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Abstract

A Study of Synthesis of CT Images from MRI Data with Guided Segmentation Masks

Xiang Chen Zhu

Magnetic Resonance Imaging (MRI) offers excellent soft-tissue contrast without ionizing radi-

ation but lacks the quantitative attenuation information needed for applications such as radiotherapy

planning and PET/MRI attenuation correction. This thesis introduces MAGNet, a mask-guided

MR-to-CT synthesis framework that incorporates anatomy-aware priors into a Generative Adver-

sarial Network (GAN) to generate high-fidelity synthetic CT (sCT) from pelvic MRI.

MAGNet uses segmentation masks automatically produced by TotalSegmentator to divide the

translation into anatomically informed sub-tasks. Two specialized branches, conditioned on bone

and soft-tissue masks, allow the network to focus on thin cortical structures, trabecular detail, and

subtle density variations while preserving soft-tissue realism and suppressing artifacts. Outputs

from these branches are adaptively fused through a learned blending mechanism, enhancing fidelity

at bone–soft-tissue interfaces and in regions prone to motion or susceptibility distortions.

The framework is evaluated on a public pelvic MRI–CT dataset and a multi-scanner internal

cohort, and benchmarked against representative learning-based baselines. MAGNet achieves con-

sistently higher PSNR and SSIM, lower mean absolute error, and superior bone and soft-tissue

reconstruction quality.

Requiring no manual contouring and adding minimal preprocessing, MAGNet is suited for in-

tegration into clinical workflows. By improving the structural fidelity and robustness of MR-to-CT

translation, it advances MRI-only imaging pipelines toward reliable, radiation-free substitutes com-

patible with downstream planning, image-guided interventions, and quantitative analysis.
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Chapter 1

Introduction

1.1 Introduction

Cancer remains a leading cause of death worldwide, and radiation therapy is a cornerstone of

its treatment, utilized in approximately 50% of all cancer cases [5]. The primary goal of modern

external beam radiotherapy is to deliver a lethal dose of radiation to the tumor volume while sparing

the surrounding healthy organs at risk (OARs) [6]. Achieving this balance requires precise treatment

planning, which is fundamentally dependent on high-quality medical imaging.

Currently, the clinical standard for radiotherapy planning relies on a multi-modality workflow

[7]. Computed Tomography (CT) serves as the primary imaging modality because it provides geo-

metrically faithful information regarding tissue electron density. This electron density information

is critical for accurate dose calculation, as the attenuation of therapeutic X-rays is linearly related to

the electron density of the tissue it traverses [8]. Without this quantitative information, the treatment

planning system cannot accurately model how radiation will be absorbed by the patient’s body.

However, while CT is excellent for dose calculation and visualizing bony anatomy, it suffers

from poor soft-tissue contrast. This limitation makes it difficult to precisely delineate tumor bound-

aries and adjacent soft-tissue OARs, particularly in complex anatomical regions such as the brain,

head and neck, and pelvis [9]. To address this, Magnetic Resonance Imaging (MRI) is routinely ac-

quired as a secondary modality. MRI offers superior soft-tissue contrast and can provide functional

information, allowing for more precise target definition [10].
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1.2 Motivation

Despite the benefits of using both CT and MRI, this dual-modality workflow introduces signif-

icant clinical and technical challenges. The integration of MRI into a CT-based workflow requires

a process of aligning the MRI coordinate system with the CT coordinate system, which is called

image registration. Even with advanced algorithms, registration is prone to systematic errors, often

introducing geometrical uncertainties which could propagate through the entire treatment chain, po-

tentially leading to geographical misses of the tumor or over-dosage of healthy tissue [11]. Further-

more, the acquisition of a planning CT exposes patients to additional ionizing radiation, a concern

that becomes increasingly relevant for pediatric patients [12] or patients requiring multiple adaptive

re-planning scans.

These limitations have motivated a paradigm shift toward MRI-only radiotherapy, where the CT

scan is eliminated from the workflow entirely [13]. In this streamlined workflow, MRI is used for

both target delineation and dose planning. However, the implementation of MRI-only radiotherapy

faces a fundamental physical obstacle: MRI signal intensity correlates with proton density and tissue

relaxation properties (T1, T2), not electron density. Consequently, MRI data cannot be directly

used by standard treatment planning systems for dose calculation [14]. To bridge this gap, desired

methods must be able to acquire image volumes that possess both the geometric fidelity of the MRI

and the electron density information of a CT. A potential solution is to generate medical images

across modalities, such as creating synthetic CT (sCT) images from MRI [15].

1.3 Challenges and limitations

The generation of high-quality sCTs is a challenging image-to-image translation problem. Some

early methods include voxel-based approaches and multi-atlas based methods [16]. Voxel-based

approaches require a time-consuming process of manual segmentation structures to predict the

Hounsfield units (HU) from MRI. Multi-atlas methods depend on paired MRI and CT atlases to

create deformable registration for sCT synthesis, therefore, the performance is severely constrained

by the similarities within the pairs.

Deep Learning (DL), specifically Generative Adversarial Networks (GANs), has recently emerged
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as the state-of-the-art solution for sCT generation. Unsupervised models such as CycleGAN [17, 18]

have demonstrated the ability to produce synthetic CT images from unpaired CT images, essentially

lifting the constraints of paired datasets. However, because the MR and sCT domains are not di-

rectly paired, the original CycleGAN has no built-in mechanism to enforce structural alignment

during MR-to-CT synthesis, hence leading to inaccurate mappings and unconventional anatomy.

One potential solution suggested by Phan et al [19] is to incorporate an extracted coarse mask to

maintain shape consistency.

Still, a critical limitation remains in current DL frameworks. They typically treat the entire

anatomical volume uniformly. This is particularly problematic in complex anatomical regions like

the pelvis. In pelvic MRI, cortical bone usually has low signal intensity, which can easily be con-

fused with air or bowel gas, since they all appear to be dark. When a standard GAN attempts to learn

a mapping for the entire image at once, it often struggles to balance the distinct statistical properties

of bone and soft tissue, leading to over-smoothed bone or hallucinated textures [3]. Therefore, there

is an urgent need for an sCT generation framework that is anatomy-aware, which can disentangle the

generation of rigid bony structures from the texture rich generation of soft tissues, without requiring

labor intensive manual segmentation.

1.4 Contributions

To address the limitations of uniform synthesis models, this thesis proposes MAGnet, a dual-

branch GAN for synthesizing CT from MRI in anatomically complex regions. In contrast to voxel

driven approaches, MAGNet removes the dependency on manual segmentation by substituting it

with a learning-based strategy. The specific contributions of this work are as follows:

1. We introduce a novel GAN architecture that splits the synthesis task into two parallel streams:

a structure branch dedicated to accurate bone geometry reconstruction and a texture branch dedi-

cated to soft-tissue fidelity. This design mitigates the trade-offs inherent in uniform translation

models.

2. We present a strategy to leverage TotalSegmentator [4, 20], an automated segmentation tool,

to derive categorized anatomical masks. This allows the model to be anatomy conditioned without

3



requiring manual contouring by clinicians, preserving the efficiency of the MRI-only workflow.

3. We validate the MAGnet framework on both a public dataset (Gold Atlas) and a large internal

clinical cohort. We demonstrate that our approach yields statistically significant improvements in

image quality metrics (MAE, PSNR, SSIM) compared to standard Pix2Pix [21] and CycleGAN

baselines, and multiple advanced GAN variants, particularly in the challenging pelvic region.

1.5 Thesis Outline

The remainder of this thesis is structured as follows. In Chapter 2 , we present a comprehensive

review of CT and MRI physics, surveys the evolution of clinical sCT generation methods, and

summarizes the various strategies that have been proposed to address this problem.

In Chapter 3, we present the methodology of our proposed MAGnet framework. We begin by

introducing the prior-derivation strategy and describing the dual-path generator architecture. We

then detail the specialized loss functions used during training and explain how they interact to guide

the learning process.

In Chapter 4, we describe the experimental setup, including the datasets and implementation

details. We then report our comprehensive quantitative and qualitative evaluations, comparing the

performance of MAGnet against standard baseline approaches.

In Chapter 5, we conclude by summarizing the key findings of this work, discussing its current

limitations, and offering insights into potential directions for future research in MRI-only radiother-

apy.
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Chapter 2

Background

This chapter establishes the theoretical and clinical backgrounds which led to the inspiration for

the thesis. As such, we start by introducing general modalities of medical imaging. Then we outline

the evolution of sCT generation strategies, with a focus on the transition toward deep learning

solutions.

2.1 Medical Imaging Modalities

2.1.1 Computed tomography

Computed tomography is an X-ray tomographic technique that provides cross-sectional images

of the body through the use of X-ray measurements taken from different angles. Clinical CT is

currently based on helical CT scanners, in which images are acquired using a continuously rotating

X-ray tube and by moving the table on which the patient lies through the scan plane. The recon-

struction algorithms, typically filtered back-projection (FBP) or iterative reconstruction techniques

[22], generate a volumetric map of these attenuation coefficients. To standardize these values across

different scanners and energy spectra, they are converted into Hounsfield Units (HU), defined as:

HU = 1000× µtissue − µwater

µwater
(1)
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Figure 2.1: CT (left) and MRI (right) identifying some of the bony pelvis anatomical landmarks on
ischial spine. [1]

where µ represents the linear attenuation coefficient of the corresponding material. In CT scans, the

Hounsfield scale is represented using greyscale intensity. Structures with higher X-ray attenuation

show positive HU values and appear bright, whereas those with lower attenuation show negative

values and appear dark. [23]

Overall, CT imaging provides highly accurate spatial detail, quantitative tissue-density informa-

tion essential for dosimetry, and clear visualization of bone structures for detecting bone tumours.

Its main limitations are the relatively poor soft-tissue contrast and the exposure of healthy tissue to

ionizing radiation.

