSegmentator ( ; , ) is a publicly available
framework for whole-body segmentatlon in medical imaging. It is built on the nnUNet archi-
tecture ( , ), which self-configures preprocessing, network topology, and training

hyperparameters based on the properties of the input data. The framework automatically de-
lineates over one hundred anatomical structures (so-called tasks) from volumetric CT and MRI
scans and accepts 3D input volumes at varying spatial resolutions; internally, images are resam-
pled to a target spacing determined during the self-configuration stage. For MRI, a dedicated
model trained on MR data is available, supporting tissue segmentation tasks such as organ and
body-composition delineation.
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3.3 GAN-based Image-to-lmage Translation

Image-to-image translation refers to the task of learning a mapping between two visual domains,
where both input and output are images defined on a grid. Formally, given paired 2D samples
(x,y) from domains X and ), the goal is to learn a function G : X — Y such that G(z) ap-
proximates the corresponding target image y. In the context of this project, X corresponds to the
domain of normalized MR images and ) to domain of normalized CT images.

3.3.1 Pix2Pix (cGAN)

(2017) proposed Pix2Pix which formulates image-to-image translation as a conditional
generative adversarial network (cCGAN). The key difference compared to conventional GAN is, that
instead of generating images from random noise alone, the generator is conditioned on an input
image « and learns a mapping G : {z,z} — y, where z denotes optional noise. In practice,
stochasticity is often introduced via dropout rather than explicit noise injection ( , ).

Network Components. Pix2Pix consists of two networks, schematically depicted in Figure 3.1.
The Generator G translates normalized MR to the normalized CT domain using an CED architec-
ture with skip connections (UNet, see Section 3.4.1). Skip connections concatenate feature maps
between corresponding encoder and decoder layers, allowing low-level spatial information to
bypass the bottleneck ( , ). This is particularly beneficial for tasks where input and
output share structural alignment, such as MR-to-CT translation. The Discriminator Dy classi-
fies each P x P patch as real or generator-generated and averages the responses. Pix2Pix uses a
PatchGAN classifier that operates on local image patches instead of the full image. This design
models high-frequency structure while reducing the number of parameters and enabling fully
convolutional inference ( , ).

Dy

G t
/\
X Y

Figure 3.1: PIX2P1X NETWORK ARCHITECTURE. Schematic visualization of the Pix2Pix network
architecture, adapted from ( ).

Objective. The conditional adversarial objective is based on two components, the cGAN and L,
objectives, and is defined as:

G* = argmin Ir[l)aX £cGAN(G7 Dy) + AL, (G), (3.9)
G Y
where X controls the trade-off between structural realism and pixel-wise fidelity ( , )-

The cGAN objective is defined as

LCGAN(Ga Dy) = Ex7y[10g Dy(a?, y)} + ]Ex,z[log(l — Dy(l‘, G(l‘, Z)))], (310)
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where the discriminator Dy learns to distinguish real pairs (z, y) from generator-generated pairs
(z,G(z, z)) in domain ), and the generator G aims to minimize this objective while Dy maximizes
it. Conditioning the discriminator on x is essential, as it enforces consistency between input and
output rather than merely encouraging realism in Y ( , )-

To stabilize training and preserve low-frequency correctness, Pix2Pix combines the adversarial
loss with a pixel-wise reconstruction term. Instead of an Ly loss, an L; loss is used to reduce
blurring:

£1,(G) = Epye[ly — Gla,2)1)- (3.11)

Data Requirements. Pix2Pix is a supervised framework and requires paired and spatially aligned
training data (z,y). In our application, this corresponds to registered MR-CT pairs. The avail-
ability and quality of such paired datasets directly influence the achievable performance, which
is a major limitation of Pix2Pix ( , ).

3.3.2 CycleGAN

CycleGAN extends adversarial image-to-image translation to the unpaired setting, where no spa-
tially aligned training pairs (z,y) are available ( , ). Instead, only two independent
image collections z; € X and y; € ) are given. The goal is to learn mappings between the two
domains solely from distribution-level supervision.

Network Components. CycleGAN consists of four networks (see Fig. 3.2): Two generators —
G:X = Yand F : Y - X - and two discriminators — Dy distinguishing real images y from
generated images G(z) and Dx distinguishing real images x from generated images F'(y) (

( ) implemented both generators as fully convolutional encoder-decoder net-
works with residual blocks (see Section 3.4.2), while the discriminators followed the PatchGAN
design introduced in Pix2Pix (see Section 3.3.1). The architecture enables translation at the level
of local image patches while preserving global consistency.

Figure 3.2: CYCLEGAN NETWORK ARCHITECTURE. Schematic visualization of the CycleGAN
network architecture from ( ).

Objective. The optimization problem combines adversarial and cycle-consistency terms:

G*", F* = arg min ma[})( ,CGAN(G,Dy,X,y) + £GAN(F7 Dx,y,.)() + )\Ecyc(GaF)a (3.12)

G,F Dx,Dy

where A controls the trade-off between distribution matching and reconstruction consistency.
The adversarial loss for the mapping G : X — ) is defined as

Lcan(G, Dy, X,Y) = Ey~y[log Dy (y)] + Esnx[log(1 — Dy (G(2)))], (3.13)



3.3 GAN-based Image-to-Image Translation 19

where G aims to generate images indistinguishable from real samples in ), while Dy maximizes
its discrimination accuracy. Note the difference to the cGAN objective (see Equation (3.10)), where
the discriminator is conditioned on the input. An analogous objective Lgan(F, Dx, Y, X) is de-
fined for the reverse direction ( , ).

Adversarial training alone enforces matching marginal distributions but does not guarantee
that an individual input « is mapped to a semantically corresponding output. To constrain the
solution space, CycleGAN introduces a cycle-consistency constraint ( , ). The intuition
is that a translation from one domain to the other and back again should reconstruct the original
image x — G(z) — F(G(z)) = z and y — F(y) = G(F(y)) ~ y. This is formalized as

Ecyc(Gv F) =Esnx [HF(G(.’L’)) - x”l] + ]Ey~y [”G(F(y)) - yHI]- (314)

Data Requirements. In contrast to Pix2Pix, CycleGAN does not require paired or spatially
aligned training data. Instead, it only assumes that samples from both domains are available and

that an underlying correspondence exists at the distribution level ( , ). This prop-
erty makes CycleGAN particularly attractive for medical imaging applications where perfectly
registered MR-CT pairs are scarce or costly to obtain. Interestingly, ( ) have

shown that models trained on unpaired data can even outperform paired-data GANs in certain
scenarios.

3.3.3 Contrastive Unpaired Translation (CUT)

CUT, proposed by ( ), reformulates unpaired image-to-image translation by replac-
ing the cycle-consistency constraint of CycleGAN with a contrastive learning objective. While Cy-
cleGAN enforces structural preservation through a full round-trip reconstruction involving two
generators and two discriminators, CUT achieves this with only a single generator G : X — )
and a single discriminator Dy .

The key insight behind CUT is that content preservation between input and output can be
enforced at the level of internal feature representations rather than through pixel-wise recon-
struction in image space. Specifically, CUT leverages the observation that corresponding spatial
locations in the input image « and the generated output G(z) should share similar high-level fea-
tures, while non-corresponding locations should differ. This is formalized through a patch-based
contrastive loss applied to intermediate feature maps of the generator itself ( , )-

Network Components. CUT consists of the following three components. The Generator G
is a CED network with residual blocks. In CUT, the generator additionally serves as a feature
extractor for the contrastive loss: intermediate encoder layers produce the feature maps from
which patch-level queries and keys are derived ( , )- The Discriminator Dy serves
the same purpose and utilizes the same PatchGAN architecture as in Pix2Pix and CycleGAN. The
Feature projection head H is an additional, small two-layer MLP network where H; is attached to
each selected encoder layer ! to project the extracted features into a lower-dimensional embedding
space where the contrastive loss is computed. These projection heads are learned jointly with the
generator ( , ).

Objective. The full CUT objective combines an adversarial loss with the PatchNCE contrastive
loss:

G = argénin max Lcan(G, Dy, X,Y) + AncELpatenNcE (G, H, X), +Anc ELpatehnce (G, H, V),
Y
(3.15)
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Figure 3.3: CONTRASTIVE UNPAIRED TRANSLATION: PATCHWISE CONTRASTIVE LOSS. For each
query patch in the generated output, the corresponding patch in the input image « serves as the
positive sample, while all other spatial locations within z serve as IN negatives. Features are
extracted via a shared encoder G, . and projected through an MLP H; (Park et al., 2020).

enc

where Ay ¢ g controls the relative weight of the contrastive term (Park et al., 2020). The adversarial
loss Lian follows the same formulation as in CycleGAN (see Equation (3.13)).

The PatchNCE loss is the central contribution of CUT. For a selected encoder layer [ of the
generator, let le) = H(GL.(G(z)))® denote the projected feature at a spatial location s in the
generated output G(z), and let z;r(s) = H;(GL..(2))® denote the projected feature at the same
spatial location s in the input z. These form a positive pair: corresponding patches in input and
output that should be mapped to similar representations. All features at other spatial locations
s # s’ in the input serve as negative samples. The PatchNCE loss for a single query at layer [ and
location s is defined as:

exp(z” -z /1)

exp(z” 2 /r) + Copsexn(n” - /)
where 7 is a temperature parameter and zl_(s/) are the negative samples drawn from other spatial
locations within the same input image. A illustration of the patchwise contrastive loss can be
seen in Figure 3.3. The total PatchNCE loss is computed by averaging over .S randomly sampled
spatial locations and L selected encoder layers (Park et al., 2020):

L(s,1) = —log (3.16)

Lpatehnce (G, H, X) = Epox

1&1E
7252 s, Z)] : (3.17)

A notable property of this formulation is that both positive and negative samples are drawn
from within the same image. Since the generator encoder is used both to produce the output and
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to extract features for the contrastive loss, the framework effectively encourages the generator to
preserve the spatial structure encoded in its own intermediate representations ( , ).

Data Requirements. Like CycleGAN, CUT is an unsupervised framework that does not require
paired or spatially aligned training data. It requires only two independent collections of images
from domains X and ).

3.4 Generator Network Architectures

The generator constitutes the central component of all image-to-image translation frameworks
investigated in this work, including Pix2Pix, CycleGAN and CUT. In this section, we describe the
generator architectures used throughout frameworks introduced in Section 3.3.

3.4.1 UNet-256

The UNet architecture was originally proposed for biomedical image segmentation by

( ). It consists of a contracting path (encoder) that captures contextual information and
a symmetric expansive path (decoder) that enables precise spatial localization (see Figure 3.4). A
defining architectural element is the use of skip connections that concatenate feature maps from
encoder layers with their corresponding decoder layers. This design combines high-resolution
spatial information from early layers with semantically rich, low-resolution features propagated
through the bottleneck.

While this symmetric encoder-decoder principle with skip connections remains conceptually
unchanged, ( ) introduced several architectural modifications to adapt UNet to
conditional adversarial image-to-image translation. These adaptations are discussed in the fol-
lowing.

input
image |»|»
tile

output
| segmentation
map

;[D*D*D =»conv 3x3, ReLU

copy and crop

512 512 024 512
"D o -i-an ¥ max pool 2x2
sy 1024 5 8 4 up-conv 2x2
|:|:|:|->|:| = conv 1x1

Figure 3.4: ORIGINAL UNET ARCHITECTURE. Original UNet architecture as proposed by
( ). UNet-256 uses 8 levels with 4 x 4 convolutions with stride 2 to replace max
pooling, compressing 256 x 256 x 1 inputs down to a bottleneck of 1 x 1 x 512.
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The Pix2Pix framework by ( ) adopted a modified UNet as generator for con-
ditional image-to-image translation. In contrast to the segmentation setting in
( ), the generator learns a mapping between two image domains, and therefore outputs a
continuous-valued image rather than discrete class labels.

For 256 x 256 inputs, Pix2Pix employs an 8-level encoder-decoder, commonly referred to as
UNet-256. All convolutions use 4 x 4 kernels with stride 2 for downsampling, effectively re-
placing max-pooling operations by strided convolutions. Each convolutional block follows a
Convolution — Normalization — Activation pattern. The final layer applies a non-linear activa-
tion to constrain the output intensity range.

The encoder of UNet-256 simultaneosly increases the number of channels from 1 (or 3 for nat-
ural images) to 512 while reducing the spatial resolution from 2562 to 1?. The decoder mirrors this
structure using transposed convolutions. Due to the skip connections, feature maps from encoder
layer i are concatenated with those of decoder layer 8 — ¢, doubling the number of channels before
the subsequent convolution. Consequently, after concatenation, the number of channels is re-
duced again by the following transposed convolution. This concatenation mechanism preserves
fine-grained spatial information that would otherwise be lost in the bottleneck representation.

While the original UNet used standard convolution and ReLU layers, Pix2Pix introduced nor-
malization layers after each convolution (BatchNorm). Furthermore, dropout is applied in several
of the deepest decoder layers. In Pix2Pix, dropout also serves as the only source of stochasticity
in the generator and is kept active during inference ( , )-

3.4.2 ResNet-9

The ResNet-9 generator follows the architecture proposed by ( ) for neural style
transfer and subsequently adopted by ( ) as the default generator for CycleGAN.
The ResNet-9 (as shown in Figure 3.5) architecture passes all information through a flat bottleneck
composed of nine residual blocks. This design is well suited to tasks where input and output
share the same overall structure but differ primarily in texture and appearance, as the residual
connections allow the network to learn an additive refinement on top of an approximate identity
mapping. The architecture consists of three stages: a downsampling encoder, a residual bottle-
neck, and an upsampling decoder.

The ResNet-9 encoder begins with a 7 x 7 convolution preceded by reflection padding, fol-
lowed by instance normalization and ReLU. Two subsequent 3 x 3 convolutional layers with
stride 2 progressively reduce the spatial resolution by a factor of 4 while doubling the channel
count at each stage. Each is followed by instance normalization and ReLU. For 256 x 256 inputs,
the encoder produces feature maps of size 64 x 64 x 256.

The bottleneck consists of nine residual blocks, each operating at 256 channels. Each block
contains two 3x3 convolutional layers with reflection padding, where the first is followed by
instance normalization and ReLU, and the second by instance normalization only. The output is
computed as:

h' =h+ F(h), (3.18)

where £ is the block input and F the two-layer convolutional transformation. This residual for-
mulation enables the network to learn refinements to its intermediate representations rather than
full transformations, facilitating gradient flow and stabilizing training in deeper networks (

, )- Unlike the skip connections in UNet, which bridge encoder and decoder at match-
ing spatial resolutions, the residual connections here operate within the bottleneck at a single
resolution, preserving feature dimensionality without concatenation.

The decoder mirrors the encoder using two upsampling stages that restore the spatial resolu-
tion to the original input size. In the anti-aliased variant used here, each stage consists of a learned
upsampling operation followed by a 3 x 3 convolution, normalization, and ReLU activation. The
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Figure 3.5: RESNET-9 ARCHITECTURE. ResNet-9 architecture as implemented by Zhu et al. (2017).
ResNet-9 consists of an encoder, a flat bottleneck with 9 residual blocks, and a decoder restoring
original spatial dimensions.

channel dimensions are progressively reduced from 256 to 128 and then to 64. The final output
layer applies reflection padding followed by a 7 x 7 convolution that maps the 64-channel fea-
ture representation to the desired number of output channels, and a non-linear output activation
constrains the output range.

Park et al. (2020) adopted the ResNet-9 generator as the default for CUT. The sequential struc-
ture of ResNet-9 allows straightforward extraction of intermediate feature representations at arbi-
trary layers, which is required by the PatchNCE loss in CUT (3.17). Park et al. (2020) calculate the
PatchNCE loss based on five layers from the encoder and bottleneck. The recursive architecture
of UNet-256 does not readily support this.

3.5 Evaluation Metrics

We quantify the similarity between generated sCT volumes and reference CT using masked, slice-
wise image-similarity metrics computed inside the patient body region. For each axial slice i in
the target volume y; € Y or predicted sCT volume g; € Y, let y;(p) and ¢;(p) denote the ground
truth CT and sCT intensities (in HU) at pixel p, and let m; be the corresponding body mask with
cardinality |m;].

Masked mean absolute error (MAE). The masked MAE measures the average absolute devia-
tion between CT and sCT within the body mask:

MAE, = ﬁ S ilp) — ()l (3.19)

pPEM;
Masked mean squared error (MSE). The masked MSE emphasizes larger discrepancies by
squaring the error before averaging:

1
||

MSE; = — > (si(p) — #i(p))*- (3.20)

pEM;
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Masked peak signal-to-noise ratio (PSNR). PSNR summarizes the reconstruction fidelity on
a logarithmic scale derived from the masked MSE:

2
PSNR; = 10log,, (@) , (3.21)

where L is the HU intensity range. In our setting, we use L = 1200 — (—1024) = 2224 HU. Higher
PSNR indicates better agreement (i.e., lower MSE).

