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advantages in terms of time efficiency and patient safety. This method avoids the
need for CT scans while retaining dose calculation information. Recently, deep
learning models for image-to-image translation have shown great potential for
MRI-to-CT synthesis, as they can efficiently preserve the common structure of the
image data across different domains while changing the distinctive attributes of
each domain. In this review, we discuss the four main deep learning methodologies
for MRI-to-CT image synthesis: Convolutional Neural Networks (CNNs),
Generative Adversarial Networks (GANs), Transformer models, and Diffusion
models, discussing the potential of each model and provide insights into how to
improve current MRI-to-CT image synthesis approaches.
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1. Introduction

Medical imaging plays a crucial role in diagnosing and treatment planning of diseases. Magnetic Resonance
Imaging (MRI) and Computed Tomography (CT) are two widely employed imaging techniques that offer valuable
information about the human body, but with different imaging mechanisms. MRI mainly produces images of soft
tissues, due to the interaction between hydrogen nuclei, magnetic fields, and water and fat-rich tissues such as the
brain and muscles. MRI is a safe procedure for patients as the process isn’t invasive and there’s no radiation,
although it can take a longer time (between 30 min and one hour). On the other hand, CT produces detailed images
of dense tissues such as bones using X-rays. Though CT scans are quick, typically taking 5 to 10 min, they do
expose patients to radiation [1]. Because MRI is commonly used for diagnosis and soft-tissue evaluation of cancer
patients, while CT is required for radiation treatment planning to aid in calculation of mass and electron density,
separate scans are required. This results in the need for two imaging scans, leading to additional time and radiation
exposure for the patients, which may be problematic, particularly in sensitive patient groups such as children [2].

Recently, medical image synthesis has been proposed to overcome this issue, such as MRI-to-CT synthesis
[3,4]. The creation of an algorithm to create a synthetic CT (sCT) from an MRI scan may eliminate the need for a
separate CT scan, thus reducing radiation dose and improving clinical workflows. This technique involves
generating an sCT from the MRI, which can be combined with the MRI for applications such as radiation therapy
planning and dose calculation. The integration of MRI and sCT allows for precise treatment planning while
eliminating the necessity for further CT scans, and brings closer the vision of MRI-only radiotherapy. The success
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of MRI-to-CT synthesis addresses both the problem of radiation exposure and enhances the efficiency and cost-
effectiveness of medical imaging by eliminating the need for multiple scans. Advances in deep learning and
computer vision have recently improved the quality of sCT images, and thus enabled the use of MRI-to-CT
synthesis in clinical settings.

Conventional MRI-to-CT synthesis approaches have involved methods such as atlas-based methods [5—10]
and segmentation-based methods [11—-15]. These methods usually rely on hand-crafted features or well-registered
images to link MRI and CT images [16]. For instance, Johansson et al. developed a voxel-based method for CT
synthesis that used three different MRI sequences with a Gaussian Mixture Regression (GMR) model [17]. This
model tries to convert voxel values of MRI into Hounsfield Units (HU) of CT using clustering of voxels and their
mean and variance. This approach was able to model tissue structures like soft tissues and bones well, but remains
limited by its inability to capture complex non-linear mappings and its high sensitivity to image misregistration.
Moreover, methods such as patch-based regression and atlas-based MRI-CT mapping depend on reliable spatial
normalization, which often assumes normal anatomical structures, restricting their applicability. In addition,
Dowling et al. also used an atlas-based mapping approach, which involves the use of deformable registration
methods for registering the MRI scans to a reference CT image to generate a corresponding sCT [18]. However,
traditional techniques are limited in capturing intricate image details, especially in abnormal areas like tumors, and
rely on accurate spatial mapping, which can be both time-consuming and prone to error [19]. This can affect the
reliability and generalizability of these techniques, especially when dealing with datasets that may contain a wide
variety of anatomical structures.