2.1.2 Magnetic Resonance Imaging

MRI is a non-invasive medical imaging modality that is used to generate three-dimensional de-

tailed anatomical images of organs. It measures the signal emitted by protons in the body’s water

and fat molecules relaxing in a strong magnetic field after excitation by radiofrequency pulses.[24]

Compared to CT, MRI provides excellent soft tissue contrast, which makes it the choice for screen-

ing pelvis, brain, spinal cord, and some head and neck tumours. [25] The primary limitation of MRI

for radiotherapy is that, whereas CT allows electron density essential for dose calculations to be

estimated from HU, MRI signal intensity does not correlate with radiation beam attenuation. As a

result, patients are still exposed to extra radiation, since CT imaging is still required for treatment
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planning.

2.2 Historical Evolution of Synthetic CT Generation

In order to use MRI alone for radiation therapy planning, it would require deriving HU di-

rectly from the MRI scans. Numerous techniques have been developed to generate MRI-based syn-

thetic CT images, which can be broadly classified into four major categories: bulk density override,

voxel-based approaches, atlas-based approaches, and learning-based approaches. The first three are

considered more traditional techniques, whereas the last represent more recent developments. [26]

2.2.1 Bulk Density

The earliest methods developed for generating synthetic CT images from MRI scans relied on

applying bulk density overrides for dose calculation. The simplest version of this approach assigns

the entire patient volume a water-equivalent electron density. While this technique was tested in the

brain [27] and prostate [28], it produced clinically unacceptable dose calculations compared to those

based on the original heterogeneous densities. The average discrepancies across the whole volume

exceeded 2%, especially when the beam passed through air cavities [29]. Furthermore, assigning a

single density to all bone neglects the significant variation between spongy and cortical bone, which

is critical for accurate dosimetry in regions where beams often traverse thick bony structure.

2.2.2 Voxel-based

Voxel-based approaches for sCT generation aim to predict HU values directly from MRI sig-

nal intensities, often by applying statistical regression models trained on multiple MRI sequences.

When only conventional MRI sequences are available [30], manual segmentation of structures such

as bone and airways is frequently required to distinguish tissues with similar signal characteristics.

In some voxel-based implementations, individual voxel intensities are used independently to esti-

mate HU values [31], which means spatial information such as neighborhood context is ignored.

This simplification often leads to artifacts and inaccuracies at air/soft-tissue and bone/soft-tissue

interfaces. To address this issue, Johansson et al. [32] introduced spatial features including the
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voxel’s (x, y, z) coordinates and distance to the body contour into the regression model. This ad-

dition significantly improved the accuracy and visual quality of sCT generation in anatomically

complex regions of the head. The main drawbacks of Voxel-based techniques are that they demand

substantial expert effort for the segmentation and are time-consuming.

2.2.3 Atlas-based

Atlas-based approaches rely on a set of pre-aligned MRI and CT image pairs, commonly re-

ferred to as atlases. In this framework, each MRI atlas is deformably registered to the target MRI

of a new patient. The resulting deformation fields are then applied to the corresponding CT im-

ages within the atlas set, effectively mapping them into the target’s anatomical space. The de-

formed CT images are subsequently combined or fused to produce a single synthetic CT (sCT)

representation.[33] Early implementations of this method used a single average atlas, later advance-

ments introduced multi-atlas frameworks, which significantly improved the resulting sCT quality

by integrating information from multiple atlases. These systems often employed patch-based fusion

and sparse-coding pattern recognition techniques to enhance local tissue correspondence and reduce

registration errors. [34]

The primary limitation of atlas-based methods is their dependence on registration accuracy.

It is computationally expensive and prone to topological errors when the target anatomy differs

significantly from the atlas population. For example, in the pelvis, variable bladder and rectal filling

can cause large, non-linear deformations that are difficult for standard approaches to resolve.[35]

2.3 Learning-based and deep learning

2.3.1 Supervised Learning

The advent of DL, such as Convolutional Neural Networks (CNNs) , revolutionized medical

image synthesis by enabling the learning of hierarchical, non-linear mappings directly from data

without the need for hand-crafted features. Han [36] was the first to introduce a deep CNN for

synthetic CT generation from T1-weighted MRI. The proposed network architecture was adapted

from models originally developed for object segmentation tasks. It operated on 2D MRI slices,
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Figure 2.2: Generative Adversarial Network (GAN) concept [2]

converting each slice independently into its corresponding synthetic CT slice. However, this coarse

processing often resulted in discontinuities and inconsistencies across adjacent slices in the recon-

structed 3D sCT volume. Generative adversarial networks (GANs) were subsequently explored for

MRI-to-sCT synthesis, beginning with the work of Nie et al. in 2017. [37] Their model processed

small 3D patches (16 × 16 × 16 voxels) extracted from T1-weighted MRI volumes, producing

synthetic CT with reduced blurring compared with fully convolutional network (FCN) baselines.

Emami et al. [38] also demonstrated a GAN approach using 2D MRI slices and reported improved

sCT quality relative to conventional CNN-based methods on the same dataset.Given the success of

these learning-based MRI-to-CT synthesis methods, it is important to recognize that they rely on

large paired MRI–CT datasets for training, which limits the ability to use additional MRI-only or

CT-only scans from patients who lack both modalities.

Generative adversarial networks

GANs were first introduced by Goodfellow et al. [39], established a framework for estimating

generative models via an adversarial process. The architecture consists of two simultaneous neural

networks: a generator G that captures the data distribution, and a discriminator D that estimates

the probability that a sample came from the training data rather than from G.The training process

is formulated as a minimax two-player game. The generator takes a random noise vector z from
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a prior distribution pz(z) and maps it to the output space. The discriminator aims to distinguish

between real samples x drawn from the real data distribution pdata(x) and fake samples generated

by G. The standard objective function V (D,G) is expressed as:

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))] (2)

In this standard formulation, minimizing the value function amounts to minimizing the Jensen-

Shannon divergence between the real data distribution and the generated distribution. However, this

approach often suffers from the vanishing gradient problem. When the discriminator is trained to

optimality, it may stop providing sufficient gradient information for the generator to learn, lead-

ing to training instability. To address these stability issues, Mao et al. [40] proposed the Least

Squares Generative Adversarial Network (LSGAN). Unlike the original GAN which utilizes a sig-

moid cross-entropy loss (log loss), the LSGAN adopts a least squares loss function (L2 loss) for

the discriminator10. Mathematically, minimizing this objective equates to minimising the Pearson

χ2 divergence11. The primary advantage of the LSGAN objective is that it penalizes fake samples

based on their distance from the decision boundary. This forces the generator to produce samples

that are closer to the decision boundary, effectively targeting fake samples that have a high margin.

Consequently, LSGANs have been shown to generate higher quality images compared to standard

GANs and successfully circumvent the vanishing gradient problem during the optimization process.

2.3.2 Unsupervised Learning

To make use of additional MRI-only or CT-only datasets from patients who were not scanned

with both modalities, Wolterink et al. [41] employed a CycleGAN model to synthesize CT images

from 2D brain MRI using unpaired training data. To further enhance structural consistency under

unpaired conditions, Yang et al. [17] introduced a structure-constrained CycleGAN applied to the

same type of data. While unsupervised frameworks like CycleGAN alleviate the need for paired

data, they operate primarily on distribution matching rather than voxel-wise correspondence. Con-

sequently, these models often suffer from geometric distortion and ”hallucinations”, where anatom-

ical structures are invented or misplaced to satisfy the discriminator’s realism criteria rather than
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Figure 2.3: Visual example of a CycleGAN result. The left is a ground truth CT image (upper) and
an input MR image (lower). The middle is a synthetic CT image (upper) and a reconstructed MR
image (lower), and the right is the relative errors between the ground truth and synthetic CT images
(upper) and the input and reconstructed MR images (lower). [3]

anatomical truth [42]. Furthermore, in radiotherapy planning, where pixel-level accuracy is critical

for dose calculation, the lack of direct supervision can lead to unacceptable errors in Hounsfield

Unit (HU) assignment, particularly at bone-air interfaces. In Figure 2.3, we can see the edge is

poorly defined and exhibits geometric distortions, where the cortical bone boundary hallucinates

non-existent structures.

2.3.3 Attention

Attention mechanisms in deep learning draw inspiration from the human visual system, which

does not process an entire scene with equal intensity. Instead, human perception selectively concen-

trates on salient regions to extract relevant structural information while suppressing irrelevant back-

ground noise. Originally revolutionizing natural language processing (NLP) for machine translation

tasks [43], attention mechanisms have since become a cornerstone in computer vision, enhancing

performance in classification, segmentation, and image synthesis. Broadly, attention mechanisms

can be categorized based on the dimension they recalibrate: channel attention focuses on ”what”
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features are meaningful, such as distinguishing between texture and edge filters, while spatial at-

tention focuses on ”where” informative features are located. [44] While earlier approaches often

relied on ”hard” attention including cropping regions of interest, modern architectures utilize ”soft”

attention, which learns continuous weights between 0 and 1 to modulate feature maps in a differen-

tiable manner. In the context of medical image analysis, specifically within U-Net architectures, the

standard skip connections indiscriminately transfer low-level features responses—including back-

ground noise—to the decoder. To address this, Oktay et al. [45] proposed the Attention U-Net,

which incorporates Additive Attention Gates (AGs). Unlike channel-based approaches like SE-Net

[46] or CBAM [47] that recalibrate feature maps globally, the AG is a spatial mechanism designed

to isolate relevant anatomical structures. The AG utilizes the coarser feature maps from the decoder

path as a gating signal (g) to disambiguate the features coming from the encoder (x). By learning to

align the gating signal with the encoder features, the network generates a spatial attention map that

suppresses feature activations in irrelevant regions (such as background air) while highlighting the

target organ boundaries. This allows the model to learn to focus on the target anatomy automatically

without requiring explicit bounding box supervision or external cropping.

2.4 Recent learning-based advance

While GAN, CycleGAN and their variants have established a strong baseline for unsupervised

medical image synthesis, the field has recently shifted toward addressing two primary limitations

of these convolutional architectures: the lack of explicit structural constraints and the inability to

model long-range dependencies. Recent innovations have focused on exploring non-adversarial

generative paradigms and developing hybrid architectures.