Masked structural similarity (SSIM). For two image patches (7 x 7 pixels) centered at pixel p

with means f,, 15, variances o7, 07, and covariance o, the local SSIM is defined as:

(2pypg + 1) (2045 + c2)
(02 + p2 +c1)(02 + 02+ ¢2)’

SSIM(p) = (3.:22)

where ¢; and ¢, are stability constants. The masked SSIM for slice i is then the mean of the local
SSIM values over the body mask:

SSIM; = Tl Z SSIM(p (3.23)

pem;

3.6 Dosimetric Evaluation

Image similarity metrics measure pixel-wise or perceptual agreement but do not directly capture
whether intensity errors translate into clinically relevant dose calculation errors. In radiother-
apy, even small systematic errors in electron density estimation-particularly at bone or air-tissue
interfaces-can propagate into dose discrepancies that affect treatment outcomes. Dosimetric eval-
uation addresses this limitation by simulating actual treatment planning workflows and compar-
ing the resulting dose distributions between reference CT and sCT ( ,

In radiotherapy treatment planning, the irradiation geometry is defined relative to two com-
plementary structure types. The planning target volume (PTV) is the region intended to receive
the prescribed radiation dose, encompassing the tumor and margins for geometric uncertainty.
Organs at risk (OARs) are healthy structures that must be spared from excessive radiation to min-
imize side effects. Treatment plan optimization seeks to maximize dose conformity to the PTV
while simultaneously limiting dose to OARs — a trade-off that is formalized through dose-volume
constraints during fluence optimization ( , )

The dose-volume histogram (DVH) is the standard tool for summarizing three-dimensional
dose distributions in treatment plan evaluation. A cumulative DVH curve expresses, for each
dose level d, the fraction of a structure’s volume receiving at least that dose. From this curve,
several scalar metrics are derived to characterize plan quality:

Standard scalar metrics derived from the DVH include the maximum dose D, .., the mean
dose Dmean, and the family of D, metrics, defined as the minimum dose received by the hottest
2% of the structure volume. Clinically relevant instances include Dys and Dyg, which charac-
terize target coverage, and D,, which serves as a near-maximum hot-spot indicator for OARs

( , 2010).
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Data

This work uses paired MRI-CT image volumes provided by the SynthRAD 2023 and 2025 Grand
Challenges, which were introduced in the context of the broader challenge design in Section 2.5.
The present chapter describes the composition, acquisition characteristics, and preprocessing of
the combined dataset in detail, with particular emphasis on the sources of heterogeneity that
motivate the normalization strategies discussed in Section 3.1.

4.1 Dataset Origin and Composition

Both SynthRAD challenges were organized to benchmark sCT generation algorithms for radio-
therapy planning. Each challenge released publicly available, anonymized datasets of rigidly
registered MRI-CT pairs (Task 1) alongside CBCT-CT pairs (Task 2). Because this work focuses
exclusively on MRI-to-CT synthesis, only Task 1 data from both challenges is used.

The SynthRAD2023 dataset was collected at three Dutch university medical centers — UMC
Utrecht, UMC Groningen, and Radboud UMC Nijmegen — and covers two anatomical regions:
brain and pelvis. It comprises 540 MRI-CT pairs in total, split into 180 training, 30 validation,
and 60 test cases per region ( , ). However, only the training set (360 pairs)
was fully released with ground-truth CTs; the validation and test sets were withheld for the chal-
lenge evaluation and are not publicly available with paired CT data. SynthRAD2025 substantially
expanded the scope, collecting data from five European university medical centers: the three
Dutch centers from the 2023 edition plus LMU Hospital Munich and the University Hospital of
Cologne in Germany. It covers three different anatomical regions — head-and-neck, thorax, and
abdomen - and comprises 890 MRI-CT pairs for Task 1 ( , ). As with Syn-
thRAD2023, only the training partition (578 pairs) includes ground-truth CTs; validation and test
ground truths are reserved for challenge evaluation.

As a result, all experiments in this work are conducted exclusively on the publicly available
training partitions of both challenges. The resulting combined dataset comprises 938 patients
across five anatomical regions, as detailed in Table 4.1, with representative axial slices for each
anatomical region and center shown in Figure 4.1.

For anonymity, the dataset papers refer to the data-providing institutions using letter codes
(A through D, center E only provided data to Task 2 and is therefore not relevant for this work)
without disclosing the mapping to specific centers. This convention is adopted throughout this
work. Not all centers contributed data to every anatomical region: for instance, head-and-neck
MRI was provided by centers A, C, and D; thorax MRI by centers A and B; and abdomen MRI by
centers A, B, and C.
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Figure 4.1: REPRESENTATIVE AXIAL SLICES FROM THE COMBINED DATASET. One randomly se-
lected image slice per center and anatomical region is shown. Each pair shows the MR image
(left) and its registered CT ground truth (right).
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Table 4.1: COMPLETE DATASET COMPOSITION ACROSS SYNTHRAD CHALLENGES. Training set
patient counts per anatomical region and contributing center. Center labels are independently
anonymized per challenge and are not comparable across years.

SynthRAD2023
Region Center A Center B Center C Total
Brain 60 60 60 180
Pelvis 120 - 60 180
Total 180 60 120 360
SynthRAD2025
Region Center A CenterB CenterC CenterD Total
Head & Neck 91 - 65 65 221
Thorax 91 91 - - 182
Abdomen 65 91 19 - 175
Total 247 182 84 65 578

4.2 Image Acquisition

The MR and CT images in the combined dataset were acquired under markedly different condi-
tions. While CT protocols are largely standardized across centers by virtue of the HU scale, MRI
acquisition varied substantially in scanner hardware, field strength, pulse sequence, and contrast
agent usage — differences that are central to the normalization challenge addressed in this work.

4.2.1 MRI Acquisition

Across both challenges, MR images were acquired using scanners from three manufacturers —
Philips, Siemens, and ViewRay — at field strengths ranging from 0.35T to 3 T. A variety of pulse
sequences were used, predominantly T1-weighted gradient echo and spin echo variants, but also
T2-weighted and balanced steady-state free-precession (bSSFP) sequences. Notably, Center B ac-
quired all its MRI data on a ViewRay MRidian MR-Linac at 0.35 T using a bSSFP sequence, which
produces fundamentally different tissue contrast compared to the T1-weighted sequences used at
the remaining sites ( , )

The use of gadolinium-based contrast agents further compounds the variability. In SynthRAD
2023, brain MRIs from two of three centers were acquired with contrast enhancement, whereas
pelvis MRIs were acquired without contrast at all centers ( , ). In Syn-
thRAD2025, head-and-neck MRIs from all contributing centers were contrast-enhanced, while
thorax and most abdomen acquisitions were not, with the exception of a subset of abdomen cases
from Center A where roughly 30% received contrast ( , ). This means that
the presence or absence of contrast varies not only between anatomical regions but also within a
single region across centers and even within a single center.

Voxel spacings varied considerably across centers and regions. In-plane resolutions ranged
from approximately 0.5 mm to 1.6 mm, while slice thicknesses ranged from 0.9 mm (isotropic ac-
quisitions for head-and-neck at Center D) to 7.0 mm (some abdomen acquisitions at Center A).
Both 2D and 3D acquisition modes were used, with some centers acquiring images under free
breathing and others using breath-hold protocols, particularly relevant for thorax and abdomen
regions where respiratory motion can cause artifacts ( , ).
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4.2.2 CT Acquisition

In contrast to MRI, CT images were acquired with broadly consistent protocols across centers.
All planning CTs used tube voltages of 120kVp (with rare exceptions at 90-140kVp for specific
abdomen cases), and images were reconstructed on 512x512 grids. Pixel spacings ranged from
approximately 0.6 mm to 1.5mm, and slice thicknesses from 1mm to 5mm depending on the
anatomical region and center. CT scanners from Philips, Siemens, Toshiba, and GE were used

( , 2023, 2025).

4.3 Preprocessing by Challenge Organizers

Before release, all datasets underwent a standardized preprocessing pipeline applied by the chal-
lenge organizers. This pipeline was designed to harmonize image geometry, ensure patient anonymity,
and provide evaluation-ready data, while deliberately preserving the intensity variability inher-
ent in multi-center MRI acquisitions ( , ,

The preprocessing consisted of several steps. First, all images were converted from DICOM to
compressed volumetric file formats: NIfTI (. nii.gz) for SynthRAD2023 and Metalmage (.mha)
for SynthRAD2025. MRI and CT volumes were then rigidly registered using the Elastix frame-
work to align the paired images into a common coordinate system (

All images were resampled to uniform voxel grids: 1x1x1mm? for brain, 1x1 ><2 5 mm3 for
pelvis (SynthRAD2023), and 1x1x3mm? for all regions in SynthRAD2025. To ensure patient
anonymity, brain and head-and-neck images were defaced by overwriting facial structures with
background intensity values (—1024 HU for CT, 0 for MRI). In SynthRAD2023, defacing was per-
formed manually based on eye contours; in SynthRAD2025, an automated algorithm based on
TotalSegmentator skull and brain segmentations was used ( , )-

A binary patient outline mask was generated for each case using hlstogram—based threshold-
ing and morphological operations. These masks define the evaluation region and were dilated
to include a margin of surrounding air. The challenge organizers noted that variations in thresh-
olding parameters across centers and patients can result in variable dilation margins, occasional
inclusion of couch structures, or exclusion of peripheral anatomy such as lung regions (

’ )

Finally, all volumes were cropped to the bounding box of the patient outline mask with a mar-
gin of 20 voxels (SynthRAD2023) or 10 voxels (SynthRAD2025) to reduce file size. Crucially, no
intensity normalization or harmonization was applied to the MRI data during preprocessing, pre-
serving the full extent of inter-scanner and inter-protocol variability in the released data (

4 )‘

4.4 Data Heterogeneity

Given the acquisition diversity described above, identical anatomical structures can appear with
substantially different intensity distributions depending on the acquisition setting. Figure 4.2
illustrates this for abdomen patients: while CT intensity distributions are largely consistent across
centers due to the standardized Hounsfield scale, MRI intensity distributions differ markedly
between centers, reflecting the scanner- and protocol-dependent nature of MRI signal formation.
This distributional shift is not limited to a simple global scaling — it affects different tissue types
to varying degrees, as the relative contrast between tissues depends on the specific combination
of field strength, sequence, and timing parameters.
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Figure 4.2: INTER-CENTER COMPARISON OF VOXEL INTENSITY DISTRIBUTIONS FOR ABDOMEN
PATIENTS. CT intensities (Hounsfield Units) are standardized and comparable across centers,
whereas MRI intensities show substantial distributional shifts, reflecting scanner- and protocol-
dependent acquisition differences.



30 Chapter 4. Data

4.5 Train/Validation/Test Split

All experiments are conducted exclusively on the fully accessible data provided by the Syn-
thRAD2023 and SynthRAD2025 challenges. Table 4.1 summarizes the complete distribution across
years, anatomical regions, and centers. A stratified split was performed to preserve the relative
distribution across challenge year, anatomical region, and acquisition center, following an ap-
proximately 70/15/15 ratio. Table 4.2 confirms that this balance holds at the combined region
and center level.

Table 4.2: FINAL TRAIN/ VALIDATION/ TEST DISTRIBUTION AT BODY AND CENTER LEVEL.

Body Center Train Val Test Total
Abdomen A 45 10 10 65
Abdomen B 64 13 14 91
Abdomen C 13 3 3 19
Brain A 42 9 9 60
Brain B 42 9 9 60
Brain C 42 9 9 60
Head-Neck A 64 14 13 91
Head-Neck C 45 10 10 65
Head-Neck D 45 10 10 65
Pelvis A 84 18 18 120
Pelvis C 42 9 9 60
Thorax A 64 13 14 91
Thorax B 64 14 13 91

Total 656 141 141 938
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Pipeline and Approach

This chapter describes the complete methodological pipeline developed for sCT generation from
MR images. Building upon the theoretical foundations introduced in the background (chapter 3),
we integrate dataset harmonization, geometry standardization, domain-aware modeling strate-
gies, transformer-based generator architectures, and clinically motivated evaluation procedures
into a unified framework. Figure 5.1 summarizes the individual building blocks and their inter-
actions, from raw multi-center data to quantitative and dosimetric assessment.
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Figure 5.1: OVERVIEW OF THE MR-TO-CT SYNTHESIS PIPELINE. The building blocks of the
pipeline, covering preprocessing (resampling, MRI normalization, masking, and slicing), model-
ing (Pix2Pix, CycleGAN, CUT, and generator-only variants), postprocessing (stacking, rescaling,
and resampling), and evaluation (image similarity, SynthRAD2025 submission, and dosimetry).

5.1 Preprocessing

This section describes the preprocessing steps applied to the MR and CT data prior to model
training. Depending on the specific experiment, not all components of the preprocessing pipeline
are utilized, as certain steps are selectively enabled to isolate methodological effects.
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5.1.1 Derivation of Masks

Three types of masks are derived for distinct purposes throughout the pipeline: CT-threshold-
based body contour masks, MR-based organ delineations, and CT-based organ delineations.

CT-Threshold-Based Body Contour Masks. Because the provided SynthRAD body masks are
overly broad, we derive tighter body contours directly from the registered CT to improve training
precision without relying on external scanning devices. For each CT volume, voxels are first
thresholded at —400 HU to separate body from air. The resulting binary mask is cleaned via
two rounds of erosion, after which the largest external contour is extracted slice-wise in the axial
plane to retain only the main body outline and remove small disconnected regions such as arms.
Coverage is then restored with five rounds of dilation, followed by binary closing to seal gaps —
notably around the nose and air cavities in head-and-neck volumes — and a final 3D hole-filling
step. The resulting mask is saved as NIfTI using the original affine.

MR-Based Organ Delineation. TotalSegmentator is used to extract masks as MR-guided tissue
priors for intensity standardization. The following masks are extracted: liver, torso_fat, subcu-
taneous_fat, skeletal_muscle. These masks are then used in the N-peaks workflow (Section 3.1.2)
to estimate tissue-specific histogram peaks and normalize MR intensities consistently across pa-
tients.

CT-Based Organ Delineation. For dosimetric evaluation, TotalSegmentator masks are gener-
ated directly on the real CT volumes. These CT-based masks serve as structure definitions for the
DICOM RT Structure Set (RTSTRUCT) file required by the dose-volume histogram (DVH) analy-
sis. The CT is used as the source because the skin contour is needed and TotalSegmentator does
not yet offer a skin segmentation task for MRI.

5.1.2 Volume Resampling

The goal of resampling is bringing all MR and CT volumes into consistent geometries. First, the
anatomy is localized by cropping to the body-mask bounding box along the two axial (in-plane)
axes, while the third axis (number of slices) is left unchanged. This ensures that the next step does
not crop tissue only because the body mask was not at the center of the volume.

For thorax, abdomen, and pelvis scans, which have larger original fields of view, we first
standardize to 512 x 512 in-plane by padding or cropping (depending on the dimensions of the
respective volume), then downsampling by a factor of two to obtain the final 256 x 256 resolution,
effectively doubling the pixel spacing. No interpolation is performed during this step, as the
downsampling factor is an integer divisor of the grid. For head-and-neck and brain scans, which
have smaller original fields of view, we directly crop to 256 x 256 without any resampling.

Because no resampling is applied to the head-and-neck and brain volumes, these retain their
original (finer) pixel spacing and therefore represent anatomical structures at roughly twice the
spatial resolution per axis compared to the body scans. This trade-off is accepted in favor of
maximizing information in input images while minimizing the amount of cropped tissue. Ap-
pendix A.1 illustrates the original mask size distributions and the effect of this standardization.

After geometric harmonization, voxels outside the body mask are set to modality-specific
background values (—1000 HU for CT, 0 for MR), such that only the relevant anatomy remains.
The final outputs are aligned MR/CT volumes and matching masks with consistent axial dimen-
sions, ready for downstream normalization, slicing, and training.
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5.1.3 Data Standardization

Several types of normalization are utilized across the experiments. CT images are always normal-
ized with the same approach, MR images are normalized with one of the options described in the
respective sections.