Moreover, while these conventional methods provided the foundation for MRI-to-CT synthesis, they often
failed to handle the large volumes of training data and the diversity of clinical images. Their use of hand-designed
features and hand intervention limited their scalability and effectiveness. Consequently, their accuracy and
generalizability to other data sets were often limited.

Data-driven deep learning-based methods have largely overcome the shortcomings of conventional methods
for MRI-to-CT synthesis by providing new solutions to model the intricate relationships between different imaging
modalities [20]. Deep learning approaches, particularly those using convolutional neural networks (CNNs), can
automatically learn complex features from the data, enabling them to establish the relationship between MRI and
CT images [21]. Through extensive training, these models can automatically learn domain-specific features, such
as the differences in soft tissues, bones, and other anatomical features, making them highly flexible and able to
transform MRI images into pseudo-CT images with high accuracy.

There have also been significant improvements in the accuracy and speed of MRI-to-CT synthesis through
the use of deep learning. Early deep learning networks, such as U-Net, have improved upon conventional
approaches by generating high-quality sCT images from MR images in real-time or near real-time. A deep
convolutional network (DCNN) using U-Net architecture for 2D axial sections of T1-weighted MRI volumes, for
instance, achieved better performance in terms of speed and accuracy of the synthesis process, compared to atlas-
based approaches [22]. To further improve the synthesis process, more sophisticated models have also been
developed using 3D convolutions, residual connections and adversarial training [23,24]. These networks, which
can take 3D T1-weighted MRI volumes or Dixon MRI sequences as inputs, can create pseudo-CT volumes with
improved tissue contrast and in a shorter time, sometimes in just minutes. This is in contrast to conventional
methods, which involved time-consuming manual editing and registration. Furthermore, deep learning approaches
have shown improved stability, with the capacity to handle different body sites and MRI scan protocols, unlike
traditional methods that make rigid assumptions.

In the subsequent sections, we will group the MRI-to-CT synthesis methods into four main methods—
Convolutional Neural Networks (CNNs), Generative Adversarial Networks (GANs), Transformers, and Diffusion
Models—which each employ a different approach to further boost the development of the field.

2. Datasets

Research on MRI-to-CT synthesis depends on quality data and annotations. A number of these datasets have
been used frequently, and some are publicly accessible, which offer researchers datasets to develop and test their
image synthesis models. These datasets contain both paired and unpaired MRI-CT images, catering to various
research purposes. In the following, we list the datasets used in the documents uploaded, which are fundamental
in MRI to CT synthesis problems, especially for sCT generation from MRI. A summary of publicly available
medical image synthesis datasets is shown in Table 1. In addition to MRI and CT, some datasets also include other
imaging modalities, such as positron emission tomography (PET), single-photon emission computed tomography
(SPECT), and cone-beam computed tomography (CBCT).
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Table 1. Summary of public datasets for MRI-to-CT image synthesis.

Dataset Pairing Modality Region Patients Format Size
. CT, Brain, 1167 single-
ga:trjs‘lfé Sa]nd MRL paired  TIwMRI,  Abdomen, 18 DICOM, PNG modality
T2w MRI Neck images
CT .
. ¢ 184 pairs of CT-MRI, .
Harvard medical = . g MRI, Brain 269 pairs of PET-MRI, DICOM, PNG >0 paired
AANLIB dataset [26] PET, 357 pairs of SPECT-MRI images
SPECT pairs 0
Tlw MRI, 76
Gold Atlas [27] Paired T2w MRI, Pelvis 19 patients DICOM
CT volumes
MRI, Head-and-neck, . .
SynthRAD2025 [28] Paired CBCT, Thorax, 890 MRI-CT p . Metalmage 2362 paired
1472 CBCT-CT pairs cases
CT Abdomen
Brain,
The Cancer Imaging .. | CT, Breast, DICOM, >50 million
Archive (TCIA) [29] Mixed MRI, Lung / JPEG, images
PET i PNG
Colon
Unpaired MR-CT . T2w MRI, . . .
Brain Datasct [30] Unpaired CT Brain 20 patients DICOM 179 images

! “Mixed” indicates that the dataset is a collection-level archive containing multiple subsets, and its paired or unpaired status
depends on the specific subset used.