2.4.1 Transformers and Diffusion Models

Beyond GANs, two deep learning paradigms have recently gained prominence in medical image

analysis: Vision Transformers (ViTs) and Denoising Diffusion Probabilistic Models (DDPMs).

CNNs excel at extracting local features but often struggle to capture global context due to their

limited receptive fields. Vision Transformers address this by using self-attention mechanisms to
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model long-range dependencies across the entire image [48]. In synthesis tasks, this allows the

model to understand the global spatial relationship between organs rather than just local texture

statistics. A recent breakthrough in this domain is the work by Hu et al. [49], who recognized that

standard CycleGAN generators often fail to preserve global structural integrity, they integrated a

ViT-based module directly into the U-Net generator. In their architecture, the U-Net path extracts

local anatomical features, while the embedded Transformer self-attention layers automatically pri-

oritize information from distant spatial positions. This demonstrates the potential of Transformers

to solve the ”local-only” bias of traditional GANs.

Diffusion models have emerged as a powerful alternative to GANs. By iteratively destroying

data with noise and learning to reverse the process, diffusion models can potentially generate high-

fidelity images with stable training dynamics, avoiding the mode collapse often seen in GANs.

To date, a major limitation of diffusion models has been their computational intensity, often

restricting them to 2D slices. However, recent work has successfully extended this paradigm to

volumetric data. Pan et al. [50] approach replaces the standard convolution backbone with a Shifted-

Window Transformer V-Net (Swin-VNet) within the diffusion reverse process. This architecture

allows the model to capture complex 3D anatomical relationships that 2D methods miss. This work

strongly supports the viability of diffusion models as a robust, high-fidelity alternative to GANs for

3D medical image synthesis.

2.4.2 Hybrid and Structure-Guided Architectures

Recognizing that no single architecture solves all challenges, the current state-of-the-art has

converged on hybrid approaches. These methods integrate the inference speed of GANs, the global

context of Transformers, and the stability of Diffusion models, or incorporate explicit structural

guidance to constrain the generation process. The MaskGAN framework [19], incorporates an

auxiliary mask generator into the synthesis loop. Rather than relying solely on pixel-level adversar-

ial loss, MaskGAN uses coarse anatomical masks to explicitly condition the generator, separating

structural layout from texture generation.
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These developments collectively suggest medical image synthesis is paving towards hybridiza-

tion. Pure CNNs lack global context, pure Transformers require massive datasets, and pure Diffu-

sion models are computationally expensive. Therefore, architectures that combine the efficiency of

GANs (such as LSGAN) with the context-awareness of Attention mechanisms (such as Attention-

UNet or ViT) represent the most promising direction for clinically viable, real-time synthetic CT

generation.
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Chapter 3

MAGnet: Mask-guided Generative

Adversarial Network

3.1 Introduction

CT and MRI are jointly employed in radiotherapy planning because they contribute complemen-

tary strengths[51]: CT offers geometrically faithful electron-density information for accurate dose

computation, whereas MRI provides rich anatomical and functional detail with superior soft-tissue

contrast for delineating targets and organs at risk (OARs) [52]. These MRI advantages are especially

salient in the pelvis, head and neck, and brain, where precise soft-tissue boundaries are essential for

contouring [13]. At the same time, dual-modality workflows increase acquisition and registration

burden and add ionizing radiation from CT[53]. Multimodal settings such as PET/CT, PET/MRI,

and MR-guided radiotherapy[54] underscore the broader challenge of reconciling disparate contrast

mechanisms; for example, PET/MRI lacks the CT data traditionally used for attenuation correction,

and Dixon-based MR strategies struggle to represent bone accurately[55] because of large MR–CT

contrast differences. These considerations have motivated interest in MRI-only pathways that re-

cover CT-equivalent information directly from MRI.

Methods for MR-to-synthetic CT (sCT) generally fall into three categories: segmentation-based,

atlas-based, and learning-based approaches[56]. Classical pipelines are vulnerable to registration

drift and label errors [57], and segmentation-based “bulk-density” methods further require highly
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reliable tissue classification. This tissue classification is inherently difficult on MRI because bone

and nearby soft tissues often exhibit similar or sequence-dependent signal[58] levels across scanners

and sites, leading to misassignment.

Deep Learning-based techniques have driven substantial progress. Early convolutional neural

networks[59] (CNNs) [15] and generative adversarial networks[60] (GANs) produced convincing

sCT in the head area [61], with documented gains for PET image quality [62]. More recent hybrid

methods use adversarial diffusion models [63] to make the MRI-to-CT conversion look more accu-

rate and realistic. Nonetheless, most end-to-end frameworks treat anatomy uniformly [64]. Such

models frequently encounter trade-offs: cortical bone is prone to over-smoothing or bias, whereas

soft-tissue texture may be lost or hallucinated. [65] These limitations are especially evident in pelvic

imaging, where slender cortices, bowel gas, and motion further complicate prediction.

Against this backdrop, an effective sCT solution should encode anatomy-aware priors and re-

spect the distinct statistics of bone and soft tissue [66], preserving bone geometry and CT numbers

without compromising soft-tissue depiction. Building on this rationale, we pursue an MRI-only

planning strategy that synthesizes CT from MRI while explicitly addressing these modality and

anatomy-specific challenges across sites and sequences.

In this chapter, we propose MAGNet, a mask-guided, dual-branch GAN for synthesizing CT

from MRI in anatomically complex regions. Our contributions are threefold: (i) a dual-branch,

anatomy-conditioned GAN that allocates model capacity separately to bone structure and soft-tissue

texture, mitigating the trade-offs common to uniform translators; (ii) a label-efficient guidance strat-

egy that leverages TotalSegmentator[4, 20] masks to scale anatomy-aware conditioning without

manual contouring; and (iii) comprehensive validation on public and internal datasets, demonstrat-

ing improved performance in challenging pelvic cases.

3.2 Method

This section provides a detailed description of the proposed MAGnet model, starting with an

overview and subsequently examining each of its components.
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Figure 3.1: The network architecture of MAGnet

3.2.1 Model Overview

As illustrated in Fig. 3.1, the MAGNet framework operates in three stages: pyramidal prior

derivation, anatomy-guided dual-path synthesis, and refinement-based compositing. Given an input

MRI, bone and soft-tissue priors (Mb,Ms) are obtained via TotalSegmentator and constructed into a

multi-scale pyramid to guide generation at varying resolutions [67]. Two specialized branches then

predict sBone and sTissue using attention-gated mechanisms. Finally, the branch outputs are fused via

a residual refinement module to correct boundary artifacts and form the final sCT.

3.2.2 Totalsegmentator

To derive high-fidelity anatomical priors without the prohibitive cost of manual delineation,

this study utilizes TotalSegmentator, an open-source automated segmentation tool built upon the

nnU-Net deep learning framework. Unlike traditional multi-atlas registration methods, which rely

on computationally expensive deformable registration and often fail when patient anatomy deviates

significantly from the atlas population, TotalSegmentator formulates segmentation as a direct voxel-

wise classification task.

The model used was specifically the MRI-adapted variant, TotalSegmentator MRI, which ex-

tends the robust capabilities of the original CT-based model to T1- and T2-weighted magnetic reso-

nance imaging sequences. The model was trained on a massive, heterogeneous dataset comprising

over 1,100 scans, enabling it to robustly segment 80 distinct anatomical structures,including ma-

jor organs, skeletal components, and vascular structures as shown in Figure 3.2 . This extensive
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Figure 3.2: Overview of segmented anatomic structures from TotalSegmentator [4] .

training regime ensures that the segmentation remains reliable even in the presence of MRI-specific

artifacts, such as bias field inhomogeneity and motion, which are common in pelvic imaging.

The selection of TotalSegmentator as the backbone for prior derivation is further motivated by

its granular output space. Unlike standard tools that might only output a generic class for bone,

this framework provides distinct labels for the femur, hip, sacrum, and individual vertebrae. This

granularity allows for the precise aggregation of labels into custom semantic priors tailored to the

synthesis task.

3.2.3 Derivation of Binary Priors

The raw output from the TotalSegmentator MRI model is a dense, multi-class label map L ∈

{0, . . . ,K}H×W×D, where each voxel is assigned one of over 80 distinct anatomical class indices.

While this granular segmentation provides rich semantic information, the proposed synthesis frame-

work requires a simplified topological guide that specifically delineates the high-frequency struc-

tural components (cortical bone) from the heterogeneous soft-tissue regions. Therefore, we perform

a semantic aggregation step to derive two binary occupancy priors: the bone mask (Mb) and the
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soft-tissue mask (Ms).We define a subset of class indices B ⊂ {1, . . . ,K} corresponding to all os-

seous structures identified by the segmentation model. This subset includes the labels for the femur

(left and right), hip joints, sacrum, and the complete lumbar and thoracic vertebral column present

in the field of view. The binary bone prior Mb is constructed via an indicator function that assigns

a value of 1 to any voxel v falling within this subset, and 0 otherwise. Simultaneously, we define

the anatomical body contour Ω to exclude the background air and patient table, ensuring that the

synthesis focuses solely on the relevant biological tissues. This region Ω is derived by aggregating

all foreground labels predicted by TotalSegmentator. The soft-tissue prior Ms is then computed as

the complement of the bone prior restricted to the body contour. Formally, the priors are derived as

follows:

Mb(v) =


1 if L(v) ∈ B

0 otherwise
(3)

Ms(v) =


1 if v ∈ Ω and L(v) /∈ B

0 otherwise
(4)

This binary decomposition addresses the fundamental challenge in pelvic MRI-to-CT synthesis:

the intensity ambiguity between cortical bone and air. In T2-weighted MRI, both tissues exhibit

signal voids (hypointensity). By explicitly enforcing Mb(v) = 1 for bone voxels based on semantic

context rather than signal intensity, the network is provided with a topological guarantee of where

ossification should occur, regardless of the local signal dropout. The resulting masks serve as the

inputs for the multi-scale pyramid construction described in the subsequent section.