CT: Baseline Normalization

CT images (denoted as Y’ before and Y after standardization) are normalized by clipping to a
fixed HU window and applying min-max scaling:

0 ifY' < —1024
Y’ +1024
y = (Y +1024 if —1024 <Y’ <1200 (6.1)
2224
1 if Y/ > 1200

This maps air (—1024 HU) to 0 and dense bone (1200 HU) to 1, while suppressing implant or noise
outliers beyond this range. CT normalization is kept identical across all experiments.

For MRI (denoted as X' before and X after standardization), four normalization strategies of
increasing sophistication are compared.

MRI: Baseline Normalization

The simplest strategy applies a fixed global clipping threshold to suppress extreme high-intensity
outliers, followed by min-max scaling to [0, 1]:

!/

if0< X' <2
X = {3ppp HOSX =2000 (5.2)

1 if X’ > 2000

mapping the background to 0 and the clipped maximum to 1. While this removes gross outliers,
it does not account for scanner- or patient-specific intensity distributions.

MRI: Per-lmage P99 Normalization

As an adaptive alternative, we evaluate normalization based on the 99'" percentile of per-volume
foreground intensities. The 99'" percentile (pyg) is computed over non-zero voxels to exclude the

background, and all intensities are divided by this value and clipped to [0, 1]:

!

X
— o< X' <
X = q P9 N bos (53)

1 otherwise

Using the 99'! percentile rather than the global maximum reduces the influence of bright out-
liers such as hyperintense artifacts or contrast-enhanced vessels, while the per-image computa-
tion compensates for scan-to-scan variability without requiring tissue masks or external reference
data.
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MRI: Nyul and N-Peaks Normalization

Beyond these global approaches, two histogram-based methods are evaluated that explicitly align
tissue intensity distributions across subjects. Nyl histogram matching learns a standard scale
from the training set and maps each image’s intensity landmarks to it via piecewise linear in-
terpolation, reducing inter-scanner variability at the cohort level. N-Peaks extends this principle
by anchoring the transformation to tissue-specific histogram peaks derived from anatomically
defined regions, making it less sensitive to inter-patient differences in body composition. De-
tailed descriptions of both methods, including their mathematical formulations, are provided in
Section 3.1.

For the abdominal region, N-Peaks is configured with liver and a combined fat mask (merg-
ing TotalSegmentator’s torso_fat and subcutaneous_fat labels) as tissue anchors, together
with the image background fixed at zero intensity. Liver provides a landmark in the mid-intensity
range of T1-weighted acquisitions, while the combined fat mask anchors the high-intensity range.
When N4 bias field correction is applied prior to N-Peaks normalization, it uses the default set-
tings of 5 fitting levels with 75 iterations per level and a convergence threshold of 0.01. Reducing
the iterations per level to 15 produced visually indistinguishable results, so the default setting is
retained.

5.1.4 Slicing to 2D

Since all investigated architectures are formulated as 2D models, the preprocessed 3D MR and CT
volumes are decomposed into axial 2D slices. For each patient, spatially aligned MR and CT vol-
umes (together with the corresponding body mask) are loaded as 3D tensors of shape (H, W, D),
where H, W, and D denote height, width, and depth, respectively. We then iterate along the axial
dimension z and extract individual slices, resulting in 2D samples of size (H, W,1). This proce-
dure transforms each volumetric sample into a set of independent 2D training pairs, enabling the
use of 2D generative models while maintaining intra-slice spatial consistency between MR and
CT domains.

5.2 Modeling

The goal of this stage is learning a mapping G’ : X — ) where, in this project, X denotes the
MR image domain and ) the CT image domain. Since both domains share the same underlying
anatomical structures, but differ in intensity distribution and imaging physics, the generator must
simultaneously preserve spatial consistency and model complex appearance transformations. Ar-
chitecturally, this requires (i) a sufficiently large receptive field to capture global context, and (ii)
mechanisms to retain high-resolution spatial information. Encoder-decoder designs with skip or
residual connections have proven particularly effective in this setting, as they allow low-level
structural information to bypass the bottleneck while deeper layers model high-level transforma-
tions.

While the core image-to-image translation architectures — Pix2Pix (Section 3.3.1), CycleGAN
(Section 3.3.2), and CUT (Section 3.3.3) — as well as the backbone networks UNet-256 (Section 3.4.1)
and ResNet-9 (Section 3.4.2) were described in their respective sections, we extend these baseline
configurations in two directions: first, treatment-center-specific input modeling via a separate first
layer, and second, replacement of the convolutional backbones by a transformer-based SwinV2-
UNet.
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5.2.1 Separate First Layer for Domain-Specific Adaptation

As described in Section 4.4, MR images originate from multiple treatment centers and scanner
configurations, resulting in residual domain shifts despite normalization. Instead of relying ex-
clusively on manual preprocessing to harmonize intensities, we also experiment with a model-
based alternative referred to as separate first layer.

Concretely, the first convolutional layer of the respective generator (UNet or ResNet) is re-
placed by parallel convolutional layers of identical architecture and dimensionality, one per treat-
ment center d € {A, B, C}. Given an input slice, only the convolution corresponding to its center
is activated, while the remaining two are ignored. The modified first layer computes

h = Cq(x), (54)

where C4 represents the convolution associated with center d for input image x. All subsequent
layers are shared across domains.

This design can be interpreted as a shallow, domain-specific feature extractor followed by a
fully shared generator. The approach preserves parameter efficiency compared to training inde-
pendent models per center, while allowing low-level filters (e.g. intensity and texture-sensitive
kernels) to specialize to scanner-specific characteristics. Since intensity distributions and noise
patterns primarily affect early convolutional responses, restricting domain adaptation to the first
layer provides a targeted mechanism to mitigate inter-center variability without altering the over-
all architecture. Also, the number of parameters of the first layer is lower than of the subsequent
layers, which increases the likelihood of successful adaptation despite limited data.

5.2.2 SwinV2-UNet Generator

To investigate whether improved global context modeling benefits MR-to-CT translation, we re-
place convolutional generators with a transformer-based alternative Swin Transformer (see Sec-
tion 2.1.1). Specifically, we implement a SwinV2-UNet, structurally analogous to Swin-UNet (

, ), but employing Swin Transformer V2 blocks ( , ) instead of the original
Swin backbone ( , ).

The hierarchical design produces multi-scale feature maps compatible with the UNet paradigm
and with the input resolution used in this project (256 instead of 2242 as for SwinV1).

The architecture retains the U-shaped encoder-decoder topology with skip connections, ensur-
ing comparability to UNet-based generators. The encoder consists of hierarchical SwinV2 stages
with patch merging operations that progressively reduce spatial resolution while increasing em-
bedding dimensionality. The decoder mirrors the encoder structure using patch expanding layers
to progressively restore spatial resolution while reducing embedding dimensionality. Skip con-
nections fuse encoder and decoder representations at matching scales. Furthermore, instead of
the final linear projection layer used in Swin-UNet, we employ a 1 x 1 convolution followed by a
non-linear output activation constraining the range of the final intensity prediction. By doing so,
we port the model from segmentation tasks to image-to-image translation.

We employ the SwinV2-Tiny configuration as backbone, which provides a favorable trade-off
between model capacity and data efficiency. The ImageNet-pretrained model is used to initialize
the encoder (including the bottleneck), except for the first patch embedding layer: originally, this
layer partitioned an RGB image into non-overlapping 4 x 4 patches, forming 4 x 4 x 3 = 48-
dimensional vectors that are linearly projected to an embedding dimension of 96. For our single-
channel MR-to-CT setting, it is replaced by mapping 4 x 4 x 1 = 16-dimensional patches to 96
channels, resulting in 1,632 randomly initialized, learnable parameters and resolving the channel
mismatch with pretrained weights. The decoder is initialized randomly, and we evaluate two
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settings: (i) fully trainable encoder and decoder, and (ii) a frozen encoder (except for the patch
embedding layer). The full architecture is depicted in Figure 5.2.

In contrast to convolutional generators, the SwinV2-UNet relies on self-attention within local
windows and shifted windows, enabling modeling of long-range spatial dependencies beyond
the effective receptive field of standard convolutions. This property is particularly relevant for
MR-to-CT translation, where bone structures and air cavities may require global anatomical con-
text for accurate intensity prediction.

5.2.3 Generator-only Setting

To disentangle the effect of adversarial training from the representational capacity of the generator
architecture itself, we introduce a generator-only setting. This configuration is exclusively applied
to the SwinV2-UNet described above and removes the discriminator entirely, thereby excluding
the cGAN objective.

In the standard Pix2Pix formulation (3.9), the generator G is optimized with respect to a com-
bined objective consisting of the adversarial loss L.can(G, Dy) (3.10) and the pixel-wise recon-
struction loss L, (G) (3.11). In contrast, the generator-only setting optimizes G solely based on
the L; reconstruction term:

G* =argmin L, (G). (5.5)
G

Accordingly, no discriminator Dy is instantiated, and no adversarial gradients are propagated
during training. The model therefore performs direct supervised regression from MR to CT, learn-
ing a deterministic mapping that minimizes the expected absolute deviation between predicted
and reference CT intensities.

This configuration serves two purposes. First, it provides a controlled baseline to assess
whether improvements observed in adversarial settings are attributable to the GAN objective
or to the underlying SwinV2-UNet architecture. Second, it enables evaluation of whether the L;
loss alone is sufficient for clinically relevant MR-to-CT translation, particularly with respect to
low-frequency anatomical consistency and quantitative intensity accuracy.

By using the identical reconstruction loss as in the Pix2Pix formulation, differences in per-
formance could be attributed to the presence or absence of adversarial training rather than to
changes in optimization targets.
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Figure 5.2: SWINV2-UNET ARCHITECTURE FOR MR-TO-CT SYNTHESIS. Our SwinV2-UNet ar-
chitecture based on SwinV2-Tiny, inspired by Cao et al. (2023). In our SwinV2-UNet, the patch
partitioning has 16 instead of 48 channels (due to grayscale MR inputs), the original Swin Trans-
former blocks are replaced by Swin Transformer V2 blocks, and the final linear projection layer is
substituted with a 1 x 1 convolution followed by a tanh activation function.
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5.3 Postprocessing

The trained translation models produce 2D sCT slices in the network output space (normalized
intensity range). Postprocessing therefore serves two purposes: (i) mapping model outputs into
physically meaningful units (HU) for quantitative evaluation and visualization, and (ii) recon-
structing patient-level 3D sCT volumes, geometrically consistent with the original reference data.

Intensity mapping to Hounsfield units. Model outputs are first converted from the network’s
normalized range (—1,1) to HU using a fixed linear rescaling between bounds (—1024, 1200):

, (X +1)
2

X' = 2224 — 1024 (5.6)

Masking and slice-wise evaluation. A binary body mask (per-slice) is used to compute masked
image quality metrics (MAE, MSE, PSNR, SSIM, see Section 3.5). Postprocessed slices are ex-
ported as NIfTI for inspection and downstream processing, alongside per-slice metrics written to
tabular form (including the number of mask voxels).

3D volume reconstruction at original dimensions. For patient-level analysis, 2D sCT NIfTI
slices are grouped by patient identifier and stacked in slice-index order to form a resampled-
resolution 3D volume. The reconstruction restores a consistent anatomical orientation. A ref-
erence affine transformation (from input MR) is used to attach spatial metadata to the recon-
structed volume. To obtain an sCT volume matching the original patient-specific dimensions, a
reverse-resampling step is applied (c.f. resampling in Section 5.1.2): for body regions that have
been downsampled to the canonical in-plane resolution, the reconstructed volume is upsampled
in-plane and then centered into the target field-of-view via symmetric padding/cropping, while
preserving the slice direction. Voxels outside the body mask (in canonical space) are assigned
an air-equivalent value of —1024 HU prior to reversing the resampling, ensuring a well-defined
background in the restored geometry.

5.4 Evaluation

Several types of evaluations are implemented for different purposes.

Volume-level aggregation. To report a single score per 3D volume, we aggregate slice-wise
metrics using mask-size weighting so that slices with larger body regions contribute proportion-
ally more:

>, Imi| - Metric;

2 mal

where m; denotes the binary foreground mask of slice ¢ and |m;| its number of non-zero voxels.
This aggregation is applied consistently to the image similarity metrics MAE, MSE, PSNR, and
SSIM (see Section 3.5), producing the reported values.

Metricyo = (5.7)

5.4.1 Evaluation within SynthRAD2025

The SynthRAD2025 challenge allows submission of algorithms in a dedicated post-challenge phase.
These submissions are evaluated using the same protocol as during the official challenge but are
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reported on a separate leaderboard. The evaluation is carried out independently by the challenge
organizers based on a private test set and the results can directly be compared to other submis-
sions.

The evaluation comprises three categories of metrics (the detailed definitions and descriptions
of the exact computation and ranking scheme can be found on the challenge webpage'):

« Image similarity: mean absolute error (MAE), peak signal-to-noise ratio (PSNR), and multi-
scale structural similarity index (MS-SSIM).

+ Geometric consistency: multiclass Dice coefficient (mDice) and 95th percentile Hausdorff
distance (HD95).

+ Dose evaluation: mean absolute dose difference, dose-volume histogram (DVH) metrics,
and gamma pass rates (GPR), each computed separately for photon and proton treatment
plans.

The metrics are evaluated within the body contour and compare the algorithm output to the
ground-truth CT.

5.4.2 Dosimetric evaluation using matRad

To assess the clinical relevance of the generated sCT images beyond voxel-wise similarity metrics,
we implement a dosimetric evaluation pipeline using the open-source treatment planning toolkit
matRad ( , ).

The dosimetric evaluation pipeline consists of four main stages:

Stage 1: Format Conversion. Since matRad’s dosimetric pipeline requires DICOM (Digital
Imaging and Communications in Medicine) files as input, the NIfTT volumes (CT and sCT) are
converted to DICOM format prior to treatment planning. Voxel spacing, orientation, and origin
metadata are preserved during conversion to ensure geometric consistency across all subsequent
stages.

Stage 2: Structure Definition. Anatomical structures required for treatment planning are
automatically segmented from the reference CT using TotalSegmentator. For the abdominal test
cases, the following structures are extracted: liver, left kidney, right kidney, spinal cord, and skin
(body contour). These binary masks are also converted to DICOM format. The left kidney is
designated as the planning target volume (PTV) — the region intended to receive the prescribed
radiation dose — while the remaining structures serve as organs at risk (OARs), which should be
spared from excessive radiation to minimize treatment side effects.

Stage 3: Treatment Plan Optimization. Treatment planning is performed using matRad’s
photon dose calculation engine with a generic linear accelerator model. The planning configura-
tion employs 15 gantry angles with a bixel (discrete beam pixels subdividing the radiation field)
width of 4mm and a dose grid resolution of 4 x 4 x 4mm?. The optimization objective for the
target is defined as a minimum DVH constraint requiring at least 95% of the target volume to
receive 54 Gy, while OARs are assigned mean dose objectives with a constraint of 15 Gy. Fluence
optimization is performed on the reference CT, yielding optimized beam weights w*.

Stage 4: Dose Recalculation and DVH Analysis. Using the beam weights w* optimized on
the reference CT, forward dose calculation is performed on both the reference CT and the corre-
sponding sCT. While the current clinical standard optimizes the treatment plan directly on the
sCT and re-evaluates on the reference CT to assess plan transferability in an MRI-only workflow
( , ), this work intentionally adopts the reverse approach. By fixing w* and re-
calculating dose on the sCT, any discrepancy in the resulting dose distribution can be attributed

lhttps://synthrad2025.grand-challenge.org/metrics-ranking/
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solely to HU differences between the two images, providing a direct and unconfounded quan-
tification of how intensity errors in the sCT propagate into dosimetric errors. The resulting dose
distributions are analyzed using matRad’s DVH computation routines, and delta metrics are com-
puted as A = sCT — CT to quantify systematic deviations.

For each structure, DVH-derived metrics including mean dose, maximum dose (Dmax), Dos,
Dys, and D, are extracted for both CT and sCT, and delta values are computed to quantify sys-
tematic deviations. Due to computational and licensing constraints, the evaluation is performed
only on three abdominal test images (AB_1ABA068, AB_1ABB070, AB_1ABC127).
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Experiments

This chapter describes the experimental design used to evaluate different image-to-image trans-
lation frameworks for sCT generation from MR images. The goal is to systematically assess the
influence of (i) data composition (joint fullbody training versus region-specific training), (ii) trans-
lation framework (Pix2Pix, CycleGAN, CUT), (iii) input MR image normalization techniques, and
(iv) architectural choices (e.g. generator networks) on image similarity and downstream clinical
relevance.