2.1. Paired CT and MRI Dataset

The data set includes CT and MRI (T1 and T2) scans of 18 patients: brain, abdomen and neck. The scans
were taken with a Siemens Verio 1.5T MRI scanner (Siemens Healthineers, Erlangen, Germany) and Siemens
Somatom CT scanner (Siemens Healthineers, Erlangen, Germany). This dataset contains 389 T1-weighted MRI
images, 389 T2-weighted MRI images, and 389 CT 2D axial images. The images in the dataset have been
resampled to 512 x 512 resolution, and co-registered to align the images across modalities. This dataset is tailored
to enhance image-to-image translation methods like CycleGAN, contributing to the improvement of accuracy and
effectiveness in multimodal medical imaging algorithms.

2.2. Harvard Medical AANLIB Dataset

This dataset includes medical images of various modalities such as CT, MRI, PET, and SPECT for brain
regions. It consists of 184 pairs of MRI-CT images, 269 pairs of MRI-PET images, and 357 pairs of MRI-SPECT
images. Each dataset has 24 pairs selected randomly as the test set, with the remaining pairs used for training. The
images are in 256 x 256 resolution and are available in DICOM and PNG formats. The PET and SPECT images
are color images, while CT and MRI are single-channel grayscale. The dataset has been pre-processed for fusion
tasks by converting PET and SPECT images to the YCbCr color space. The fusion evaluation of this dataset helps
assess various models in generating more accurate and realistic fusion results, which are beneficial for medical
diagnoses such as detecting functional and structural abnormalities in the brain.

2.3. Gold Atlas (Male Pelvis)

The Gold Atlas dataset includes multi-modal MRI and CT images from 19 male patients, collected across
three different Swedish radiotherapy departments. The images consist of T1- and T2-weighted MRI sequences as
well as CT scans, all acquired with the same patient positioning devices. The dataset also includes multiobserver
delineations for nine organs, which were independently defined by five experts. These delineations were then used
to create consensus-based segmentations, making the dataset ideal for training and validating segmentation
algorithms and methods for generating sCT from MRI images.

2.4. SynthRAD2025 Dataset

The SynthRAD2025 dataset, as part of a challenge on sCT generation for radiotherapy, is a comprehensive
collection of paired MRI and CT data from patients with head-and-neck, thoracic, and abdominal cancers. The
dataset includes 2362 cases across three anatomical regions—head-and-neck, thorax, and abdomen. It contains
890 MRI-CT pairs for Task 1 (MRI-to-CT conversion) and 1472 CBCT-CT pairs for Task 2 (CBCT-to-CT
conversion). The images were obtained from five university hospitals in Europe. Datasets were collected from a
wide variety of scanners, manufacturers (Philips, Amsterdam, Netherlands; Siemens, Munich, Germany; Toshiba,
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Kawasaki, Japan; GE, Boston, MA, USA) and protocols. The data is split into train (65%), validation (10%), and
test (25%) subsets, enabling the comparison of algorithms for generating sCT images. The SynthRAD2025 dataset
supports studies on sSCT generation for applications in MRI-only and CBCT-based radiotherapy. It can be used to
advance adaptive radiotherapy, enabling more tailored cancer treatments. Its broad applicability and size make it
an important resource for validating sCT algorithms for photon and proton therapy.

2.5. The Cancer Imaging Archive (TCIA)

The Cancer Imaging Archive (TCIA) is a publicly available repository of cancer imaging information, which
is curated by Washington University. It contains images from numerous collections across different institutions
and research projects. These collections include CT scans, MRI scans, PET scans, and mammograms, covering
various cancer types such as brain, breast, lung, and colon cancers. The archive also includes images from large-
scale projects, such as The Cancer Genome Atlas (TCGA) and the Quantitative Imaging Network (QIN).