3.2.4 Anatomy-Guided Dual-Branch Synthesis

To address the distinct generative challenges of cortical bone (high-frequency structure) versus

soft tissue (heterogeneous texture), the MAGNet framework employs a Dual-Stream Generator ar-

chitecture. As illustrated in Figure 3.1, two parallel U-Net generators (Gbone and Gtissue) operate

on the MRI input. While they share the same macro-architecture, they possess untied weights to

learn specialized feature representations.To strictly localize the generative capacity of each branch,
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Figure 3.3: Detailed architecture of the anatomy-guided U-Net branch utilized in both the bone and
soft-tissue streams. Unlike standard architectures, anatomical priors are not merely concatenated
at the input but are structured into a Multi-Scale Pyramid. These downsampled masks {M (l)} are
injected into the skip connections at every resolution level l to condition the Mask-Guided Attention
Gates, ensuring that anatomical constraints are enforced consistently from coarse semantic features
down to fine structural edges.

we introduce a Mask-Guided Attention mechanism within the skip connections.

Multi-Scale Mask Injection

In a standard U-Net, skip connections indiscriminately transfer low-level feature responses—including

background noise and irrelevant anatomy—from the encoder to the decoder. To mitigate this, we

utilize the Pyramidal Prior derived in 3.2.3. As shown in Figure 3.3, the downsampled masks

{M (l)} are injected into the network at every resolution level l, providing spatial guidance from

coarse semantic regions down to fine structural edges.

Attention Gate

We use the similar structure from Attention-Unet [45]. Unlike standard Additive Attention

Gates which rely solely on feature correlations, our module introduces an explicit anatomical bias

term as shown in Figure 3.4. Let xl denote the input feature map from the encoder (the skip

connection), and let gl denote the gating signal from the decoder. To determine the attention co-

efficient, we align these features with the mask prior M (l) using learned linear transformations.
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Figure 3.4: Schematic of the Attention Gate. The gating signal (g) from the decoder is fused
with encoder features (x) and the projected mask prior (M ). This anatomical injection biases the
attention coefficient (α) toward the region of interest, spatially filtering the skip connection features
to suppress irrelevant background noise.

The attention process proceeds as follows. First, the three inputs (xl, gl,M (l)) are projected into

a lower-dimensional intermediate space using 1 × 1 convolutions, denoted as Wx, Wg, and Wm,

respectively. Second, the projected features are summed element-wise. This summation fuses the

spatial ”where” information from the mask with the semantic ”what” information from the features.

Third, the combined signal passes through a ReLU activation and a subsequent linear transforma-

tion Ψ (1×1 convolution) to collapse the channel dimensions. Lastly, a Sigmoid activation function

(σ) normalizes the output to the range [0, 1], producing the attention coefficient map αl. Mathemat-

ically, this operation is defined as:

qatt = Ψ
(

ReLU
(
Wxx

l +Wgg
l +WmM(l)

))
(5)

αl = σsigmoid(qatt) (6)

Finally, the attention map filters the original encoder features via element-wise multiplication:

x̂l = xl · αl (7)

By integrating the term WmM(l), the network learns to suppress feature activations in regions

where the anatomical probability is zero (e.g., bone features appearing in the bladder), significantly

reducing cross-region hallucination compared to standard concatenation methods.
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Feature-Space Texture Consistency

While the proposed attention mechanism successfully localizes anatomical structures, soft-

tissue regions in the pelvis exhibit high variance in texture and signal intensity compared to the

relatively homogeneous cortical bone [68] . Standard pixel-wise losses such as L1 or MSE tend

to smooth out these high-frequency textural details, leading to ”waxy” or blurred soft-tissue pre-

dictions.To mitigate this, we incorporate a feature-space consistency constraint specifically for the

soft-tissue branch Gtissue. Let ϕj(·) denote the feature activation map at the j-th layer of a pre-

trained VGG-19 network. We enforce consistency between the generated soft tissue Ŝ and the

ground truth soft tissue Sgt (where Sgt = ICT ⊙Ms) by minimizing the Euclidean distance in the

feature space:

Ltex =
∑
j∈J

1

CjHjWj
||ϕj(Ŝ)− ϕj(Sgt)||22 (8)

where J represents a set of intermediate ReLU layers that capture textural patterns at different

scales. This term acts as a supervisor for the attention mechanism, penalizing any ”hallucinated”

bone textures that might bleed into the soft-tissue branch and ensuring that the visceral anatomy

retains its characteristic HU distribution.

3.2.5 Refining composition

The final stage of the MAGNet framework addresses the integration of the disjoint branch out-

puts. Previous dual-path approaches typically rely on a naive linear summation such as Î = B̂ + Ŝ

[68] to recombine the bone and tissue components. However, due to the discrete binary nature of

the masks used for gating, this linear fusion often results in high-frequency seam artifacts or void

pixels at the structural boundaries where Mb and Ms meet. To address this, we introduce a Residual

Refinement Module, denoted as R. As illustrated in the system overview (Figure 3.1), this module

consists of a shallow stack of 3 × 3 convolutional layers with residual connections. Instead of at-

tempting to regenerate the entire image, the module learns a sparse boundary correction map. The

fusion process operates in two steps. First, a coarse prediction is generated via linear summation:

Îcoarse = B̂ ⊕ Ŝ (9)
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Next, the raw outputs of the bone and soft-tissue branches are concatenated channel-wise and passed

through the refinement module to predict the residual error Îres. The final synthetic CT (ÎsCT ) is

obtained by adding this correction to the coarse prediction:

Îres = R(Concat(B̂, Ŝ)) (10)

ÎsCT = Îcoarse + λresÎres (11)

By modeling the boundary error as a residual term, the network smooths the transitions between

cortical bone and soft tissue without altering the accurate HU values within the homogeneous re-

gions. This ”Refinement via Residuals” strategy ensures that the final output is not merely a mosaic

of two patches, but a cohesive, topologically continuous volume.

3.2.6 GAN Objective Loss Function

The optimization problem is formulated as a minimax game where the generator G (compris-

ing the bone branch, soft-tissue branch, and refinement module) attempts to fool a discriminator

network D, while the discriminator attempts to distinguish between real CT images and synthe-

sized sCTs.To ensure volumetric fidelity, structural realism, and texture consistency, we employ

a composite objective function consisting of four terms: adversarial loss, voxel-wise fidelity loss,

structural similarity loss, and texture consistency loss.

Least Squares Adversarial Loss

Standard GANs typically utilize a sigmoid cross-entropy loss function, which can lead to the

vanishing gradient problem when the discriminator is confident. To stabilize training and generate

higher quality images, we adopt the Least Squares GAN (LSGAN) objective [40] . The discrimi-

nator D minimizes the squared error between its predictions and the correct labels (1 for real, 0 for

fake), while the generator minimizes the error of the discriminator on the synthesized images,trying

to make them classified as 1.The discriminator loss LD is defined as:

LD =
1

2
Ey ∼ pdata(y)[(D(y)− 1)2] +

1

2
Ex ∼ pdata(x)[(D(G(x)))2] (12)
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The adversarial loss for the generator Ladv is defined as:

Ladv =
1

2
Ex ∼ pdata(x)[(D(G(x))− 1)2] (13)

where x represents the input MRI and y represents the ground truth CT (ICT ). This quadratic

penalty enforces the generator to produce samples that lie close to the decision boundary, reducing

mode collapse.

Voxel-Wise Fidelity

To ensure accurate HU assignment, which is critical for dose calculation in radiotherapy plan-

ning, we minimize the voxel-wise distance between the synthesized volume ÎsCT and the ground

truth ICT . We utilize the L1 norm rather than L2, as L1 encourages sharper boundaries and is less

sensitive to outliers:

LL1 = Ex, y[||y − ÎsCT ||1] (14)

Structural Similarity Loss

While L1 loss ensures intensity accuracy, it treats pixels independently and can sometimes result

in blurry images. To preserve local structural information and contrast, we incorporate the Structural

Similarity Index (SSIM) as part of the loss function. The SSIM loss maximizes the perceptual

similarity between the local window patches of the synthesized and real images:

LSSIM = 1− SSIM(ICT , ÎsCT ) (15)

Total Generator Objective

The final objective function for the generator is a weighted sum of the adversarial loss, the

reconstruction losses, and the texture consistency loss:

LG = λadvLadv + λL1LL1 + λSSIMLSSIM + λtexLtex (16)
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where λadv, λL1, λSSIM , and λtex are hyperparameters controlling the relative importance of each

term. This multi-term objective ensures that the synthesized CT images are not only visually realis-

tic but also geometrically accurate and texturally consistent with the reference anatomy.

3.2.7 Optimization Strategy

The training proceeds in an alternating iterative schedule. Let θG and θD denote the parameters

of the generator and discriminator, respectively. In each training iteration, we sample a batch of

paired images (IMR, ICT ) and perform the following two-step update: (i) We first compute the

synthetic output ÎsCT = G(IMR). The discriminator parameters θD are updated to minimize LD

(Eq 12) via gradient descent, while keeping the generator parameters θG fixed. This step optimizes

the discriminator’s ability to distinguish between the ground truth and the current synthetic estimate.

(ii) In the subsequent step, the generator parameters θG are updated to minimize the total objective

LG (Eq 16), while keeping θD fixed. By minimizing the adversarial component Ladv, the generator

learns to produce images that the frozen discriminator classifies as real, simultaneously optimizing

for voxel-wise and structural fidelity via LL1 and LSSIM . We utilize the same data batch for both

updates to minimize gradient variance and ensure stable convergence.
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Chapter 4

Experiment and Results

4.1 Overview

In this work, we investigate the efficacy of the proposed MAGNet framework for synthesizing

pseudo-CT images from MRI data, specifically targeting the anatomically complex pelvic region.