Figure 6.1 provides an overview of the complete experimental pipeline (details of the respec-
tive building blocks are described in Chapter 5). Starting from the SynthRAD2023 and Syn-
thRAD2025 datasets, volumes are preprocessed and sliced into 2D images. The resulting slices
are used to train different image-to-image translation frameworks with various generator archi-
tectures. Postprocessing includes stacking slice-wise predictions into 3D volumes and resampling
to the original geometry. Evaluation is performed using image similarity metrics, the official Syn-
thRAD2025 post-challenge evaluation, and dosimetric assessment using matRad.

Data from SynthRAD

2023 and 2025 Preprocessing Modeling Postprocessing
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Figure 6.1: OVERVIEW OF THE EXPERIMENTAL PIPELINE. Overview of the building blocks of the
experimental pipeline. The colors indicate for which experiment the block is relevant, as not all
blocks were used for all experiments.

Across all experiments, the same building blocks for preprocessing, modeling, postprocess-
ing, and evaluation are applied to ensure comparability. Differences between experiments are
restricted to the investigated variable (e.g. normalization strategy or training regime) and are de-
scribed in more detail in the respective following sections. All models have been trained and
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evaluated on identical train/validation/test splits (see Section 4.5).

6.1 Experiment 1: Fullbody vs. Separate Models by
Anatomical Region (RQ1)

The first experiment investigates whether a single model trained jointly on all anatomical regions
(“fullbody”) can achieve comparable performance to models trained separately for each region.
This experiment addresses the following research question:

RQ1: Can a jointly trained fullbody model achieve comparable performance to region-specific
models for MR-to-CT translation, under otherwise identical training conditions?

The motivation for this comparison is twofold. First, a unified model simplifies deployment
and maintenance in clinical workflows. Second, joint training may allow the model to exploit
shared structural patterns across anatomical regions, especially as the images of different anatom-
ical regions overlap at their intersections. However, anatomical heterogeneity may also hinder
learning and reduce region-specific fidelity. This experiment aims to quantify this trade-off.

6.1.1 Setup

Data. The experiment is conducted on the SynthRAD datasets, including the anatomical regions
abdomen, brain, head-and-neck, pelvis, and thorax. For the fullbody setting, data from all regions
are pooled and used to train a single model. For the region-specific setting, five separate datasets
are created, each containing only samples from one anatomical region. Preprocessing follows the
pipeline described in Section 5.1, including resampling, body masking, baseline MRI normaliza-
tion, and 2D axial slicing.

Model Frameworks. Three image-to-image translation frameworks are evaluated: Pix2Pix (cGAN),
CycleGAN (unpaired GAN with cycle-consistency), and CUT (contrastive unpaired translation).
For each framework, the baseline generator architecture is used (UNet for Pix2Pix and Cycle-
GAN, ResNet-based generator for CUT). Details can be found in Section 5.2. A total of 18 models
are trained and evaluated; for each of the three frameworks, one fullbody model and five region-
specific models (one per anatomical region). All models are trained under identical optimization
settings (learning rate 0.0002, batch size 1, number of epochs 50).! All training configurations are
listed in Appendix Section A.2.

Postprocessing and Evaluation. Evaluation is performed per anatomical region to ensure fair
comparison between the fullbody and region-specific models. All metrics are computed on the
identical held-out test set defined in Section 4.5, ensuring patient-level separation between train-
ing and evaluation. Two types of evaluation are conducted, an image similarity-based analysis
(see Section 3.5) as well as through submissions to the post-challenge phase of SynthRAD2025
(see Section 5.4.1).

! Attempts to achieve visibly higher performance by changing hyperparameters were not successful.
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6.1.2 Results

The results are reported separately for each framework but aggregated over all anatomical re-
gions. A full overview also broken down by body region can be found in appendix Section A.3.

The results of the image similarity evaluation using the voxel-wise error metrics MAE and
MSE as well as the perceptual similarity measures PSNR and SSIM are computed for each anatom-
ical region and subsequently aggregated over all five regions. Table 6.1 reports mean and stan-
dard deviation across all test cases, while the boxplots in Figure 6.2 illustrate the distribution of
per-case performance and highlight potential outliers. No formal statistical significance testing
is performed; therefore, differences should be interpreted descriptively, particularly in cases of
overlapping standard deviations.

Table 6.1: EXPERIMENT 1 RESULTS AGGREGATED OVER ALL ANATOMICAL REGIONS (abdomen,
brain, head-neck, pelvis, thorax) based on own image similarity evaluation (mean =+ std), test set
size = 141 volumes. The best-performing model within each framework is highlighted in bold;
the overall best model is additionally marked in italic.

Model Type MAE | MSE | PSNR 4 SSIM 4
cutT Fullbody 17653+110.7 154865+ 175794 1938+2.52  0.669 % 0.075
cuT Region 17498+ 1145 142676178861 1930 +272  0.666 + 0.092

" Pix2Pix  Fullbody 137.19+59.92 77537 +66'337  19.97+1.86  0.687 +0.069
Pix2Pix Region  128.76%+51.25 6836452284 2038197  0.697 % 0.072

CycleGAN  Fullbody  257.28 +89.68 184’653 + 100464 1594 +2.80  0.538 + 0.085
CycleGAN  Region 230.37 £91.43 163’022 + 106’882  16.70 +2.88  0.536 + 0.088

Across frameworks, Pix2Pix achieves the best overall image similarity. In this setting, region-
specific training consistently outperforms the fullbody model in all four metrics, yielding lower
MAE and MSE as well as higher PSNR and SSIM. For CUT, differences between fullbody and
region-specific training are marginal, with nearly identical central tendencies and overlapping
distributions. In contrast, CycleGAN exhibits a clearer gap, where region-specific models im-
prove MAE, MSE, and PSNR compared to the joint model, although SSIM remains comparable.
Overall, the own evaluation indicates that joint training does not lead to a systematic performance
gain and that, depending on the framework, slight degradations can be observed when pooling
all anatomical regions.

The region-wise analysis presented in Appendix Section A.3 confirms that these trends remain
largely consistent when results are examined separately for each anatomical region.

The SynthRAD2025 post-challenge evaluation complements this analysis by providing stan-
dardized and independent image similarity, geometric consistency, and dosimetric metrics (Ta-
bles 6.2 and 6.3, additionally, Figure 6.3 for easier readability of overall trends). The independent
testing procedure allows comparing the results to the challenge winners.

Consistent with the own evaluation, CUT and Pix2Pix clearly outperform CycleGAN across
most metrics. Differences between fullbody and region-specific models remain small for CUT,
with slightly better PSNR for the region-specific model but marginally improved MS-SSIM, DICE,
and HD95 for the fullbody model. For Pix2Pix, the ranking between joint and separate training
varies depending on the metric, without a consistent advantage for either setting. In the dosi-
metric analysis, CUT achieves the most favorable results overall, and the discrepancies between
fullbody and region-specific training are minor compared to the performance gap to CycleGAN.

Importantly, all investigated configurations remain substantially worse than the official chal-
lenge winners in both image-based and dosimetric metrics, underlining the remaining perfor-
mance gap to state-of-the-art methods. With respect to RQ1, the results indicate that jointly
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Figure 6.2: EXPERIMENT 1 RESULTS AGGREGATED OVER ALL ANATOMICAL REGIONS (abdomen,
brain, head-neck, pelvis, thorax) based on own image similarity evaluation, test set size = 141
volumes.

Table 6.2: EXPERIMENT 1 RESULTS BASED ON SYNTHRAD2025 POST-CHALLENGE EVALUATION.
Image similarity & geometric consistency metrics (mean = std), post-challenge evaluation by Syn-
thRAD2025 aggregated over three anatomical regions (abdomen, head-neck, thorax) on the pri-
vate SynthRAD test set (223 volumes). Note that only three anatomical regions were included in
the official post-challenge evaluation, which partially explains the deviation from the five-region
aggregation used in the internal evaluation. The best-performing model within each framework
is highlighted in bold; the overall best own model is additionally marked in italic.

Model Type MAE | PSNR 1 MS-SSIM1  DICE ¢ HD95 |
CUT Fullbody 1885744933 21.90+181 072+0.11 044+0.15 17.89+11.17
CUT Region 18590 +47.24 2212+181 071+011 042017 1841+ 10.81

" Pix2Pix  Fullbody  18491+51.09 2196174 0.71£010 038+012 22151069
Pix2Pix Region 187.40+48.04 2181163 070+0.11 040%014 21.55%1115

CycleGAN  Fullbody  259.77 £82.51  20.30 +2.70 0.52 £0.16 0.07 £0.09  48.09 + 63.94
CycleGAN  Region 221.63 £73.65  21.21 +2.63 0.58 + 0.15 010 £0.11  51.96 + 56.11

Winners Region 64.81 +21.25 30.00 +2.76 0.94 +0.05 0.78 +0.11 6.01 +3.24

Table 6.3: DOSIMETRIC EVALUATION METRICS BASED ON SYNTHRAD2025 POST-CHALLENGE
EVALUATION. Dosimetric evaluation metrics (mean + std), post-challenge evaluation by Syn-
thRAD2025 aggregated over three anatomical regions (abdomen, head-neck, thorax) on the pri-
vate SynthRAD test set (223 volumes). Note that only three anatomical regions were included
in the official post-challenge evaluation, which explains the deviation from the five-region ag-
gregation used in the internal evaluation. The best-performing model within each framework is
highlighted in bold; the overall best own model is additionally marked in italic.

GPR 2mm /2% GPR 2mm /2% DVH error DVH error Dose MAE Dose MAE

Model Type (photon) 1 (proton) 1 (photon) | (proton) | (photon) | (proton) |
CUT Fullbody 96.76 + 6.58 71.21 + 13.38 0.21 £ 0.56 0.53 £1.25 0.010 £ 0.013 0.040 £ 0.068
CUT Region 96.18 +7.82 70.18 £ 11.70 0.22 +0.56 0.75 + 3.86 0.012 £ 0.016 0.042 + 0.068

" Pix2Pix  Fullbody 9536861 69231284 0224056  4.82:640 00120016 0.040 £ 0.029
Pix2Pix Region 94.63 + 8.34 70.03 + 13.50 0.21+0.56 1196 +168.1 0.013+0.015 0.044 + 0.071

" CycleGAN  Fullbody ~ 7842+227  5476+17.85  041+062  120+641 00450117 01310267
CycleGAN Region 83.20 £ 22.5 59.69 + 16.81 0.38 + 0.62 1.02 £ 4.31 0.036 + 0.098 0.125 + 0.268

Winners Region 98.33 £ 5.41 84.04 + 10.54 0.19 £ 0.56 0.35+1.18 0.006 + 0.009  0.024 + 0.067
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trained fullbody models retain performance comparable to region-specific models for CUT and
Pix2Pix, whereas CycleGAN shows a clearer performance degradation under joint training, sug-
gesting higher sensitivity to anatomical heterogeneity.
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Figure 6.3: EXPERIMENT 1 RESULTS BASED ON SYNTHRAD2025 POST-CHALLENGE EVALUA-
TION. Experiment 1 results aggregated over three anatomical regions (abdomen, head-neck, tho-
rax) based on SynthRAD2025 post-challenge evaluation on the private SynthRAD test set (223

volumes).
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6.2 Experiment 2: Input Normalization Techniques
(RQ2)

The second experiment investigates the impact of MRI intensity normalization and model-based
domain adaptation on sCT quality for abdominal patients. This experiment isolates the prepro-
cessing strategy as the primary variable, while additionally evaluating an architectural alternative
to normalization-based harmonization. The following research question is addressed:

RQ2: How do different MRI intensity normalization techniques affect sCT quality, and can
tissue-based normalization improve performance over global approaches in the presence of
multi-center scanner heterogeneity?

If normalization can reduce this distributional shift, the translation model should benefit from
more consistent intensity — tissue correspondences across the training set.

6.2.1 Setup

Data. The experiment is restricted to the abdominal subset of the SynthRAD dataset, comprising
175 patients. Restricting the experiment to a single anatomical region eliminates confounding
effects from anatomical heterogeneity and allows isolating the effect of normalization on scanner-
induced intensity variability. Preprocessing follows Section 5.1, several normalization strategies
are compared.

Normalization strategies. The following four MRI normalization strategies are compared, rep-
resenting approaches of increasing sophistication to harmonizing MRI intensities (see Section 3.1
and Section 5.1 for detailed descriptions):

* Baseline: global clipping + rescaling
+ P99: per-image percentile clipping + rescaling
 Nyiil: piecewise linear histogram standardization

* N-Peaks: tissue-specific peak alignment followed by piecewise linear histogram standard-
ization

CT normalization remains unchanged across all conditions (HU clipping to [—1024,1200] fol-
lowed by min-max scaling to [0, 1]).

Nyul normalization. Nyl normalization was implemented using the intensity-normalization
package with the 2nd and 98th percentiles as boundary landmarks (pmin, Pmax), chosen to exclude
extreme outliers while retaining the full clinically relevant intensity range (see Section 3.1).

N-Peaks configuration. Three N-Peaks parameters are varied: LIC threshold ¢ € {0.3,0.8}
(see Equation 3.5), number of N4 bias field correction passes (0, 1, or 2) (see Section 3.1.3), and
peak estimation scope (global vs. center-specific), yielding 2 x 3 x 2 = 12 configurations. Both
scope settings map tissue peaks to a shared target scale; the difference lies in how target land-
marks are estimated. The global setting pools peaks across all training patients, yielding target
intensities that reflect a cross-center average. The center-specific setting estimates peaks sepa-
rately per acquisition center, producing more precise per-center landmarks that account for sys-
tematic shifts in raw peak locations due to differences in field strength and pulse sequence. Both
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are evaluated to assess whether this additional granularity translates into a measurable benefit.
The full combinatorial space is not exhaustively evaluated in model training, as each configura-
tion requires a full training run. Instead, a subset of four is selected. Additional considerations
regarding parametrization and quality of results for N-Peaks are provided in the appendix (Fig-
ures A.8-A.11).

For the liver mask, center-specific configurations produce three clearly separated peaks corre-
sponding to the three acquisition centers, while global configurations collapse these into a single
shared peak. For the fat masks, no clear or consistent peaks are observable across any configu-
ration, likely due to partial-volume effects, the diverse depot types in the combined mask, and
scanner-specific contrast differences. As a result, fat does not serve as a reliable anchor in this
dataset. The overlay in Figure A.5 further confirms that the overall distributions are highly simi-
lar across all twelve configurations, with meaningful differences confined to the liver peak region.

Based on this analysis, four configurations are selected for downstream model training: ¢ €
{0.3,0.8} combined with both scope settings, each with a single N4 pass. Although the visual
distributions show no strong evidence that N4 correction improved peak alignment, a single iter-
ation is generally recommended in the literature as it reduces low-frequency field inhomogeneity
without introducing substantial distortion. Since the four selected configurations produce closely
comparable distributions, Table 6.4 and Figure 6.5 report only a single representative configura-
tion (N-Peaks 0.8 LIC, 1x N4 Bias field correction, global scope) for conciseness.

Tissue intensity distributions. Figure 6.4 shows the resulting MRI intensity distributions across
all normalization strategies. The progression from raw to increasingly sophisticated normaliza-
tion is visible across all three tissue masks. Baseline normalization compresses the body contour
distributions by removing potential outliers, effectively stretching the remaining intensity range.
P99 intensifies this effect, and notably, three peaks begin to emerge in the liver region, likely corre-
sponding to the three acquisition centers. Nyul normalization attempts to map all patients onto a
common scale, merging these center-specific peaks toward a single shared distribution. N-Peaks
then produces a clearly defined liver peak, as expected given that liver serves as the alignment
target. The fat mask, however, does not exhibit a comparably well-defined peak under any con-
figuration. Comparing the global and center-specific N-Peaks settings confirms this asymmetry:
for the liver, the center-specific approach yields three distinct peaks rather than one, whereas the
fat distributions remain largely unchanged between the two settings.

Separate first layer. In addition to the preprocessing-based normalization strategies, the sepa-
rate first layer approach described in Section 5.2.1 is evaluated. While this architecture-level strat-
egy could in principle be combined with preprocessing normalization, it is evaluated indepen-
dently here to isolate its effect relative to the input-level harmonization methods.

Training and evaluation. To assess whether the effect of normalization is consistent across
translation paradigms, all normalization strategies are evaluated across the three image-to-image
translation frameworks: Pix2Pix, CUT, and CycleGAN. The same baseline generator architecture
and training configuration (learning rate 0.0002, batch size 1, number of epochs 50) as in Exper-
iment 1 are used for each respective framework. The baseline normalization models are reused
from Experiment 1 and not trained again. Postprocessing and evaluation follow the same protocol
as Experiment 1. A limited dosimetric evaluation is also performed on three test-set patients.
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Figure 6.4: TISSUE-SPECIFIC MRI INTENSITY DISTRIBUTIONS ACROSS NORMALISATION STRATE-
GIES. Tissue-specific MRI intensity distributions for the abdominal training set (122 volumes)
across all normalisation strategies. Per-patient kernel density estimates are shown for the body
contour, liver, and fat masks (A), alongside a representative axial MR slice for each method (B).
Rows correspond to raw intensities, Baseline, P99, Nyul, and two N-Peaks configurations varying
peak estimation scope (global vs. center-specific).
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6.2.2 Results

The results of Experiment 2 are summarized in Table 6.4 and for easier readability of overall
trends in Figure 6.5. The relative ordering of translation frameworks observed in Experiment 1
is reproduced: CUT and Pix2Pix perform comparably and substantially outperform CycleGAN
across all normalization conditions. The Wilcoxon signed-rank test is applied to compare each
normalization strategy against the Baseline within each framework.

N-Peaks achieves the best or near-best performance across all three frameworks. For CUT, it
yields the lowest MAE (113.56 +25.27) and MSE, with a statistically significant improvement over
Baseline (p < 0.01). For Pix2Pix, N-Peaks (106.85 & 28.23) performs on par with Nyl (106.82 &
29.24), both significantly improving over Baseline (p < 0.01). For CycleGAN, N-Peaks again
produces the lowest MAE (149.97 £ 30.28, p < 0.01), though all CycleGAN configurations remain
substantially worse than the paired frameworks.

The remaining normalization strategies exhibit framework-dependent effects. Nyl signifi-
cantly improves Pix2Pix (lowest MAE and highest SSIM, p < 0.01) but significantly degrades CUT
performance relative to Baseline (p < 0.01). P99 normalization improves CycleGAN (p = 0.01)
but degrades Pix2Pix (p = 0.01), indicating that a simple global rescaling interacts differently with
each framework’s training dynamics. These framework-normalization interactions underscore
that no universal preprocessing strategy exists; the choice of normalization must be considered
jointly with the translation framework.

The separate first layer approach consistently underperforms across all three frameworks.
Rather than improving performance, it substantially degrades results, with CUT and CycleGAN
exhibiting particularly high variance, indicating training instability. In fact, the comparison of re-
sults stratified by treatment center as provided in Appendix A.5 shows, that this is mainly caused
by center C for which only 13 training and 3 testing samples are available.

Additionally, a dosimetric analysis is performed on a subset of three abdominal test cases to
assess the clinical relevance of the generated sCT images beyond voxel-wise similarity metrics.
Using a treatment planning pipeline based on matRad, dose distributions are calculated on both
the reference CT and the corresponding sCT, and DVH-derived delta metrics are computed to
quantify systematic deviations. Friedman tests across all models and normalization strategies
yield p-values above the significance threshold of p = 0.05, indicating no statistically significant
differences between normalization strategies — a result likely attributable to the small sample
size. For Pix2Pix and CUT, the majority of DVH indicator differences remain within the +2%
clinical acceptability threshold, suggesting that the choice of normalization strategy has limited
dosimetric impact for these models. The full results of this analysis are provided in Appendix A.7.
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Table 6.4: EXPERIMENT 2 RESULTS ON ABDOMINAL DATA BASED ON OWN IMAGE SIMILARITY
EVALUATION (MEAN = STD), TEST SET (27 VOLUMES). Wilcoxon signed-rank test against base-
line preprocessing routine of the respective framework; p values are not reported if symmetry
assumption seems violated (separate 1st layer). The best-performing model within each frame-
work is highlighted in bold; the overall best model is additionally marked in italic.

Framework  Preprocessing Routine MAE | Wilcoxon p (MAE) MSE | PSNR 1 SSIM 1t

CUT Baseline 119.20 + 29.66 - 48’703 + 29'054 2138 +£1.77  0.620 + 0.031
CUT 99th Percentile 117.37 £ 27.29 0.52 46’183 + 25’365 21.63£1.77  0.627 +0.027
CUT Nyul 132.47 +24.92 0.00 59346 + 237441 20.61+£1.78  0.593 + 0.034
CUT N-Peaks 08 113.56 + 25.27 0.00 44'672 + 23’800 21.71+1.65  0.646 + 0.028
CUT Separate 1st Layer 201.50 + 241.4 - 136323 + 256’716  19.73 +4.37  0.578 +0.121
Pix2Pix Baseline 116.94 + 35.40 - 53’867 + 30'646 20.84£1.95  0.644 + 0.049
Pix2Pix 99th Percentile 126.33 +31.28 0.01 57578 + 26'235 2047 +1.80  0.622 + 0.047
Pix2Pix Nyl 106.82 + 29.24 0.00 45’535 + 24’270 21.60 +1.87  0.669 + 0.044
Pix2Pix N-Peaks 08 106.85 + 28.23 0.00 45’462 + 23’803 21.51+1.73  0.666 + 0.043
Pix2Pix Separate 1st Layer 117.22 + 34.97 - 53’613 + 28’901 20.77 £1.84  0.640 = 0.055
CycleGAN Baseline 174.47 + 54.34 - 94’561 + 51'400 18.84 +2.10  0.528 +0.082
CycleGAN 99th Percentile 159.64 + 40.22 0.01 80243 + 34677 19.36 +1.90  0.608 + 0.045
CycleGAN Nyul 168.81 + 34.36 0.33 89’789 + 29’866 1847 +1.44  0.565 = 0.042
CycleGAN N-Peaks 08 149.97 + 30.28 0.00 70867 + 287632 19.44 +1.68  0.571 +0.037
CycleGAN Separate 1st Layer 221.77 + 145.3 - 143’566 + 150’188  17.29 +3.56  0.504 + 0.100

6.3 Experiment 3: Alternative Generator Networks
(RQ3)

The third experiment investigates the impact of different generator architectures and training
regimes within a fixed translation framework. Specifically, the following research question is
addressed:

RQ3: How does the choice of generator architecture and training regime influence sCT quality
within the Pix2Pix framework, and how does adversarial training compare to a generator-only
setting?

The motivation is to assess whether architectural advances beyond the standard UNet gen-
erator can improve performance, and whether adversarial training is essential when using more
expressive backbone networks such as Swin-based transformers. In particular, the experiment ex-
amines convolutional (UNet and ResNet) versus transformer-based (SwinV2-UNet) generators,
and compares cGAN training to a pure regression (generator-only) setting for transformer-based
generators.

6.3.1 Setup

Data. To reduce anatomical variability and isolate architectural effects, this experiment is re-
stricted to the abdominal subset of the SynthRAD dataset. Preprocessing follows the baseline
configuration in Section 5.1 without modification. The abdominal Pix2Pix baseline model from
Experiment 1 (UNet generator) is reused and not retrained.

Model Variants. All architectural modifications are implemented within the Pix2Pix frame-
work. In addition to the abdominal Pix2Pix UNet baseline, the following generator variants are
evaluated:
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+ Pix2Pix + ResNet generator: Replacement of the UNet backbone with a ResNet-based
encoder-decoder architecture.

+ Pix2Pix + SwinV2-UNet (frozen encoder): SwinV2-UNet generator where all encoder lay-
ers are frozen except for the first linear embedding layer, which is adapted due to input
channel mismatch.

+ Pix2Pix + SwinV2-UNet (fully trainable): SwinV2-UNet generator with all layers being
trainable.

To disentangle architectural effects from adversarial training, a generator-only setting is addi-
tionally evaluated (all other training components such as data loading, augmentation, batching
remain unchanged):

+ Generator-only + SwinV2-UNet (frozen encoder): Same architecture as above, trained us-
ing only the L; reconstruction loss without discriminator.

+ Generator-only + SwinV2-UNet (fully trainable): Fully trainable SwinV2-UNet optimized
solely with the L, loss.

Table 6.5 summarizes the key hyperparameters and model sizes for all evaluated variants in
Experiment 3. For the SwinV2-based generators, the initial baseline learning rate of 2 x 10~* led to
unstable training and non-convergence; therefore, it was reduced to 2 x 10~5. Due to the slower
observed convergence behavior (independently of freezing the encoder-part of the network) of
the transformer-based models, the number of training epochs was increased from 50 to 100 to
ensure sufficient optimization time.

Table 6.5: EXPERIMENT 3 OVERVIEW OF KEY HYPERPARAMETERS AND MODEL SIZES.

Framework Generator Backbone Learning Rate ~ #Epochs  #Params (G)  # Trainable Params (G)
Pix2Pix UNet-256 (baseline) 0.0002 50 5441 M 54.41M
Pix2Pix ResNet-9 0.0002 50 11.37 M 11.37 M
Pix2Pix SwinV2-UNet (fully trainable) 0.00002 100 3435M 3435M
Pix2Pix SwinV2-UNet (frozen encoder) 0.00002 100 34.35 M 6.78 M

" Generator-only ~ SwinV2-UNet (fully trainable) 000002 100 3435M 3435M
Generator-only  SwinV2-UNet (frozen encoder) 0.00002 100 34.35M 6.78 M

Postprocessing and Evaluation. Postprocessing is identical to previous experiments. Eval-
uation is restricted to our own image similarity metrics (see Section 3.5). No SynthRAD2025
post-challenge submission (due to restricting to abdominal region) and no dosimetric evaluation
(due to computational constraints) are performed for this experiment.

6.3.2 Results

The quantitative results of Experiment 3 are summarized in Table 6.6 and visualized for easier
readability of overall trends in Figure 6.6.

Within the Pix2Pix framework, replacing the UNet-256 baseline with a ResNet-9 generator
leads to consistent improvements across all four image similarity metrics. ResNet-9 achieves the
lowest MAE and MSE as well as the highest PSNR and SSIM, indicating both reduced voxel-
wise error and improved perceptual similarity. The fully trainable SwinV2-UNet also improves
over the UNet baseline in terms of MAE, MSE, and PSNR, but remains inferior to ResNet-9. In
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Figure 6.6: EXPERIMENT 3 RESULTS ON ABDOMINAL DATA. Evaluation based on own image
similarity implementation, test set (27 volumes).

contrast, freezing the SwinV2 encoder results in a performance degradation compared to both the
fully trainable SwinV2-UNet and the UNet baseline, suggesting that end-to-end optimization is
essential for transformer-based generators in this setting (randomly initialized first layer).

The generator-only configurations exhibit substantially inferior performance compared to all
adversarially trained Pix2Pix models. Both SwinV2-UNet variants trained solely with the L; loss
show markedly increased MAE and MSE and pronounced reductions in SSIM. Although the fully
trainable generator-only model partially recovers PSNR relative to the frozen variant, it remains
clearly below the corresponding Pix2Pix configuration. This indicates that adversarial training
contributes significantly to structural realism and perceptual consistency beyond pure voxel-wise
regression.

Table 6.6: EXPERIMENT 3 RESULTS ON ABDOMINAL DATA BASED ON OWN IMAGE SIMILARITY
EVALUATION. Experiment 3 results on abdominal data based on own image similarity evaluation
(mean = std), test set (27 volumes). The best-performing model within each framework is high-
lighted in bold; the overall best model is additionally marked in italic.

Framework Generator Backbone MAE | MSE | PSNR 1 SSIM 1t

Pix2Pix UNet-256 (baseline) 11694 +35.40 53’867 +30'646  20.84+1.95  0.644 = 0.049
Pix2Pix SwinV2-UNet (frozen encoder)  125.06 + 36.44  60'394 +31'858  20.35+2.06  0.627 = 0.050
Pix2Pix SwinV2-UNet (fully trainable) 108.24 £ 3593 46’613 + 30’811 21.55+2.14 0.655 + 0.048
Pix2Pix ResNet-9 98.51 +31.9 39’502 £ 27219  22.27 +2.13 0.689 + 0.047

Generator-only ~ SwinV2-UNet (frozen encoder) 16491 +32.27 92217 +28'674  19.21 +1.54  0.347 + 0.065
Generator-only ~ SwinV2-UNet (fully trainable) 135.34 £24.31  66'205 + 227444  20.67 £1.29  0.382 £ 0.055

Overall, the results indicate that architectural choice has an impact on sCT quality within the
Pix2Pix framework. In the investigated abdominal setting, the convolutional ResNet-9 backbone
outperforms both the UNet baseline and the transformer-based SwinV2-UNet variants. Further-
more, removing the adversarial objective leads to a substantial performance drop, highlighting
the importance of cGAN training for realistic MR-to-CT translation in this configuration. With re-
spect to RQ3, the findings suggest that both generator architecture and training regime critically
influence performance, and that architectural expressiveness alone does not compensate for the
absence of adversarial supervision.
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Discussion

This chapter reflects on the presented work from perspectives that a results-oriented chapter
cannot fully address. It examines overarching methodological choices, including preprocessing
strategies, data alignment, and architectural decisions, in terms of their broader implications for
clinical translation and future research. Where certain limitations or open questions are best un-
derstood in the context of a specific experiment, they are discussed accordingly.

Derivation of Body Contours and Organ Delineations. For training, validation and image
similarity-based evaluation, CT-based thresholding was used to derive body contours, as the
masks provided by the SynthRAD organizers were comparatively coarse and occasionally in-
cluded non-anatomical regions. Under the assumption that clinically deployed systems would
rely on accurate contouring (e.g. from dedicated planning workflows), this tighter masking strat-
egy likely improved the precision of voxel-wise supervision during training. However, for official
SynthRAD submissions, evaluation relied on the organizer-defined masks rather than the refined
CT-based contours used internally. This discrepancy may have contributed to performance differ-
ences between internal and official evaluations. It should further be noted that CT-based thresh-
olding is not available during inference in an MRI-only workflow, and MR-based thresholding
is considerably more challenging due to scanner- and protocol-dependent intensity variability
(see Section 4.4), limiting the direct transferability of this masking strategy to a purely MR-driven
deployment scenario.

For dosimetric evaluation, anatomical structures were segmented on CT volumes using To-
talSegmentator, as skin delineation is currently implemented only for CT input. In a clinically
realistic MRI-only setting, however, target volumes and organs at risk would need to be delin-
eated directly on MR images or sCT. Consequently, the adopted approach constitutes a practical
surrogate for experimental purposes.

Aligned vs. Unaligned Data. An important methodological aspect concerns the use of aligned
MRI-CT pairs. Pix2Pix explicitly exploits paired and spatially aligned data through its conditional
adversarial formulation and L; reconstruction loss. In contrast, CycleGAN and CUT do not re-
quire paired supervision and, in principle, do not leverage the exact voxel-wise correspondence
available in the dataset. Despite this, CUT with a ResNet backbone achieves performance compa-
rable to Pix2Pix-UNet, suggesting that the architectural choice may be more influential than strict
exploitation of paired alignment in this setting. Moreover, the observation that Pix2Pix-ResNet
outperforms Pix2Pix-UNet, while CUT-ResNet performs similarly to Pix2Pix-UNet without using
paired supervision, indicates that residual architectures may be well suited for MR-to-CT trans-
lation.
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Training Effort vs. Performance (CUT). CUT was trained substantially longer per epoch due to
its contrastive learning objective and patch-based feature sampling (roughly 20min per epoch for
Pix2Pix compared to 2h per epoch for CUT). Despite this increased computational effort, its per-
formance remains largely comparable to Pix2Pix and does not consistently outperform it. While
CUT demonstrates competitive perceptual quality and favorable dosimetric stability, the absence
of a clear quantitative advantage raises questions about its training efficiency in this specific MR-
to-CT setting. In particular, the additional training complexity does not translate into a decisive
improvement in MAE or PSNR. However, in a clinical setting after model deployment inference
time is relevant, indicating this aspect is only relevant if computational resources for model train-
ing are a bottleneck. Nevertheless, comparable performance of CUT and Pix2Pix remains notable
since CUT does not exploit the availability of aligned data.

Output Activation Function. Following the original Pix2Pix, CycleGAN, and CUT implemen-
tations, a hyperbolic tangent (tanh) activation function was applied to the generator output,
mapping predictions to the range [—1, 1]. To reconcile this with the normalized [0, 1] input repre-
sentation used during training, a linear rescaling is applied (both in the original implementations
during training and in our pipeline at inference). While this mismatch is technically resolved
through such rescaling, the approach carries inherent limitations that warrant discussion. Most
notably, the tanh function is asymptotic: it approaches its bounds only in the limit, meaning that
the extreme values of the clipped HU range employed for training (—1024 HU and 1200 HU) are
in practice unattainable. The network can only predict values approaching these extremes, which
may introduce systematic errors for very dense structures (e.g. bones) or very low-density re-
gions (e.g. air-filled cavities). Beyond this numerical concern, the reliance on tanh with post-hoc
linear rescaling is rather unintuitive. For sCT generation, a more principled alternative such as a
linear output activation, or a sigmoid activation would better reflect the regression nature of the
problem.