To validate the hypothesis that anatomy-guided synthesis yields superior geometric and textural

fidelity compared to uniform translation methods, the following set of experiments was performed:

• We evaluate MAGNet against a comprehensive suite of state-of-the-art baselines, representing

three distinct architectural paradigms:

◦ Paired (Pix2Pix) and unpaired (CycleGAN) convolutional frameworks.

◦ The transformer architecture (ResViT), to assess the comparative benefit of vision trans-

formers in capturing long-range dependencies versus the proposed local attention mech-

anism.

◦ MaskGAN, to directly compare the efficacy of the proposed multi-scale attention injec-

tion against alternative mask-guidance strategies.

• Conducting ablation studies by isolating the contributions of the key architectural compo-

nents including the Pyramidal Prior, the Mask-Guided Attention, and the Residual Module to

quantify their individual impact on model performance.
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• Validating the robustness of the trained networks across two distinct cohorts: a standardized

public benchmark (Gold Atlas) and a heterogeneous internal clinical dataset (LMU Munich).

The robustness of the trained networks was analyzed using clinical data prepared specifically for

this study. This chapter describes the implementation details of the experimental pipeline, from the

dataset curation and preprocessing strategies to the specific training hyperparameters. The quality

of the sCT generation was assessed using voxel-wise metrics, including Normalized Mean Square

Error (NMSE), as well as perceptual metrics such as the Peak Signal-to-Noise Ratio (PSNR) and

Structural Similarity Index (SSIM). To provide a qualitative assessment of geometric fidelity, we

also present difference maps that visualize the spatial distribution of reconstruction errors.

4.2 Dataset

Gold Atlas Dataset

The primary benchmark employed for validation in this study is the Gold Atlas dataset [69]

, a multi-institutional collection of male pelvic imaging data specifically curated to facilitate the

development of sCT and automated segmentation algorithms. The cohort consists of 19 male pa-

tients recruited from three different radiotherapy departments in Sweden, all of whom were referred

for curative radiotherapy for prostate or rectal cancer. To ensure the dataset represented typical

treatment scenarios while avoiding extreme anatomical distortions, patients with locally advanced

tumors (prostate cT3-4 or rectal cT4) were excluded from the study. For every subject, a planning

CT and paired Magnetic Resonance Imaging (MRI) sequences (T1-weighted and T2-weighted) are

available. Furthermore, the dataset includes expert consensus delineations for nine pelvic organs,

derived from five independent observers, as well as deformably registered CT images to facilitate

voxel-wise comparison.

This dataset was selected for validation due to its high clinical realism and multi-site variability.

All patients were scanned using standard clinical fixation devices on flat table tops, ensuring that

the body contour and organ positioning reflect actual radiotherapy treatment conditions rather than

diagnostic imaging setups. To prevent the model from overfitting to the noise characteristics of a

single device, the data was acquired across three different institutions using scanners from different
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manufacturers. Image acquisition protocols varied by site to capture inter-scanner variability. All

CT scans were acquired as part of the clinical routine for treatment planning. At Site 1, images were

acquired on a Siemens Somatom Definition AS+ with a slice thickness of 3 mm; Site 2 utilized a

Toshiba Aquilion with a slice thickness of 2 mm; and Site 3 employed a Siemens Emotion 6 with a

slice thickness of 2.5 mm.

Corresponding MRI scans were performed with the patients in the treatment position. For this

study, we utilized the T2-weighted sequences, which provide superior soft-tissue contrast for pelvic

anatomy. These were acquired using diverse hardware configurations: Site 1 used a GE Discovery

750w with a Fast Recovery Fast Spin-Echo (FRFSE) sequence and 3 mm slice thickness; Site 2

used a Siemens Skyra with a Turbo Spin-Echo (TSE) sequence and 2 mm slice thickness; and Site 3

used a GE Signa PET/MR with an FRFSE sequence and 2.5 mm slice thickness. This heterogeneity

provides a robust test bed for assessing the generalization capabilities of the proposed synthesis

framework.

LMU Munich

To evaluate the model’s performance in a heterogeneous clinical environment, thanks to the

Prof. Dr. Susanne Mayer’s Lab, we have been granted access to a large scale internal dataset in

collaboration with the Musculoskeletal University Center at Ludwig Maximilian University (LMU)

of Munich. Unlike the standardized Gold Atlas benchmark, this cohort represents a broad clinical

distribution, featuring significant variations in patient anatomy, pathology, and scanner vendors. The

initial database query yielded 1,219 patients who underwent pelvic imaging around 2015. From this

pool, we identified 370 cases with paired axial T2-weighted MRI and CT scans acquired within a

four-week interval. To ensure high-quality training data for the synthesis task, we applied strict

exclusion criteria. Patients with metallic hip implants, which cause severe streak artifacts in CT

and signal voids in MRI, were removed, along with cases exhibiting significant motion artifacts or

incomplete fields of view. The final cohort consists of 170 paired volumes. To prevent data leakage,

the dataset was split at the patient level into 120 training, 20 validation, and 30 testing subjects. All

data were fully anonymized in accordance with the General Data Protection Regulation (GDPR),

and the study was approved by the institutional ethics committee.
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The imaging data reflects the diversity of a high volume clinical center, utilizing a wide range

of hardware generations and acquisition protocols. CT scans were acquired using a diverse fleet of

scanners from three major manufacturers, ensuring the model is robust to variations in reconstruc-

tion kernels and noise profiles. Based on the DICOM metadata, the distribution includes systems

from Siemens Healthineers (Somatom Definition AS+, Somatom Force, Somatom Edge, Sensation

64), GE Medical Systems (LightSpeed VCT, Discovery CT750 HD), and Philips Medical Systems

(Brilliance 64). The acquisition protocols varied by clinical indication, with tube potentials ranging

from 100 to 140 kVp (median: 120 kVp). Slice thickness varied significantly across the cohort,

ranging from high-resolution 0.6 mm reconstructions to standard 5.0 mm slices, with a median

slice thickness of 2.0 mm. Reconstruction kernels included both standard soft-tissue filters (e.g.,

Siemens B30f, GE Standard) and sharper bone-enhancing kernels (e.g., Siemens B60f), providing

a challenging domain adaptation task for the synthesis network.

Similarly, the MRI scans were performed on both 1.5 T and 3.0 T systems, primarily utilizing

Siemens Magnetom Aera, Skyra, and Vida scanners. For this study, we utilized the T2-weighted

Turbo Spin Echo (TSE) sequences without fat suppression, as they provide the optimal contrast

between the hyperintense bladder/fat and the hypointense cortical bone. Images were typically

acquired with an in-plane resolution of 0.6 to 0.8 mm and a slice thickness ranging from 3.0 mm to

4.0 mm, reflecting standard clinical protocols for pelvic examinations.

4.3 Data preprocessing

To ensure data consistency across multi-site cohorts and to mitigate the fundamental domain

shift between MRI signal intensities and CT Hounsfield Units , a standardized preprocessing pipeline

was applied to all paired volumes prior to network training.

Geometric Standardization and Artifact Removal

Since the raw data originated from multiple scanners with varying fields of view and pixel spac-

ings, geometric normalization was a prerequisite. All MRI and CT volumes were resampled to a

common isotropic resolution of 1.0 × 1.0 × 1.0 mm using cubic spline interpolation. This step
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Figure 4.1: Visualization of the data preprocessing pipeline. Top Row: Representative raw MRI (a)
and CT (b) axial slices prior to processing. Note the presence of non-anatomical artifacts, including
the patient support table (couch) and background noise. Bottom Row: The corresponding volumes
following geometric standardization and automated ROI extraction. The application of the body
mask has successfully suppressed the patient table and background air, isolating the anatomical
region of interest for network training.

guarantees that the convolution filters in the network operate on physical features of consistent spa-

tial scale, facilitating robust feature extraction across patients with varying body sizes.Following

resampling, we addressed the presence of non-anatomical artifacts common in clinical scans, such

as the patient support table, fixation devices, and substantial background air. These features in-

troduce high-contrast edges that are irrelevant to the anatomical synthesis task and can destabilize

adversarial training. To mitigate this, an automated Region of Interest (ROI) extraction strategy was

employed. We utilized the external body contour Ω, derived via the TotalSegmentator framework,

to generate a binary body mask. This mask was applied element-wise to both the MRI and CT

volumes. All voxels lying outside the biological envelope were strictly set to a constant padding

value, effectively suppressing the patient table and background noise to force the network to focus

exclusively on anatomical structures.
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Figure 4.2: Impact of N4 bias field correction on T2-weighted MRI data. Left: Raw input volume
exhibiting characteristic low-frequency intensity inhomogeneity (shading artifacts), where signal
intensity varies spatially across the field of view due to magnetic field imperfections. Right: The
corrected volume following the application of the N4ITK algorithm.

Modality Specific Intensity Normalization

Given that MRI and CT data exist in fundamentally different intensity domains, distinct normal-

ization strategies were required for each modality.For the T2-weighted MRI volumes, which suffer

from low-frequency intensity inhomogeneity caused by magnetic field variations, we first applied

the N4ITK bias field correction algorithm [70]. Following this correction, a robust percentile-based

normalization was applied to standardize the arbitrary signal intensities across different scanner

vendors. Specifically, the signal intensities were divided by the 99th percentile of the foreground

body voxels. This approach scales the prominent soft tissues to the [0, 1] range while preserving

the relative contrast of hyperintense structures—such as fluid in the bladder—without the informa-

tion loss associated with hard clipping.Conversely, the CT data possesses a quantitative physical

meaning based on electron density. Therefore, preprocessing focused on windowing the dynamic

range to the relevant radiological densities. The raw Hounsfield Units were clipped to the interval of

[−1000, 1500] HU. This window encompasses the full spectrum of tissues relevant for radiotherapy

dose calculation, from air pockets to dense cortical bone, while removing high-intensity metallic

artifacts. Finally, these clipped values were linearly scaled to the range [−1, 1] to align with the

output space of the generator’s tanh activation function.
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4.3.1 Evaluation Metrics

To provide a comprehensive assessment of the synthesized CT images, we employed a diverse

set of quantitative metrics evaluating both voxel-wise intensity fidelity and perceptual structural

similarity. Let ICT denote the ground truth CT volume and ÎsCT denote the synthetic pseudo-CT

generated by the model. Both volumes are normalized to the HU scale for calculation.