7.1 Experiment 1

Qualitative Results. The qualitative behavior of the different frameworks has also been investi-
gated using randomly chosen examples of axial and coronal slices from the same volumes. While
axial views allow direct comparison in the training plane, the reconstructed coronal slices pro-
vide insight into cross-slice consistency and three-dimensional coherence of the generated sCT
volumes.

The axial examples illustrated in Figure 7.1 exhibit attributes that are interesting to compare
qualitatively. The yellow region marks air, which is reproduced with varying fidelity across the
generated outputs; some align more closely with the MR appearance than others. Note that
the ground truth CT was acquired at a different time point, so MR-CT differences are expected.
The blue region highlights the ribs, which are largely absent in the CUT and CycleGAN outputs
and inconsistently represented in the Pix2Pix results, with variation in rib number and position
compared to the ground truth CT. The CycleGAN outputs appear flipped upside-down with the
spinal area (red arrow) on the wrong side for this specific slice.

Figure 7.2 shows coronal reconstructions of the same volumes as the axial examples. Addi-
tional interesting qualitative behaviors can be assessed from a cross-slice consistency perspective.
Pix2Pix outputs show cross-slice inconsistencies that produce noticeable blurring and structural
irregularities, whereas CUT appears more three-dimensionally consistent overall, though blur-
ring remains in regions with sharp intensity transitions (e.g., lung borders). The yellow region
highlights the inferior portion of the right lung, where different types of blur are evident across
the model outputs (CycleGAN appears to have learned this portion most consistently). The blue
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Figure 7.1: QUALITATIVE COMPARISON OF MODEL OUTPUTS ON AN ABDOMINAL AXIAL SLICE.
Example abdominal axial slice showing the MR input, model outputs (full body and region spe-
cific), and the corresponding ground truth CT (same random slice for all models).

region marks the ribs, which are largely absent in the CUT and region specific Pix2Pix outputs,
while the full body Pix2Pix output appears to overestimate bone content in this area. CycleGAN
exhibited an artificial horizontal banding pattern in the coronal view, which arose because adja-
cent axial slices were nearly identical, causing the model to reproduce slice-wise similarities as
structured lines after coronal reconstruction (red box).

Generalization vs. Region-Specific Specialization. Experiment 1 was designed to investi-
gate the trade-off between model generalization and region-specific specialization. Overall, the
results suggest that joint training across all five anatomical regions did not lead to a substantial
performance gain compared to region-specific models. These findings indicate that a single model
can learn a reasonably robust cross-region representation without dramatic loss in performance,
at least for Pix2Pix and CUT. However, modest but consistent improvements for region-specific
models-particularly for Pix2Pix-suggest that specialization still provides benefits when the goal is
to optimize voxel-wise accuracy. Our findings align with the feasibility claims in ( )-
However, it is important to note that performance remained comparable at best, and slightly in-
ferior in several metrics.

Region-Dependent Resampling and Scale Variation. An additional factor that may have
complicated cross-region learning in the fullbody setting concerns the region-dependent resam-
pling strategy described in Section 5.1.2. Head-and-neck and brain volumes are cropped directly
to 256 x 256 without downsampling, while thorax, abdomen, and pelvis volumes are first stan-
dardized to 512 x 512 and then subsampled by a factor of two. As a consequence, anatomical
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Figure 7.2: QUALITATIVE COMPARISON OF MODEL OUTPUTS ON AN ABDOMINAL AXIAL SLICE.
Example abdominal coronal slice showing the MR input, model outputs (fullbody and region-
specific), and the corresponding ground truth CT (same random slice for all models).

structures appear at approximately twice the spatial resolution per axis in head-and-neck and
brain slices compared to the remaining body regions. When all regions are pooled into a single
model, the generator must therefore learn to translate features that vary substantially in appar-
ent scale across the training distribution, which may increase the difficulty of learning a coherent
cross-region representation. This discrepancy arises from a deliberate trade-off: retaining the
finer pixel spacing of smaller fields of view preserves more anatomical detail on the input image,
whereas enforcing a uniform physical resolution across all regions would require upsampling the
larger body scans or downsampling the smaller ones, in either case discarding information or in-
troducing interpolation artifacts. Further investigations of options and implications are discussed
in Appendix Section A.1.

Internal Evaluation vs. Official SynthRAD Evaluation. A noticeable discrepancy was observed
between our internal image similarity evaluation and the official SynthRAD2025 post-challenge
results. First, the official evaluation aggregated only three anatomical regions (abdomen, head-
and-neck, thorax), whereas our internal analysis included five regions. Second, the evaluation
pipelines differ in preprocessing details and metric implementation (e.g. MS-SSIM instead of ag-
gregated 2D SSIM). Moreover, the challenge evaluation operates on organizer-defined masks and
resampling conventions, while our internal evaluation used our own CT-derived body masks and
preprocessing pipeline.

Most strikingly, Pix2Pix exhibits a considerable increase in MAE when moving from our inter-
nal evaluation to the official SynthRAD evaluation. Possible contributing factors include differ-
ences in anatomical coverage, masking, dataset, or intensity clipping. As shown in Section A .4,
the majority of the discrepancy for Pix2Pix-Fullbody can be attributed to anatomical coverage
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(only abdomen, head-neck and thorax) as well as differences in masking. The absence of a similar
magnitude shift for CUT suggests framework-dependent sensitivity to these evaluation condi-
tions.

Beyond architectural differences, the computational cost is strongly shaped by the training
setup. A fullbody model is trained on slices pooled from all five anatomical regions, which in-
creases the amount of data seen per epoch and typically leads to longer epochs and higher overall
runtime until convergence. However, this fullbody model cost should be interpreted in context:
the relevant baseline is not one region-specific model, but training and maintaining five separate
region-specific models. From that perspective, the comparison becomes a trade-off between (i)
one more expensive training run with a single set of weights versus (ii) multiple cheaper runs
that together may match or exceed the total training effort, depending on the number of regions
used, stopping times, and whether training can be parallelized. Training the five region-specific
models for Experiment 1 in our setting has required approximately the same resource-time as
training the fullbody model, but parallelizing has reduced the time from initialization to conver-
gence.

The observed performance differences remain small —- fullbody training is at best compa-
rable to region-specific training across image similarity and dosimetric metrics. This indicates
that pooling all regions into one model does not consistently yield a measurable accuracy ad-
vantage, so the practical choice is largely driven by efficiency and deployment considerations: a
joint model can simplify inference and maintenance, while region-specific models may be prefer-
able when the highest region-wise performance is desired and training resources allow multiple
specialized runs.

Failure Mode of CycleGAN in the Abdominal Setting. A closer inspection of the abdominal
CycleGAN outputs reveals a characteristic failure pattern that helps explain its comparatively
poor quantitative performance. Instead of learning a consistent, anatomy-dependent MR-to-CT
mapping, the model frequently generates slices resembling an average abdominal CT slice located
near the center of the volume, largely independent of the actual input anatomy. This behavior sug-
gests that the cycle-consistency constraint may have over-constrained the optimization: rather
than encouraging a faithful conditional mapping, it potentially promotes a solution that mini-
mizes the bidirectional reconstruction error by collapsing towards a prototypical appearance in
CT space. In other words, the model appears to prioritize invertibility of the mapping over ac-
curate, slice-specific CT synthesis. This interpretation is further supported by the observation
that the generated average slice is occasionally flipped upside-down, consistent with the random
flipping augmentations applied during training. This default behavior of the CycleGAN imple-
mentation seems to be highly destructive in the presence of non-symmetric, paired data. Such
symmetry-consistent artifacts indicate that the generator does not anchor its prediction to the
concrete spatial configuration of the input slice, but instead converges to a mode that satisfies
cycle consistency while neglecting anatomical correspondence.

Performance Gap to Challenge Winners. All investigated configurations remained substan-
tially below the official challenge winners across image similarity, geometric, and dosimetric met-
rics. The winners achieved markedly lower MAE and higher PSNR and MS-SSIM, as well as supe-
rior DICE and HD95 values. Two methodological differences likely contributed to this gap. First,
top-performing challenge methods typically employ 3D architectures, which inherently model
inter-slice context and reduce cross-slice inconsistencies observed in our 2D reconstructions (see
Figure 7.2 and Figure 7.4). These approaches, however, require significantly more computational
resources than the approaches analyzed in this experiment. Second, many leading approaches in-
corporate perceptual or feature-based losses in addition to adversarial and pixel-wise objectives,
which can improve structural realism and boundary sharpness beyond L;-based optimization.
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Figure 7.3: QUALITATIVE COMPARISON OF MODEL OUTPUTS ACROSS NORMALIZATION STRATE-
GIES ON AN ABDOMINAL AXIAL SLICE. Example abdominal axial slice showing the MR input
(left column), outputs from CUT, Pix2Pix, and CycleGAN (middle columns), and the correspond-
ing ground truth CT (right column) for each of the four normalization strategies (same patient
and slice across all rows).

7.2 Experiment 2

Qualitative Results. The qualitative behavior of the different frameworks has also been inves-
tigated using randomly chosen examples of axial slices as displayed in Figure 7.3. The yellow
region marks air-filled structures in the upper abdomen, which are reproduced with varying fi-
delity across frameworks; note that the ground truth CT was acquired at a different time point, so
MR-CT differences in bowel gas distribution are expected. The cyan region highlights the lateral
soft tissue and musculature area. The P99 MR input appears noticeably brighter overall com-
pared to the other normalization strategies, reflecting its global intensity rescaling. The N-Peaks
MR input, by contrast, shows reduced intensity in subcutaneous fat regions, consistent with its
tissue-specific peak alignment. CycleGAN outputs exhibit spatial distortions across all normal-
ization strategies, with the spinal area displaced toward the anterior side (red arrows), consistent
with the flipping artifacts observed in Experiment 1. CUT and Pix2Pix produce outputs that more
closely follow the anatomical layout of the MR input, though Pix2Pix renders slightly sharper tis-
sue boundaries.

Limited overall impact of normalization. The relatively small performance differences be-
tween normalization strategies indicate that modern GAN-based translation frameworks are to
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some degree robust to the form of MRI intensity preprocessing, at least when evaluated by global
image similarity metrics. The translation model appears to accommodate residual inter-patient
and inter-center intensity variability without requiring precise distributional alignment as a pre-
condition. This robustness may be partly attributable to the adversarial training objective, which
encourages the generator to produce plausible CT-like outputs regardless of the specific form of
the input distribution.

Normalization effects are framework-dependent. Among the tested strategies, no method
consistently outperformed the others across all frameworks and metrics. This framework-dependent
pattern is particularly evident for Nydl normalization: its piecewise linear histogram alignment
appears to benefit Pix2Pix’s pixel-wise paired supervision while interfering with CUT’s con-
trastive patch-based objective, which may be more sensitive to global intensity reshaping that
alters spatial contrast patterns. N-Peaks, as a tissue-anchored refinement of the Nyl principle,
shows more consistent behaviour across frameworks, though its advantage is constrained by the
unreliability of fat tissue as a normalization anchor in the abdominal region, as discussed above.

An interesting divergence was observed between CUT and Pix2Pix in their response to Nyl
normalization. For Pix2Pix, Nyl yields a clear improvement over Baseline; for CUT, it leads
to a notable degradation. This suggests that the two frameworks differ in how they exploit the
statistical structure of the input distribution, and that the piecewise linear histogram alignment
imposed by Nyl may interact differently with paired and unpaired training objectives. Specifi-
cally, CUT’s contrastive patch-based objective may be more sensitive to global intensity reshaping
that alters spatial contrast patterns, whereas Pix2Pix’s pixel-wise L, supervision appears to ben-
efit from the more consistent intensity scale. This framework-normalization interaction warrants
further investigation, particularly in multi-center settings where the most appropriate normaliza-
tion strategy may depend on the chosen training paradigm.

Failure of the separate first layer. The separate first layer approach consistently underper-
forms across all frameworks and exhibits substantially higher variance, indicating training in-
stability rather than a principled adaptation to center-specific characteristics. A major challenge
for this center-specific adaptation strategy was the limited data availability per institution, par-
ticularly for center C. The abdominal dataset comprised only 13 training and 3 test cases for this
center, which substantially restricted the models” ability to learn robust and generalizable feature
representations. In several configurations, especially for CUT and CycleGAN, the models failed
to extract meaningful features for center C, as reflected by the markedly degraded image simi-
larity metrics and high variance. In contrast, performance on centers A and B was more stable
and consistent with the baseline results. A detailed comparison of results stratified by treatment
center is provided in Appendix A.5.

7.3 Experiment 3

Qualitative Results. The model outputs were also evaluated qualitatively, the results are shown
in Figure 7.4. The models were trained on axial slices; therefore, the coronal views are recon-
structed from axial predictions. The outputs show cross-slice inconsistencies that produce no-
ticeable blurring and structural irregularities for all generators. The region highlighted in yellow
marks air, which is fairly aligned with the input in the case of ResNet but not well predicted by
UNet and SwinV2-UNet. The blue region marks the ribs, which are largely absent in the baseline
and SwinV2-UNet and fairly represented with ResNet. The pink region highlights the inferior
portion of the right lung, which seems quite well represented with ResNet with details missing
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MR input UNet-256 (Baseline) ResNet-9 SwinV2-UNet (fully trainable) Ground Truth

Coronal

Figure 7.4: COMPARISON OF PIX2PIX MODELS WITH DIFFERENT GENERATOR NETWORKS ON
ABDOMINAL DATA. Example abdominal axial and coronal slices showing the MR input, model
outputs (Pix2Pix models trained with different generator networks on abdominal data), and the
corresponding ground truth CT.

for UNet and SwinV2-UNet. Also for the ribs in the coronal view (green area), ResNet produces
the most accurate representation. Generator-only results omitted due to poor results quality.

Convergence Behavior. The training time per epoch is comparable across UNet, ResNet, and
SwinV2-UNet models (with the frozen Swin variant being slightly faster due to fewer trainable
parameters). However, the Swin-based models require lower learning rates and more epochs to
reach convergence, resulting in a higher overall training time. This slower convergence behavior
may reflect the higher optimization complexity of transformer-based generators in a relatively
limited-data, 2D slice-wise regime.

Frozen vs. Fully Trainable SwinV2-UNet. A particularly noteworthy observation is that the
SwinV2-UNet with frozen encoder converges more slowly and achieves worse performance than
the fully trainable variant, despite using the same reduced learning rate. One possible explana-
tion is that adapting only the initial patch embedding layer while keeping deeper transformer
blocks fixed constrained the model’s ability to align pretrained feature representations with the
MR-to-CT domain shift. In this configuration, the embedding layer may have needed to com-
pensate for a mismatch between grayscale MR inputs and pretrained ImageNet features without
support from jointly adapting deeper layers. At the same time, increasing the learning rate to
accelerate embedding adaptation was not feasible, as it destabilized training of the randomly ini-
tialized decoder. This trade-off may explain the comparatively poor learning dynamics of the
frozen configuration. Overall, end-to-end optimization appears essential for transformer-based
generators in this application.

Resolving the Input Mismatch for Encoder Freezing. A conceptually cleaner approach to
encoder freezing would be to replicate the single-channel grayscale MR input across all three in-
put channels before passing it to the pretrained SwinV2 encoder, rather than adapting the patch
embedding layer to accept single-channel input. Under this scheme, the encoder receives a three-
channel tensor whose channels are identical, which is consistent with the RGB inputs seen during
ImageNet pretraining and therefore allows the full encoder to be frozen without any modifica-



7.4 Limitations and Directions for Future Research 61

tion to its weights. The key advantage of this strategy is that the pretrained feature hierarchy
remains entirely intact: no part of the encoder needs to be retrained or adapted, and the learning
rate conflict between the patch embedding layer and the randomly initialized decoder is avoided
entirely. The principal limitation is that feeding three identical channels does not exploit poten-
tial multi-channel information, but since MR input is inherently single-channel in this setting, no
information is lost relative to the single-channel alternative. This approach therefore represents
a more principled baseline for transfer learning from RGB-pretrained transformer encoders in
grayscale medical imaging tasks, and should be investigated in future work before concluding
that frozen encoder configurations are unsuitable for MR-to-CT translation.

Importance of Adversarial Training. A further finding of Experiment 3 is the strong impact
of adversarial training on sCT quality. Both generator-only SwinV2-UNet configurations exhibit
a substantial degradation compared to their Pix2Pix counterparts. This indicates that pixel-wise
L, optimization alone is insufficient to enforce anatomically realistic MR-to-CT translation in this
setting. The adversarial objective in Pix2Pix likely encourages sharper bone boundaries and more
plausible air-tissue transitions as these seem to be distinctive features for the discriminator, which
are not fully captured by L, loss minimization. Thus, increased architectural expressiveness alone
does not compensate for the absence of adversarial supervision, underlining the importance of
c¢GAN training (or more sophisticated loss functions) for this task.

Implications for Future Architectures. The comparative results suggest that residual learn-
ing strategies are particularly beneficial for MR-to-CT translation. Since ResNet-9 outperforms
UNet, and the fully trainable SwinV2-UNet also surpasses the UNet baseline, a hybrid architec-
ture combining residual connections with transformer-based global context modeling may repre-
sent a promising direction. For example, integrating residual connections into the bottleneck of a
Swin-based encoder—decoder or constructing a Swin-ResNet hybrid backbone could potentially
leverage both effective local feature refinement and long-range dependency modeling.

7.4 Limitations and Directions for Future Research

While this work follows a careful experimental approach, several important limitations should be
noted, and they point to clear directions for future research.

2D Slice-wise modeling. The most significant technical limitation of this work is that all mod-
els operate on individual 2D axial slices, with no awareness of neighboring slices. As a result,
reconstructed volumes can appear inconsistent when viewed from the side or front, which is also
likely a major reason for the gap to the top SynthRAD2025 challenge submissions, most of which
work in full 3D. Moving to 3D or hybrid 2.5D architectures would probably be the most impactful
improvement for future work, at the cost of increased computational complexity.

Loss Formulations. Beyond architectural changes, the loss function is another lever worth
exploring. This work relied on L; and adversarial objectives, but incorporating perceptual or
feature-based losses, such as AFP losses, could improve structural realism and boundary sharp-
ness, particularly for fine anatomical detail that pixel-wise objectives tend to smooth over. This
aligns with observations from top SynthRAD2025 challenge submissions, which commonly com-
bine multiple loss terms including perceptual loss.
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Body Masking. CT-based body masks were used during training to improve the precision of
voxel-wise supervision, but these masks are not available at inference time in an MRI-only setting.
MR-based thresholding is considerably harder due to scanner- and protocol-dependent intensity
variability, and developing a robust MRI-based masking strategy that generalizes across proto-
cols remains an open problem, though TotalSegmentator’s MR-based body_trunc task could be a
promising starting point.

Dosimetric Evaluation and MR-based Contouring. The dosimetric evaluation is limited by
its small cohort of three cases and the use of the left kidney as an artificial planning target, chosen
for its consistent presence across abdominal cases rather than clinical relevance. Furthermore,
anatomical delineations were derived from CT volumes via TotalSegmentator, since its skin-
segmentation functionality is currently CT-only, whereas a genuine MRI-only workflow would
require MR-based contouring. Future work should integrate MR-based segmentation methods to
better approximate a clinically realistic treatment-planning pipeline. Related to this, the CT-based
body masks used during training are unavailable at inference time in an MRI-only setting, and
developing robust MR-based masking strategies remains an open problem.

Data Quality. On the data side, more thorough screening for misaligned or outlier image pairs
— as applied by several top challenge teams — could reduce training noise and improve overall
model quality.

Generalizability of Ablation Findings. Several architectural directions identified in Experi-
ment 3 (see Section 6.3) warrant further investigation. A natural next step would be to train
Pix2Pix and CycleGAN with a ResNet generator to test whether the gains observed for ResNet
over UNet extend beyond the Pix2Pix-Abdomen results. On the transformer side, extending the
idea behind SwinV2-UNet to a SwinV2-ResNet hybrid — where Swin Transformer blocks take
the place of convolutional layers within a residual architecture — could combine the strengths of
both approaches and is worth investigating as an alternative to the current UNet-like Swin for-
mulation. Additionally, larger Swin model variants and more deliberate encoder-freezing strate-
gies deserve further exploration; for example, also freezing the first patch embedding layer and
replicating the grayscale MR input across all three input channels to better match the ImageNet
pretraining assumptions.
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Conclusion

This project investigated sCT generation from MR images in a multi-center and multi-anatomical
setting, examining three design dimensions: anatomical coverage of training data, MRI intensity
normalization, and generator architecture. A recurring observation across all three is that the
choice of translation framework shapes performance more strongly than any individual design
decision within it. Pix2Pix and CUT proved more robust across varying conditions, while Cycle-
GAN was consistently more sensitive — likely because the default training data augmentation of
data flipping was destructive in this setting with non-symmetric, paired data.

On generalization versus specialization, joint fullbody training is feasible for Pix2Pix and CUT,
but the modest and consistent advantage of region-specific models in most settings suggests that
accommodating all anatomical regions within a single parameter space is not costless.

On normalization, tissue-informed methods offered marginal benefits overall, but their effect
was framework-dependent: Nyl improved Pix2Pix while degrading CUT, possibly because its
histogram alignment alters spatial contrast structure in ways that interfere with CUT’s patch-
based contrastive objective. More broadly, the finding that simple global normalization remained
competitive suggests that adversarial training is to some degree self-regularizing with respect to
input intensity scale.

On architecture, the clearest result is that adversarial training proved essential — the dramatic
SSIM drop in generator-only configurations confirmed that a simple L regression objective alone
could not enforce structural coherence at bone boundaries and air-tissue interfaces. In light of
the advanced perceptual and anatomy-aware losses used in SynthRAD (e.g., TotalSegmentator-
based feature constraints), it is plausible that more sophisticated supervision beyond plain L,
might partially mitigate this gap, even without a discriminator. Among backbones, ResNet-9
outperformed the transformer-based SwinV2-UNet and the convolution-based UNet. This find-
ing suggests that residual connections may be better suited to this regression task than purely
skip-based encoder—decoder fusion.

Overall, the project demonstrated that sCT generation for MR-only radiotherapy is influenced
by data composition, intensity harmonization, and architectural design choices — and that the de-
sign choices which matter most are not always the ones that receive the most attention in the lit-
erature. While our configurations did not reach the performance of the SynthRAD2025 challenge
winners, the systematic ablation of methodological components provided structured insight into
where performance gains and limitations arise. These findings contribute to a more transparent
understanding of design trade-offs in multi-center MR-to-CT translation and provide a founda-
tion for future improvements toward clinically robust MR-only workflows.
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Appendix A

Attachments

A.1 Resampling Considerations By Body Region

This appendix provides additional quantitative justification for the region-specific resampling
strategy described in Section 5.1.2. The primary objective of the resampling step was threefold:
(i) to obtain a unified in-plane resolution of 256 x 256 suitable for all downstream models, (ii)
to preserve comparable anatomical scales across body regions, and (iii) to keep the body mask
as large as possible within the standardized field of view while minimizing cropping. However,
these objectives are partially contradicting resulting in trade-offs.

Target Resolution of 256 x 256.  All investigated architectures (UNet-based generators, ResNet-
based generators, and transformer-based variants) were trained slice-wise and benefited from
a moderate, fixed spatial resolution. A resolution of 256 x 256 represents a practical trade-off
between spatial detail and computational efficiency: it is sufficiently high to preserve relevant
anatomical structures (e.g., cortical bone, air cavities, organ boundaries), while enabling stable
adversarial training on available hardware. Moreover, this resolution is commonly used in image-
to-image translation frameworks, ensuring architectural compatibility without further modifica-
tions.

To ensure that similar anatomical structures appear at similar pixel scales across body regions,
we harmonized the effective in-plane spacing in two groups. For thorax, abdomen, and pelvis
scans, this required an intermediate standardization to 512 x 512 followed by a downsampling by
a factor of two. For brain and head /neck scans, whose body-mask bounding boxes were already
substantially smaller, direct padding or cropping to 256 x 256 was sufficient. This results in a
discontinuity in the neck area.

Distribution of Body-Mask Bounding Boxes. Figure A.1 and Figure A.2 show the empirical
distribution of body-mask bounding-box sizes (width x height) per axial slice.

For brain and head/neck cases (Figure A.1), most slices clustered well below 256 x 256. Con-
sequently, direct standardization to 256 x 256 resulted primarily in padding rather than cropping.
Only 4.43% of slices required cropping of the body mask (this does not indicate how much of the
body mask is actually cropped, hence, in most cases this is assumed to be as little as a few pixels),
indicating that the chosen target resolution was well aligned with the anatomical extent of these
regions.

For thorax, abdomen, and pelvis cases (Figure A.2), bounding boxes frequently approached
512 x 512. Direct resizing to 256 x 256 would therefore have led to substantial cropping or strong
interpolation artifacts. The adopted two-stage approach (standardization to 512 x 512, followed
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Figure A.1: HEATMAP OF BODY-MASK BOUNDING-BOX SiZES FOR HEAD/NECK AND BRAIN
REGIONS. Distribution of body-mask bounding-box sizes (width x height in pixels) per axial
slice for head /neck and brain regions. The majority of slices cluster well below 256 x 256 (dashed
red line), allowing direct standardization to the target resolution without downsampling. Note:
Count is in log-space.

by downsampling by a factor of two) ensured that the body mask occupied as much of the final
256 x 256 canvas as possible. In this configuration, only 2.24% of slices exhibited cropped masks.

Choice of Downsampling Factor and Interpolation. For the larger body regions, a down-
sampling factor of two was deliberately chosen. This integer scaling preserves sharp boundaries
and avoids interpolation-induced blurring (when downsampling / interpolating by a non-integer
factor), which is particularly important for CT bone edges and air-tissue interfaces that strongly
influence HU distributions and adversarial training stability.

An alternative configuration with a downsampling factor of 1.8 would have allowed larger
input structures for thorax, abdomen, and pelvis; however, this setting would result in 9.77% of
slices with cropped masks and required non-integer interpolation, introducing visible smoothing
effects. Given the importance of edge fidelity and structural sharpness for sCT generation, the
factor-of-two strategy was preferred.
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Figure A.2: DISTRIBUTION OF BODY-MASK BOUNDING-BOX S1ZES FOR THORAX, ABDOMEN,
AND PELVIS REGIONS. Heatmap of body-mask bounding-box sizes (width x height in pixels)
per axial slice for thorax, abdomen, and pelvis regions. Bounding boxes extend up to 512 x 512
(dashed red line), motivating the two-stage resampling approach where images are first standard-
ized to 512 x 512 and then downsampled to 256 x 256 via nearest-neighbor interpolation. Note:
Count is in log-space.

A.2 Training Configurations

This appendix summarizes the training configurations used throughout the project. Unless ex-
plicitly stated otherwise in Chapter 6 (e.g., changes in data composition, MR normalization strat-
egy, or generator architecture), the hyperparameters and optimization settings listed below were
kept fixed across all experiments to ensure comparability. The listings represent the full training
options as saved by the Pix2Pix, CycleGAN and CUT training runs from the respective original
implementations, provided for reproducability purposes.

Pix2Pix Following training options have been used for all Pix2Pix (baseline with UNet-256)
experiments.
————————————————— Options ——————————-———-—-—

batch_size: 1
betal: 0.5
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checkpoints_dir: <checkpoints> [default: ./checkpoints]

continue_trai
crop_size

n: False
: 256

dataroot: <dataroot> [default: None]
dataset_mode: aligned

direction: AtoB
display_freqg: 400
display_winsize: 256
epoch: latest
epoch_count: 1
gan_mode: vanilla
init_gain: 0.02
init_type: normal
input_nc: 1 [default: 3]
isTrain: True [default: None]
lambda_L1l: 100.0
load_iter: 0 [default: 0]
load_size: 286
lr: 0.0002

lr_decay_iters: 50
lr_policy: linear
max_dataset_size: inf

model:
n_epochs:

pix2pix [default: cycle_gan]
50 [default: 100]

n_epochs_decay: 0 [default: 100]

n_layers_D

3

name: pix2pix [default: experiment_name]
ndf: 64
netD: basic
netG: unet_256
ngf: 64
no_dropout: False
no_flip: False
no_html: True [default: False]
norm: batch
num_threads: 4
output_nc: 1 [default: 3]
phase: train
pool_size: 0O
preprocess: None [default: resize_and_crop]

print_freqg: 100

save_by_iter

: False

save_epoch_freqg: 1 [default: 5]

save_latest_fre

g: 5000

serial_batches: False

suffix:

update_html_freqg: 1000

use_wandb:
verbose:

False
False

wandb_project_name: CycleGAN-and-pix2pix

77777777777777777 End

CycleGAN Following training options have been used for all CycleGAN (baseline with UNet-

256) experiments.

————————————————— Opti
batch_size:
betal:

ons ———————————----
1
0.5

checkpoints_dir: <checkpoints> [default: ./checkpoints]
continue_train: False

crop_size:
dataroot:

256
<dataroot> [default: None]

dataset_mode: unaligned

direction:

AtoB

display_freqg: 400
display_winsize: 256
epoch: latest

epoch_count:
gan_mode:
init_gain:
init_type:

1
lsgan
0.02
normal
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input_nc: 1 [default: 3]
isTrain: True [default: None]
lambda_A: 10.0
lambda_B: 10.0
lambda_identity: 0.5
load_iter: 0 [default: 0]
load_size: 286
lr: 0.0002
lr_decay_iters: 50
lr_policy: linear
max_dataset_size: inf
model: cycle_gan
n_epochs: 50 [default: 100]
n_epochs_decay: 0 [default: 100]
n_layers_D: 3
name: cyclegan [default: experiment_name]
ndf: 64
netD: basic
netG: unet_256 [default: resnet_9blocks]
ngf: 64
no_dropout: True
no_flip: False
no_html: False
norm: instance
num_threads: 4
output_nc: 1 [default: 3]
phase: train
pool_size: 50
preprocess: None [default: resize_and_crop]
print_freqg: 100
save_by_iter: False
save_epoch_freqg: 1 [default: 5]
save_latest_freqg: 5000
serial_batches: False
suffix:
update_html_freqg: 1000
use_wandb: False
verbose: False
wandb_project_name: CycleGAN-and-pix2pix
77777777777777777 End ———————————————————

CUT Following training options have been used for all CUT (baseline with ResNet-9) experi-
ments.

77777777777777777 Options ————————=———————
CUT_mode: CUT
batch_size: 1
betal: 0.5
beta2: 0.999
checkpoints_dir: <checkpoints> [default: ./checkpoints]
continue_train: False
crop_size: 256
dataroot: <dataroot> [default: placeholder]
dataset_mode: unaligned
direction: AtoB
display_env: main
display_freq: 400
display_id: None
display_ncols: 4
display_port: 8097
display_server: http://localhost
display_winsize: 256
easy_label: experiment_name
epoch: latest
epoch_count: 1
evaluation_freqg: 5000
flip_equivariance: False
gan_mode: lsgan
gpu_ids: 0
init_gain: 0.02
init_type: xavier



72

Appendix A. Attachments

input_nc: 1 [default: 3]
isTrain: True [default: None]
lambda_GAN: 1.0
lambda_NCE: 1.0
load_size: 286
lr: 0.0002
lr_decay_iters: 50
lr_policy: linear
max_dataset_size: inf
model: cut
n_epochs: 50 [default: 200]
n_epochs_decay: 0 [default: 200]
n_layers_D: 3
name: cut [default: experiment_name]
nce_T: 0.07
nce_idt: True
nce_includes_all_negatives_from_minibatch: False
nce_layers: 0,4,8,12,16
ndf: 64
netD: basic
netF: mlp_sample
netF_nc: 256
netG: resnet_9blocks
ngf: 64
no_antialias: False
no_antialias_up: False
no_dropout: True
no_flip: False
no_html: True [default: False]
normD: instance
normG: instance
num_patches: 256
num_threads: 4
output_nc: 1 [default: 3]
phase: train
pool_size: 0O
preprocess: None [default: resize_and_crop]
pretrained_name: None
print_freqg: 100
random_scale_max: 3.0
save_by_iter: False
save_epoch_freqg: 1 [default: 5]
save_latest_freqg: 5000
serial_batches: False
stylegan2_G_num_downsampling: 1
suffix:
update_html_freqg: 1000
verbose: False
77777777777777777 End —-——————————————————

A.3 Experiment 1: By Body Region

This section provides the detailed results of Experiment 1 broken down by anatomical region.
While the main text reports metrics aggregated over all regions, Figure A.3 visualizes the per-
region distributions for MAE, MSE, PSNR, and SSIM based on our internal image similarity eval-

uation.