Voxel-Wise Fidelity

To quantify the precision of the synthesized tissue densities, we utilized the Mean Absolute Er-

ror (MAE). While the Mean Squared Error (MSE) is a common metric in general image restoration,

it penalizes outliers quadratically, often allowing small structural misalignments at organ bound-

aries to disproportionately dominate the error metric. In the context of medical imaging, where

edge preservation is critical, the MAE utilizes the L1-norm to provide a linear quantification of

error that is robust to outliers and more interpretable. The MAE is defined as the average absolute

difference between the ground truth and synthesized voxels:

MAE =
1

N

N∑
i=1

∣∣∣ÎsCT (i)− ICT (i)
∣∣∣ (17)

where N represents the total number of voxels within the evaluation mask. In CT, the MAE serves

as a direct proxy for the accuracy of the synthesized electron density. An MAE value calculated

on a normalized tensor between 0 and 1 can be linearly mapped back to the HU scale to estimate

physical error. For instance, given a typical dynamic range spanning 4000 HU (from -1000 HU

to +3000 HU), a normalized MAE allows us to assess whether the synthesis error falls within the

acceptable variance for soft tissue differentiation or bone density calculation.

Perceptual and Structural Quality

To evaluate the visual realism and structural preservation achieved by the generator, we em-

ployed two widely accepted perceptual metrics:Peak Signal-to-Noise Ratio (PSNR):

• PSNR measures the ratio between the maximum possible signal power (MAX2
I ) and the power
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of the reconstruction error (MSE), expressed in decibels (dB). A higher PSNR indicates su-

perior signal fidelity.

PSNR = 10 · log10
(

MAX2
I

MSE

)
(18)

• Structural Similarity Index (SSIM): SSIM is a full-reference metric that assesses the per-

ceived structural quality by comparing local windows based on their luminance, contrast, and

structure. SSIM is crucial for medical synthesis as it specifically penalizes artifacts like blur-

ring that affect structural integrity. The final SSIM value ranges from 0 (no similarity) to 1

(perfect similarity).

4.4 Baselines and Comparison models

Standard Conditional GANs

These models represent the foundational approaches in medical image-to-image translation. We

utilized the official implementations adapted for our paired training data.

• Pix2Pix [21] . This serves as the primary benchmark for paired image translation. We employ

its standard architecture on which involved a U-Net Generator with skip connections and a

PatchGAN Discriminator. Pix2Pix is tested to establish the maximum fidelity achievable

solely through voxel-wise pairing without anatomical guidance.

• CycleGAN [71] . This model tests unpaired domain translation, though we adapt it for paired

data for a direct performance comparison. We use the Pytorch implementation of ResNet

Generator (9 blocks) and a PatchGAN Discriminator, maintaining the standard configuration

for its loss terms (λcyc).

State-of-the-Art Architectures

These models test the performance of MAGNet against recent innovations in structural encoding

and complex attention mechanisms.
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• ResViT [72]. This hybrid architecture integrates a Vision Transformer (ViT) module within

a convolution network to capture long-range dependencies and global context. We include

ResViT to test whether the proposed local Attention Gate mechanism can outperform global

self-attention strategies in the context of pelvic synthesis.

MaskGAN [19]. This model directly competes with MAGNet’s philosophical foundation by

utilizing an alternative mask-guided synthesis strategy. We include MaskGAN to directly

compare the efficacy of our multi-Scale attention injection against their mask-conditioning

methods.

4.4.1 Training Configuration

The proposed MAGNet framework and all comparative baseline models were trained using the

Adam optimizer (β1 = 0.5, β2 = 0.999). To ensure a fair comparison, all models utilized the same

training schedule of 150 epochs. The experiments were conducted on computer cluster consisting

of NVIDIA V100 and A100 GPUs. Table 4.1 summarizes the key hyperparameters and the weight

distribution for the composite loss functions.

Parameter MAGNet Pix2Pix CycleGAN ResViT MaskGAN

Base Learning Rate (LR) 1× 10−4 2× 10−4 2× 10−4 1× 10−4 1× 10−4

Batch Size 16 16 16 8 16

λAdv (LSGAN) 1 1 1 N/A 1
λL1 (Voxel Fidelity) 100 100 N/A 100 100
λSSIM (Structure) 10 10 10 10 10
λCyc (Cycle Loss) N/A N/A 10 N/A N/A
λTex (Feature-space Loss) 10 N/A N/A N/A 10
λRes (Refinement Module) 1 N/A N/A N/A N/A

Table 4.1: Key Hyperparameter and Loss Weight Configuration for MAGNet and Baseline Models.

4.5 Result and Discussion

To validate the efficacy of the proposed MAGNet framework, we performed a comprehensive

evaluation on both the public Gold Atlas benchmark and the internal LMU clinical cohort. The
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Model MAE (HU) ↓ PSNR (dB) ↑ SSIM ↑
CycleGAN[71] 55.8 ± 4.9 17.3 ± 1.5 0.644 ± 0.038
Pix2Pix[21] 53.2 ± 4.2 22.1 ± 1.7 0.842 ± 0.026
ResViT[72] 41.5 ± 3.8 24.2 ± 1.3 0.891 ± 0.012
MaskGAN[19] 38.9 ± 4.1 23.8 ± 1.5 0.905 ± 0.021
MAGNet (Ours) 35.4 ± 3.9 25.2 ± 1.2 0.922 ± 0.016

Table 4.2: Quantitative Comparison on Gold Atlas (Public) Dataset. Values are reported as Mean ±
Standard Deviation. Best results are bolded.

results are organized as follows: first, we present the quantitative comparison against state-of-the-

art baselines; second, we analyze the contribution of individual architectural components through

an ablation study; and finally, we provide a qualitative visual analysis of the synthesized anatomies.

4.5.1 Quantitative Comparative Analysis

Performance on Gold Atlas Benchmark

Table 4.2 summarizes the quantitative performance of MAGNet and the baseline models on the

Gold Atlas testing set. The proposed framework achieved the lowest MAE of 35.4 HU and the

highest PSNR of 25.2 dB.

The results highlight a clear hierarchy in synthesis quality. The unpaired CycleGAN baseline

performed poorly, yielding a PSNR of only 17.3dB. This low score, combined with the highest

standard deviation in MAE (± 4.9 HU), indicates that the model frequently failed to converge on a

geometrically accurate solution. The paired Pix2Pix model improved substantially upon this base-

line (PSNR 22.1 dB), suggesting the importance of supervised pixel-level correspondence.

A performance increase was observed with the introduction of advanced architectures. The

transformer-based ResViT achieved a PSNR of 24.2 dB, benefiting from its global attention mecha-

nism. Interestingly, while MaskGAN achieved a high Structural SSIM of 0.905 confirming that ex-

plicit anatomical conditioning is valuable, it yielded a slightly lower PSNR of 23.8 dB than ResViT.

This suggests that while MaskGAN effectively captures boundaries, its reliance on unpaired ad-

versarial training and mask-guided constraints may struggle to regress precise HU within complex

texture regions compared to the transformer-based approach.

MAGNet outperformed all baselines across all metrics, achieving a SSIM of 0.922 and a PSNR
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Model MAE (HU) ↓ PSNR (dB) ↑ SSIM ↑
CycleGAN 61.5 ± 5.2 16.7 ± 1.9 0.630 ± 0.041
Pix2Pix 57.4 ± 4.5 21.4 ± 1.6 0.827 ± 0.028
MAGNet (Ours) 38.5 ± 4.1 23.9 ± 1.3 0.862 ± 0.022

Table 4.3: Quantitative Comparison on LMU Munich (Internal) Dataset. Values are reported as
Mean ± Standard Deviation. Best results are bolded.

of 25.2 dB. By leveraging priors from TotalSegmentator and combining them with the pixel-level

precision of paired supervision, MAGNet effectively bridges the gap between these competing

paradigms. It retains the structural rigidity of MaskGAN while surpassing the intensity accuracy of

ResViT, demonstrating that the proposed attention gates effectively resolve the structural ambigui-

ties that limit current state-of-the-art competitors.

Performance on Internal LMU Clinical Cohort

Following the evaluation on the standardized Gold Atlas benchmark, we assessed the model’s

robustness on the internal LMU Munich cohort. As detailed in Section 4.2, this dataset repre-

sents a significantly more challenging domain due to its heterogeneity, featuring data acquired from

multiple scanner vendors with varying acquisition protocols and reconstruction kernels. This eval-

uation aims to determine if the anatomy-guided priors can maintain synthesis fidelity in a realistic,

multi-center clinical environment where standard distribution-matching methods often fail.

Table 4.3 presents the quantitative results for the internal cohort. It is important to note that

ResViT and MaskGAN, which were evaluated on the public dataset, could not be deployed on this

internal cohort. Strict data governance policies associated with the clinical collaboration restricted

the data retention period, rendering the dataset inaccessible for retrospective analysis during the

phase when these advanced architectures were integrated later into the study. Consequently, com-

parisons on the internal dataset are focused on the foundational paired (Pix2Pix) and unpaired (Cy-

cleGAN) baselines.