Overall trends across regions. Although absolute performance levels varied considerably be-
tween anatomical regions, the global trends described in Section 6.1 remained largely consistent.
In most regions and across most metrics, region-specific training performed slightly better than
the corresponding fullbody model. Furthermore, Pix2Pix consistently outperformed CUT in the
majority of settings, while CycleGAN showed clearly inferior performance across nearly all re-
gions and metrics. These tendencies were reflected both in error-based metrics (MAE, MSE) and
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Figure A.3: EXPERIMENT 1 RESULTS BY ANATOMICAL REGION BASED ON OWN IMAGE SIMILAR-
ITY EVALUATION. Boxplot of Experiment 1 results by anatomical region as well as aggregated
(“TOTAL"). For each framework (CUT, Pix2Pix, CycleGAN), one jointly trained fullbody model
is shown alongside five separately trained region-specific models (abdomen, brain, head-neck,
pelvis, thorax). Lower is better for MAE and MSE; higher is better for PSNR and SSIM. Evalua-
tion on test set (141 volumes across all anatomical regions).
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perceptual metrics (PSNR, SSIM), indicating that the aggregated conclusions were not driven by
a single anatomical site.

Region-specific observations. The pelvis region exhibited comparatively favorable perfor-
mance for Pix2Pix and CUT, characterized by lower MAE/MSE and higher PSNR/SSIM rela-
tive to more heterogeneous regions. In contrast, the head-and-neck region showed substantially
larger variability and overall reduced performance, particularly visible in the wide interquartile
ranges and outliers for MAE and MSE. This likely reflects the anatomical complexity of the region,
including fine bone-air interfaces and small high-contrast structures.

For the brain region, performance was relatively stable with moderate dispersion, and dif-
ferences between fullbody and region-specific models were small. The thorax demonstrated in-
creased variability, likely related to lung tissue and sharp air-tissue transitions, which seem chal-
lenging for 2D slice-wise models.

Consistency of fullbody vs. region-specific training. Across most anatomical regions, region-
specific models achieved equal or slightly improved median performance compared to the full-
body models. However, the magnitude of these differences was generally modest for Pix2Pix and
CUT. CycleGAN showed a higher sensitivity to joint training, with the fullbody configuration
often exhibiting higher errors and lower perceptual scores than the region-specific variants.

Taken together, the per-region analysis confirms the conclusions drawn from the aggregated
results: (i) region-specific training provides a small but consistent advantage in most cases, (ii)
Pix2Pix represents the strongest framework among the evaluated methods, and (iii) CycleGAN
underperforms substantially across anatomical regions. While anatomical difficulty modulates
absolute performance, the relative ranking between frameworks and training regimes remains
largely stable.

A.4 Experiment 1: Effect of Mask Quality for Pix2Pix

This section analyzes the substantial performance drop observed for Pix2Pix between the internal
image similarity evaluation (MAE = 137.19 for the fullbody model) and the external evaluation
in SynthRAD2025 (MAE = 184.91 for the fullbody model). The discrepancy was particularly pro-
nounced for MAE and therefore warranted a dedicated analysis of potential contributing factors.

Table A.1 reports the performance of the same fullbody Pix2Pix model on the three Syn-
thRAD2025 anatomical regions (abdomen, head-neck, thorax), evaluated once using the CT-derived
body masks employed in our experiments and once using the original, comparatively broad
masks provided by the challenge organizers (respectively applied to input and output). Approx-
imately 20% of the observed difference could be attributed to the restriction to the anatomical
subset, and roughly 40% to differences in mask definition. The remaining discrepancy (approxi-
mately 40%) was likely caused by additional factors, including dataset-specific variations.

Qualitative inspection revealed that the broader challenge masks frequently included anatom-
ical structures such as extremities (e.g., arms) that were not consistently present in both modalities
(MR and CT). Our CT-derived masks were designed to minimize such mismatches by restricting
evaluation to regions with valid cross-modality correspondence. In contrast, the original Syn-
thRAD masks did not account for this issue, which led to inflated voxel-wise errors and, conse-
quently, markedly degraded quantitative metrics.
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Table A.1: EXPERIMENT 1 RESULTS BY MASK TYPE. Experiment 1 results aggregated over the
three SynthRAD2025 anatomical regions (abdomen, head-neck, thorax) to assess effect of mask
quality on metrics based on own image similarity evaluation (mean + std), test set (87 volumes).

Model Body Masks MAE MSE PSNR SSIM

Pix2Pix (Fullbody)  Baseline (CT-derived) 14699 +71.40 83’553 £+ 81055  19.88+1.99  0.655 + 0.065
Pix2Pix (Fullbody) = SynthRAD original masks = 163.34 +45.61 927284 +42'865 17.94+1.94  0.652 + 0.066

A.5 Experiment 2: Extended Results

This section provides results for Experiment 2 with more granularity. Table A.2 reports the full
quantitative results of the different npeaks configurations of Experiment 2 on the abdominal test
set, including mean and standard deviation for all four image similarity metrics (MAE, MSE,
PSNR, SSIM) across all frameworks. This allows direct comparison between N-Peaks configura-
tions under otherwise unchanged training conditions.

Figure A.4 presents the Experiment 2 image similarity results on abdominal data as boxplots,
broken down by framework and N-Peaks configuration. The figure complements Table A.2 by
visualizing the spread and distribution of per-patient metrics, allowing identification of outliers
and assessment of result stability across configurations.
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Figure A.4: EXPERIMENT 2 RESULTS ON ABDOMINAL DATA BASED ON OWN IMAGE SIMILARITY
EVALUATION (FULL), TEST SET (27 VOLUMES).

Table A.3 presents the results of the model-based approach Separate 1st Layer broken down
by treatment center of the data. It indicates that some models were not able to learn meaningful
feature extractions for center C.
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Table A.2: EXPERIMENT 2 RESULTS ON ABDOMINAL DATA BASED ON OWN IMAGE SIMILARITY
EVALUATION. Experiment 2 results on abdominal data based on own image similarity evaluation
(mean =+ std), test set (27 volumes).

Framework  Preprocessing Routine MAE MSE PSNR SSIM
CuT N-Peaks 03 121.40 £25.60 46’555 +£24'330  21.75+1.86  0.626 + 0.027
CuT N-Peaks 08 113.56 £ 2527 44’672 +23'800  21.71+1.65  0.646 + 0.028
CUT N-Peaks 03 center-specific =~ 120.69 £35.32 51488 £31'836 ~ 21.30+2.05  0.629 + 0.030
CUT N-Peaks 08 center-specific ~ 119.57 +36.74 ~ 47'945+33'792  21.16 +1.69  0.633 + 0.033

" CycleGAN ~ N-Peaks03 14139 £3143  65766+29067 1985+170  0.603+0.036
CycleGAN  N-Peaks 08 149.97 £30.28 70’867 £28'632  19.44+1.68  0.571+0.037

CycleGAN N-Peaks 03 center-specific ~ 147.00 + 34.52 70’421 + 32’339 19.64 +1.64  0.584 +0.034
CycleGAN  N-Peaks 08 center-specific ~ 191.99 +46.03 107480 +39'909  17.79+1.68  0.533 = 0.045

Pix2Pix N-Peaks 03 106.22 + 27.49 44’813 + 23263 21.59+1.71  0.662 + 0.040
Pix2Pix N-Peaks 08 106.85 + 28.23 45’462 + 23’803 21.51+1.73  0.666 + 0.043
Pix2Pix N-Peaks 03 center-specific ~ 105.28 + 29.34 44’904 £ 25'176 21.65+1.84  0.671 +0.039
Pix2Pix N-Peaks 08 center-specific ~ 108.73 + 29.19 46’050 + 25'117 2148 +1.70  0.661 + 0.039

Table A.3: SEPARATE FIRST LAYER RESULTS BY TREATMENT CENTER ON ABDOMINAL DATA. Re-
sults based on own image similarity evaluation (mean =+ std), test set (number of training samples
for the respective center: n4 = 10, np =14, nc =3).

model center MAE MSE PSNR SSIM
CuT A 10450 +17.15 34’609 + 12051 2247 +1.62  0.637 + 0.027
CuT B 127.67 +14.85  56'673+13081  20.19+1.09  0.606 + 0.026
CuT C 869.37 £22.40 847066 + 33266 847025  0.251 x0.030

T Pix2Pix A 9223+199 3346112013 2217139  0.676+0.036
Pix2Pix B 132,16 +24.86 64474 +20267  19.64£124  0.606 + 0.045
Pix2Pix C 13077 +71.60  70'102+ 65385  21.35+246  0.674 + 0.067

" CyddeGAN A 12205+2398 4889816822  20.82+152  0.600 +0.033
CycleGAN B 261.23+31.10 175194 +29'605  14.99+0.85  0.436 + 0.039
CycleGAN ~ C 37002 +414.6 311’525 +438'333 1626698  0.499 +0.193

A.6 Experiment 2: N-Peaks configurations

This section presents the visual inspection results for all twelve N-Peaks configurations, which
were assessed based on their tissue intensity distributions prior to selecting a subset of four con-
figurations for downstream model training evaluation.

Figure A.5 overlays the intensity kernel density estimates of all twelve N-Peaks configurations
on the abdominal set after normalization. The close alignment of the curves across configurations
indicates that all variants successfully map intensities into the [0, 1] range with broadly similar
distributional shape. Subtle differences are most visible at the low-intensity peak near zero and at
the upper tail. The overall similarity of the curves suggests that the macro-level intensity distri-
bution is relatively robust to the specific parameter choices, with differences in downstream sCT
quality likely driven by finer tissue-level alignment rather than global distributional shifts.

Figure A.6 focuses on liver tissue intensity distributions. Since liver serves as one of the pri-
mary anchoring peaks in the N-Peaks method, all configurations produce similarly well-defined
peaks across the three centers, with no substantial differences between configurations. This con-
sistency holds despite the smaller Center C cohort and the differing field strengths across acqui-
sition sites.

Figure A.7 focuses on fat tissue intensity distributions. In contrast to the liver, the fat mask
does not produce clear peaks under any configuration, regardless of whether global or center-
specific scope is used. Centers A and C exhibit a slight peak, but Center B shows no discernible
peak at all. The failure to establish a reliable fat anchor for Center B likely limits the overall
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Figure A.5: OVERLAY OF INTENSITY DISTRIBUTIONS ACROSS N-PEAKS CONFIGURATIONS. Over-
lay of intensity kernel density estimates across all twelve N-Peaks configurations on the abdom-
inal training set, showing the effect of LIC threshold (¢ € {0.3,0.8}), scope (global vs. center-
specific), and N4 bias field correction iterations (none, x1, x2).

effectiveness of the N-Peaks normalization in this dataset.

Figures A.8-A.11 show the N-Peaks visualizer output for patient ABB042, illustrating the
mask extraction, LIC computation, and histogram peak identification steps of the N-Peaks al-
gorithm. Each figure corresponds to a specific tissue mask (liver or fat) and LIC threshold (¢ €
{0.3,0.8}). The visualizations include the MR slice with the tissue mask overlay, the LIC map, and
the resulting intensity histogram with the identified peak used for normalization. The LIC map
classifies each voxel within the mask as either homogeneous or inhomogeneous based on the local
intensity coherence criterion: homogeneous voxels exhibit intensities consistent with their local
neighborhood and are retained for peak estimation, while inhomogeneous voxels are excluded
to avoid corrupting the peak location. For the liver mask, the retained homogeneous voxels pro-
duce a sharp, well-defined histogram peak, reflecting the relatively uniform signal intensity of
liver tissue. For the fat mask, the peak is considerably broader and less pronounced, consistent
with the heterogeneous nature of the fat tissue discussed above. This difference in tissue homo-
geneity explains why the liver produces a much sharper normalization anchor than the fat mask.
These outputs were used to qualitatively assess the stability and plausibility of the peak detection
across patients and configurations.
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Liver intensity distributions per center
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Figure A.6: PER-CENTER LIVER INTENSITY DISTRIBUTIONS ACROSS N-PEAKS CONFIGURA-
TIONS. Per-center liver intensity distributions across all twelve N-Peaks configurations. Columns
correspond to Center A (61 volumes), Center B (89 volumes), and Center C (18 volumes). The
top row shows raw intensities; subsequent rows show each N-Peaks configuration varying LIC
threshold (¢ € {0.3,0.8}), scope (global vs. center-specific), and N4 iterations (none, x1, x2).
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Fat intensity distributions per center
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Figure A.7: PER-CENTER FAT INTENSITY DISTRIBUTIONS ACROSS N-PEAKS CONFIGURATIONS.
Per-center fat intensity distributions across all twelve N-Peaks configurations. Columns corre-
spond to Center A (65 volumes), Center B (91 volumes), and Center C (19 volumes). The top row
shows raw intensities; subsequent rows show each N-Peaks configuration varying LIC threshold
(g € {0.3,0.8}), scope (global vs. center-specific), and N4 iterations (none, x1, x2).
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Normalization Summary for Image AB_1ABB042
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Figure A.8: N-PEAKS VISUALIZER OUTPUT FOR LIVER MASK WITH LIC THRESHOLD 0.3. N-
Peaks visualizer output for the liver mask with LIC threshold ¢ = 0.3.

Normalization Summary for Image AB_1ABB042
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Figure A.9: N-PEAKS VISUALIZER OUTPUT FOR FAT MASK WITH LIC THRESHOLD 0.3. N-Peaks
visualizer output for the fat mask with LIC threshold ¢ = 0.3.
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Normalization Summary for Image AB_1ABB042
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Figure A.10: N-PEAKS VISUALIZER OUTPUT FOR LIVER MASK WITH LIC THRESHOLD 0.8. N-
Peaks visualizer output for the liver mask with LIC threshold ¢ = 0.8.
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Figure A.11: N-PEAKS VISUALIZER OUTPUT FOR FAT MASK WITH LIC THRESHOLD 0.8. N-Peaks
visualizer output for the fat mask with LIC threshold ¢ = 0.8.
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A.7 Experiment 2: Dosimetric Evaluation

Figures A.12, A.13, and A.14 show the DVH indicator differences between dCT- and sCT-based
dose plans across all evaluated input normalization strategies for the Pix2Pix, CUT, and Cycle-
GAN models, respectively. Due to the small sample size, no statistically significant differences
between normalization strategies could be detected: Friedman test p-values exceeded the signif-
icance threshold of p = 0.05 for all models and all normalization configurations. Notably, for
Pix2Pix and CUT, the majority of DVH indicator differences remained within the £2% clinical ac-
ceptability threshold, suggesting that the choice of normalization strategy has limited dosimetric
impact for these models.

Figure A.15 illustrates an exemplary dose distribution calculated on a sCT with automatically
derived organ-at-risk contours obtained via TotalSegmentator.
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Figure A.12: NORMALIZATION STRATEGIES: PIX2P1Xx. DVH indicator differences between dCT
and sCT-based dose plans are shown for various input normalization strategies applied to the
Pix2Pix model. Outliers exceeding the £2% threshold are counted next to the vertical red dashed
lines. The middle panels show Friedman test p-values, with the significance threshold at p = 0.05
indicated by a dashed line. The right panels display effect sizes as Kendall’'s W, where values
above 0.5 indicate a large effect.
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Figure A.13: NORMALIZATION STRATEGIES: CUT. DVH indicator differences between dCT and
sCT-based dose plans are shown for various input normalization strategies applied to the CUT
model. Outliers exceeding the £2% threshold are counted next to the vertical red dashed lines.
The middle panels show Friedman test p-values, with the significance threshold at p = 0.05 indi-
cated by a dashed line. The right panels display effect sizes as Kendall’'s W, where values above
0.5 indicate a large effect.



84 Appendix A. Attachments
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Figure A.14: NORMALIZATION STRATEGIES: CYCLEGAN. DVH indicator differences between
dCT and sCT-based dose plans are shown for various input normalization strategies applied to
the CycleGAN model. Outliers exceeding the +2% threshold are counted next to the vertical red
dashed lines. The middle panels show Friedman test p-values, with the significance threshold at
p = 0.05 indicated by a dashed line. The right panels display effect sizes as Kendall’s W, where
values above 0.5 indicate a large effect.
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Figure A.15: DOSE DISTRIBUTION ON SCT WITH TOTALSEGMENTATOR-DERIVED STRUCTURES.
Visualization in 3D Slicer of a dose distribution calculated on a sCT, shown in axial, coronal,
and sagittal views. The dose is displayed as a color wash ranging from green (low dose) to red
(high dose). Organ-at-risk contours for the left kidney, right kidney, and liver were automatically
derived using TotalSegmentator and are overlaid as dashed outlines.
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