The results on the internal cohort mirror the hierarchical trends observed in the public bench-

mark. CycleGAN, lacking paired supervision, struggled to converge on the heterogeneous data,

yielding the lowest fidelity with a PSNR of 16.7 ± 1.9 dB and SSIM of 0.63. Pix2Pix provided a

stronger baseline with a PSNR of 21.4 ± 1.6 dB. MAGNet demonstrated superior generalization
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Feature Gold Atlas (Public) Internal LMU Dataset
Number of Patients 19 1219 total studies
Used Subset All 370 axial T2-weighted

studies
Region Male Pelvis Abdomen & Pelvis
Registration Deformable; Verified Standard Clinical
MR Orientations Axial only Axial, Coronal, Sagittal
MR Sequences T2-weighted (2.5mm) T1, T2, T1-FS (Axial T2:

3mm)
CT Slice Thickness 2.0 – 3.0mm 1.5 – 3.0mm
Paired Data Yes Yes

Table 4.4: Comparison of Dataset Characteristics.

capabilities, achieving a PSNR of 23.9± 1.3 dB and an SSIM of 0.862. This margin is particularly

revealing given the heterogeneity of the internal cohort. Conventional translation models such as

Pix2Pix often struggle to learn a single mapping that generalizes across the diverse soft-tissue con-

trasts produced by different scanner vendors, resulting in degraded performance [73]. In contrast,

MAGNet’s superior fidelity indicates that incorporating explicit anatomical priors provides a critical

geometric anchor for the generation process. By constraining the solution space through anatomical

structure rather than relying solely on intensity correlations, the model preserves structural consis-

tency even when input signals vary across scanners.

4.5.2 Analysis of Generalization Gap

A comparison between the Gold Atlas and LMU dataset results reveals a moderate but expected

performance gap. On the standardized Gold Atlas dataset, MAGNet achieved a peak fidelity of 25.2

dB. On the heterogeneous internal cohort, performance settled at 23.9 dB.

This difference highlights the distinction between idealized benchmarks and real-world deploy-

ment, as detailed in Table 4.4. The Gold Atlas dataset consists of a small, curated set of 19 male

pelvis patients, where ground truth CTs were deformably registered and verified by five indepen-

dent radiologists to minimize geometric mismatch. In contrast, the internal evaluation utilized a

cohort of 170 patients (selected from a larger screening of 370 Axial T2 studies). While matched

in sequence type of Axial T2, this internal cohort introduces significant scanner variability absent
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Figure 4.3: Qualitative comparison of synthetic CT generation methods on a representative axial
slice from the Gold Atlas dataset. Top Row: The input MRI and the Ground Truth CT. Middle
Row: Synthetic CT predictions generated by the baseline models (CycleGAN, Pix2Pix), advanced
architectures (ResViT, MaskNet), and the proposed MAGNet framework. Bottom Row:Absolute
error maps where dark blue indicates low error and red indicates high error.

in the public benchmark, utilizing a diverse fleet of Siemens, GE, and Philips systems with varying

reconstruction kernels.

Furthermore, unlike the verified registration of the benchmark, the internal cohort relies on stan-

dard clinical alignment where natural non-rigid anatomical variations remain. Despite this domain

shift and the lack of artificial deformable registration, MAGNet maintained high structural similar-

ity, demonstrating that the anatomical priors effectively stabilized the generation process even when

pixel-wise intensity mapping became more challenging.

4.5.3 Qualitative Visual Analysis

To complement the quantitative metrics reported in the previous sections, we conducted a com-

prehensive visual inspection of the sCT volumes to assess anatomical realism, texture fidelity, and

the spatial distribution of reconstruction errors. Figure 4.3 presents a representative axial slice from
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the Gold Atlas dataset, displaying the input MRI, the Ground Truth CT, and the sCT predictions

generated by the comparative methods, alongside their corresponding absolute error maps.

From the second row, a clear hierarchy in synthesis quality was revealed which supports the

quantitative findings. The foundational baseline methods exhibit characteristic artifacts associ-

ated with unconstrained generation. CycleGAN suffers from significant geometric distortions and

blurring, particularly around the femoral heads and the acetabulum, failing to preserve the sharp

high-frequency edges of the cortical bone required for accurate dose calculation. Furthermore, the

model exhibits a clear tendency to hallucinate non-existent structural boundaries as seen within

the femoral head on the right side of the image. CycleGAN generates erroneous internal edges and

high-intensity artifacts that lack any anatomical basis in the ground truth.This failure mode provides

visual confirmation of the theoretical limitations inherent to CycleGAN’s unsupervised nature. As

discussed in Section 2.3.2, it relies on cycle-consistency loss rather than direct paired supervision

to preserve structural information. Without a voxel-wise objective to anchor the synthesis to the

ground truth anatomy, the generator is free to invent structures that satisfy the discriminator’s tex-

tural requirements but violate geometric truth. Consequently, the model prioritizes perceptual dis-

tribution matching over structural fidelity, leading to plausible on paper but anatomically incorrect

hallucinations in complex regions like trabecular bone.

Pix2Pix, while achieving better global structural alignment due to paired supervision, introduces

high-frequency artifacts within the homogeneous soft-tissue regions such as the gluteal muscles and

bladder. This results in a texture that deviates markedly from the smooth, uniform HU distribution

characteristic of real CT scans.

The advanced architectures, ResViT and MaskNet, demonstrate a substantial improvement in

image quality over the foundational baselines. ResViT achieves a significantly more consistent and

homogeneous soft-tissue texture compared to Pix2Pix, likely a result of the global context modeling

provided by the vision transformer which enforces spatial coherence across the volume. However,

it exhibits a tendency toward over-smoothing, particularly at fine bony edges where pixel-perfect

precision is critical. MaskNet produces sharp cortical boundaries comparable to the ground truth,

validating the efficacy of segmentation-guided synthesis. However, a critical limitation is observed

in the internal osseous structures. The interior trabecular bone of the left femoral head appears
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significantly under-dense. This suggests that while MaskNet correctly localizes the cortical shell via

the mask, the generator fails to accurately regress the internal density of the spongy bone, leaving it

visually hollow.

In contrast, the proposed MAGNet framework yields the most anatomically faithful reconstruc-

tion among the evaluated cohorts. By combining the local feature refinement of the dual-path ar-

chitecture with explicit mask guidance, it retains the sharp bone definition seen in MaskNet while

correcting the density drop-off observed in the femoral interior. The dual-branch design allows the

model to allocate distinct generative capacities to different tissue types, resulting in preserved tra-

becular details inside the femoral heads without the hollowing artifacts that affect the single-stream

MaskNet architecture.

The error maps presented in the third row provide a spatial visualization of the reconstruction

error, where blue indicates low error and red indicates high error, further elucidating the failure

modes of each architecture. The error map for Pix2Pix exhibits a high-frequency spatial variance

distribution scattered throughout the soft-tissue regions, confirming that the standard convolutional

generator struggles to regress stable HU for large, homogeneous tissue classes. CycleGAN dis-

plays broad, contiguous regions of high error around structural interfaces, indicating fundamental

geometric misalignment. While ResViT improves textural consistency, its error map is dominated

by distinct error outlines tracing the contours of the pelvic bones. This suggests that while the Vi-

sion Transformer successfully models global context, it struggles with pixel-perfect alignment at

high-contrast interfaces, leading to edge specific residuals.

Most critically, the difference maps highlight the superior internal bone fidelity of MAGNet

compared to the competing mask-guided approach. The MaskNet error map reveals localized hot

spots of high error within the internal regions of the femoral heads, correlating directly with the

missing density observed in the synthesized image. This indicates that the model under-predicted

the HU values of the trabecular bone, effectively treating it as soft tissue. In contrast, MAGNet

demonstrates a significantly cooler error profile within these osseous structures. This reduction

in internal bone error validates the contribution of the specialized bone synthesis branch, which

effectively learns the distinct textural statistics of trabecular bone. The resulting error map for
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MAGNet is predominantly dark blue, indicating near-zero error across the majority of the soft-

tissue volume, with residual errors strictly confined to the immediate periphery of the cortical bone.

4.5.4 Ablation Studies

To systematically validate the effectiveness of the proposed framework, we conducted ablation

studies on the Gold Atlas dataset. Following the experimental methodology established in other

literature [68, 72] , we isolated the contributions of the specific objective functions and the architec-

tural modules to quantify their individual impact on synthesis fidelity.

Effectiveness of loss function

Loss Combination PSNR (dB) ↑ SSIM ↑
Ladv + LL1 24.5 ± 1.1 0.908 ± 0.014
Ladv + LL1 + LSSIM 24.9 ± 1.3 0.916 ± 0.021
Ladv + LL1 + LSSIM + Ltex (MAGnet) 25.2 ± 1.2 0.922 ± 0.016

Table 4.5: Ablation Study on Loss Functions.

To demonstrate the necessity of the composite objective function defined in Equation 16, we

trained the full MAGNet architecture with dual-path and attention using accumulating combinations

of loss terms. This experimental design allows us to evaluate how much the specialized losses

contribute to performance beyond the inherent structural benefits of the network itself.

Table4.5 summarizes the quantitative impact. The baseline configuration (Ladv + LL1), essen-

tially the objective of vanilla Pix2Pix [21], achieved a PSNR of 24.5 dB and an SSIM of 0.908

despite using the identical loss formulation. This strong performance floor is directly attributable

to the underlying architectural design, which inherently minimizes errors even without specialized

losses. Specifically, the high baseline SSIM indicates that the dual-Path strategy effectively decou-

ples the geometry of bone and soft tissue. By solving the optimization conflict architecturally, the

model achieves high structural fidelity using only the standard loss. Simultaneously, the high base-

line PSNR suggests that the Mask-Guided Attention mechanism successfully filters out background

noise during the encoding phase. Consequently, the auxiliary losses act as refinement mechanisms
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rather than primary drivers. The addition of the LSSIM yielded a focused improvement in geomet-

ric precision (+0.008 SSIM), stabilizing the high-frequency cortical edges where the pixel-wise loss

may blur. Subsequently, the integration of Ltex provided the final boost in intensity accuracy (+0.7

dB), calibrating the fine-grained soft-tissue textures that the L1 loss tends to smooth over.

Effectiveness of architecture

Config Description PSNR↑ SSIM↑
A U-Net [74] 22.5 ± 1.8 0.851 ± 0.024
B Dual-Branch U-Net (w/o Attention) 23.7 ± 1.8 0.882 ± 0.023
C Attention U-Net 23.9 ± 1.4 0.906 ± 0.014
D MAGNet 25.2 ± 1.2 0.922 ± 0.016

Table 4.6: Ablation Study on MAGNet architectural configurations.

We conducted a comprehensive factorial ablation study to quantify the contributions of the two

core ideas proposed in our MAGnet. We evaluated four distinct configurations to isolate the impact

of disentangling anatomical structures versus the impact of attentional feature filtering.

The experimental configurations are defined as follows. Config A is a single stream generator

similar to the Pix2Pix architecture, directly mapping MRI to CT. B extends this by using two parallel

paths without attention, isolating the contribution of anatomical splitting. C retains a single stream

but integrates standard Attention Gates to evaluate whether learned implicit attention alone is suffi-

cient. Finally, MAGNet combines the dual-branch design with mask-guided attention, representing

the full proposed framework. The results of this ablation are summarized in Table 4.6.

Building on the architectural configurations described above, the experimental results reveal a

clear progression in synthesis quality. The vanilla U-Net achieves a PSNR of 22.5 dB, which is

slightly higher than the standard Pix2Pix baseline potentially due to the enhanced loss objective.

However, it remains the weakest configuration, indicating that a single-stream model struggles to

reconcile heterogeneous tissue characteristics within a shared representation. Introducing architec-

tural separation through the Dual-Branch results in a measurable improvement of +1.2 dB in PSNR

and +0.031 in SSIM. This gain shows that assigning separate pathways to bone and soft tissue helps
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disentangle their distinct structural patterns and reduces cross-tissue interference.The Attention U-

Net reaches 23.9 dB, which is slightly higher than the dual-branch model. This outcome demon-

strates that standard attention gates provide substantial benefits even without explicit anatomical

separation, since they suppress irrelevant background responses and stabilize feature learning. The

full MAGNet framework achieves the highest performance at 25.2 dB. This score is significantly

higher than both the Dual-Branch and Attention U-Net variants, confirming that mask-guided at-

tention is complementary rather than redundant. By guiding the dual pathways using anatomical

priors, instead of relying on unguided separation or implicit attention, MAGNet produces a syner-

gistic effect that leads to a +1.3 dB improvement over the strongest ablation baseline.

Crucially, the success of MAGNet validates the decision to employ a learned soft-attention gate

rather than a simple hard masking of features. While hard masking effectively isolates the Region

of Interests (ROI), it zeroes out background gradients entirely, preventing the network from learning

contextual cues at the immediate periphery of anatomical structures. By incorporating the mask as a

bias term within a soft sigmoid activation, our approach retains gradient flow and allows the model

to correct for minor inaccuracies in the automated TotalSegmentator priors. This ensures that the

generated bone structures integrate naturally with the surrounding soft tissue rather than appearing

as artificially pasted patches.

Effectiveness of Residual Refinement

Configuration PSNR (dB) ↑ SSIM ↑
MAGNet (w/o Residual) 24.9 ± 1.3 0.914 ± 0.019
Full MAGNet 25.2 ± 1.2 0.922 ± 0.016

Table 4.7: Ablation Study on Residual Fusion in MAGNet.

Finally, we evaluated the contribution of the Residual Refinement Module (R). As detailed in

Section 3.2.5, the linear summation of the dual-branch outputs relies on binary masks to delineate

tissue boundaries. Without further refinement, this hard fusion limits the model’s ability to model

the partial volume effects and smooth transitions naturally found in medical imaging.

To quantify this effect, we compared the MAGNet framework against a variant where the re-

finement module was ablated. Removing the residual module results in a performance drop of 0.3
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dB in PSNR and 0.008 in SSIM. While the dual-branch architecture successfully generates accurate

textures for bone and soft tissue independently, the drop in SSIM suggests that the hard nature of the

binary mask priors introduces structural inconsistencies at the interface regions. The inclusion of

the residual module recovers this fidelity. This quantitative improvement confirms that the module

effectively acts as a learned blending operator, ensuring topological continuity between the rigid

cortical bone and the deformable soft tissues without requiring manual intervention.
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Chapter 5

Conclusions and Future Work

In this thesis, a novel anatomy-aware generative framework, MAGNet, has been developed

for MRI-to-CT synthesis in the anatomically complex pelvic region. This chapter first presents

the research contributions and conclusions derived from the experimental results, followed by a

discussion of the study’s limitations, and finally provides suggestions for future research directions.

5.1 Conclusion

The transition toward MRI-only radiotherapy offers a paradigm shift in cancer treatment, promis-

ing to reduce geometric uncertainties caused by registration errors while eliminating the ionizing

radiation exposure associated with planning CTs. However, the safe clinical adoption of this work-

flow hinges on the ability to synthesize pseudo-CT images that are not only visually plausible but

geometrically precise and texturally accurate.

The primary objective of MAGnet was to overcome the limitations of uniform translation mod-

els, which often fail to reconcile the conflicting statistical distributions of cortical bone and soft

tissue. The principal contribution of this research is the development of an anatomy guided dual

stream framework. Unlike standard U-Net or ResNet architectures that process the entire volume

uniformly, this framework disentangles the generative task by allocating specialized model capacity

to bone and soft tissue. This separation effectively resolved the hollow bone artifact observed in

competing methods, ensuring that trabecular density is accurately preserved.
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To improve feature selection within this dual-path topology, we integrated Mask-Guided Atten-

tion Gates into the generator. Distinct from standard attention mechanisms that rely on implicit,

learned gating, this approach leverages automated priors from TotalSegmentator to explicitly en-

force semantic constraints at every resolution level. This innovation allows the network to sup-

press background noise and strictly prevents information leakage between the bone and soft-tissue

streams, ensuring that each branch focuses exclusively on its designated anatomical domain.

Furthermore, to ensure topological continuity, a Residual Refinement Module was introduced

to fuse the dual-stream outputs. While binary masks provide strong guidance, they can inherently

introduce high-frequency artifacts at tissue interfaces. The refinement module addresses this by

predicting a residual correction map to smooth these transitions, ensuring seamless anatomical in-

tegration without altering the accurate HU values within the organs.

Finally, this work establishes the framework’s robustness on heterogeneous Datasets. Through

rigorous validation on both the standardized Gold Atlas benchmark and a heterogeneous internal

clinical cohort (LMU Munich), we demonstrated that MAGNet consistently achieves superior syn-

thesis quality. Crucially, the model maintains high performance (23.9 dB PSNR) even across diverse

scanner vendors where standard baselines failed to converge, suggesting a high degree of clinical

viability.

5.2 Limitations

While the research findings have revealed the effectiveness of the proposed MAGNet frame-

work, several limitations in the current study must be acknowledged to contextualize its clinical

applicability:

• MAGNet currently employs voxel-wise supervision, which prefers high-quality MRI-CT

pairs for training. While this thesis has extensively demonstrated the geometric risks as-

sociated with unsupervised learning, specifically the tendency of models like CycleGAN to

hallucinate anatomical structures, it is important to acknowledge the logistical trade-off. Un-

supervised frameworks possess a specific advantage in data accessibility, as they can leverage

vast archives of unpaired clinical scans. Our approach is inherently constrained to scenarios
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where paired acquisition is standard practice, which may limit its immediate scalability in

centers where multi-modality data is scarce.

• The current implementation operates on 2D axial slices. While computationally efficient,

this approach ignores volumetric consistency along the z-axis, which can occasionally lead

to minor artifacts in sagittal or coronal reconstructions, particularly in regions with rapid

anatomical changes such as the femoral heads. This lack of inter slice context poses a po-

tential challenge for extending the research to volumetric applications where 3D continuity is

critical.

• The synthesis fidelity is intrinsically linked to the quality of the segmentation masks. Al-

though the soft attention mechanism provides tolerance for minor errors, significant segmen-

tation failures, such as the misclassification of bowel gas as bone, could propagate to the final

CT synthesis, potentially leading to localized dosimetric inaccuracies.

• The proposed framework introduces computational overhead compared to standard end-to-

end generators. The dependency on an external segmentation pipeline, TotalSegmentator

for prior extraction, combined with the dual-path architecture, increases both the inference

latency and the requirements for computational resources. This complexity may hinder real-

time deployment in resource constrained clinical environments or on older radiotherapy con-

sole hardware.

5.3 Suggestions for Future Work

The findings of this thesis open several routes for further investigation to enhance the clinical

utility of the proposed models. Future work could focus on the following directions:

• Extended Validation on Internal Dataset: A primary objective for future work is to renew

data access agreements with the LMU Munich clinical partners. Regaining access to the

internal dataset is critical to benchmark MAGNet against advanced architectures like ResViT

and MaskGAN. This will verify whether anatomy-guided priors continue to offer superior

stability compared to state-of-the-art models.
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• Dosimetric Verification: While image quality metrics serve as strong proxies, the ultimate

validation for radiotherapy is dosimetric accuracy. Future studies should involve importing

synthesized CTs into clinical systems to calculate photon and proton dose distributions. This

process must incorporate qualitative assessment by clinical experts, such as radiation oncol-

ogists and medical physicists, to verify the clinical acceptability of the generated plans and

Dose-Volume Histograms (DVH) against those derived from ground truth CTs.

• Multi-Modality Integration: The current framework relies solely on T2-weighted MRI in

the axial plane. Incorporating multi-contrast inputs or multi-view data could provide com-

plementary information, helping to resolve ambiguities between air pockets and cortical bone

that remain challenging for single-sequence models.

• Robustness to Pathology and Implants: The present work focuses on anatomically typical

cases and excludes patients with metallic implants or severe artifacts to ensure stable train-

ing and evaluation. Future research should extend MAGNet to cohorts with hip prostheses,

post-surgical alterations, and pathological bone lesions, systematically characterizing failure

modes and adapting the model or anatomical priors to handle metal-induced distortions and

atypical anatomy. Establishing robustness in these challenging scenarios is essential for trans-

lating MRI-only workflows to the full spectrum of patients encountered in routine clinical

practice.
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