TCIA helps researchers by providing a portal for accessing high-quality images, used for cancer research,
algorithm creation, and testing. The data contains de-identified images (to protect patient privacy) with metadata
on the type of imaging, body part and protocol used. Through its de-identification process and adherence to strict
standards, TCIA ensures that all patient information is removed and the data can be safely used in research.

The TCIA leverages open-source technologies, including the National Biomedical Imaging Archive (NBIA;
National Cancer Institute, Bethesda, MD, USA), for secure data submission, distribution and sharing. The archive
supports cancer research collaboration and offers critical data for the development, testing and validation of
imaging algorithms. Furthermore, TCIA has an increasing user base, with more than 1000 users globally, and
continues to increase the number of data collections.

2.6. Unpaired MRI-CT Brain Dataset

This dataset, prepared for unsupervised MRI-CT image translation, contains brain tumor images of 20
patients. There are 179 2D axial images: 90 MRI and 89 CT. The MRI images were collected with a Siemens
Verio 3T scanner, T2-weighted, and CT images with a Siemens Somatom scanner. The images, acquired from
April 2016 to December 2019 at Jordan University Hospital, have tumor masks outlined by radiologists. This
dataset facilitates research in artificial intelligence (AI) for brain tumor detection, classification and segmentation.
It can be used for deep learning networks, particularly for unsupervised translation techniques to synthesise MRI
to sCT and sCT to MRI scans. The tumor volumes include annotations and clinical descriptions of the tumors,
which can be used to train models for image synthesis and segmentation. The data is available on Mendeley Data
and may help to overcome the lack of publicly available medical image data for Al research.

The main objective in MRI-to-CT synthesis is to train algorithms to convert MRI scans into sCT scans that
are similar to CT scans. These algorithms are crucial for radiotherapy, where CT images are generally needed for
treatment planning, but the use of MRI is desirable for its better soft tissue visibility and absence of radiation. The
datasets listed above are essential in the training and validation of such algorithms through the provision of paired
MRI-CT data (SynthRAD2025 and Gold Atlas) or unpaired data (Unpaired MRI-CT Brain), which are used to
develop image translation models.

For example, SynthRAD2025, with its diverse anatomical regions and different imaging modalities, aids in
the creation of models that can produce sCTs for radiotherapy, such as MRI-only workflows for photon and proton
therapy. Likewise, the Gold Atlas dataset, with its organ segmentations, helps to train segmentation models and
generate sCTs that can be directly used for radiotherapy treatment. These datasets are useful in addressing the
difficulties in registering and synthesising images from multiple modalities, particularly in adaptive radiotherapy,
where dynamic updates are required.

On the other hand, the Unpaired MRI-CT Brain Dataset focuses on creating unsupervised learning models
for MRI-to-CT translation, where the lack of paired data poses an additional challenge but also allows for greater
flexibility in cases where paired data is limited. The additional provision of tumor masks makes the dataset even
more valuable, allowing for the development of dedicated models for tumor detection and segmentation in both
MRI and CT images.

3. Deep Learning Methods for MRI-to-CT Synthesis: Categories and Applications

With the rapid advancement of deep learning models and the computational power to support them, image-
to-image translation models have become increasingly popular for MRI-to-CT image synthesis. The models are
intended to change domain-specific features while preserving domain-invariant features. In MRI-to-CT translation,
the deep learning model must alter the image’s texture while preserving the body’s shape. But separating and
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extracting image features (features) is a difficult task, and hence deep learning models with different networks and
training approaches are used.

To facilitate the review, the current approaches can be grouped in two ways. One is model architecture, which
refers to the computational structure used to learn and manipulate image features, such as CNN-based models, and
Transformer-based models that incorporate both local (convolutional) and global (attention) processing. The
second is generative paradigm, which refers to the approach to learn and generate the target CT image, such as
adversarial learning (GAN-based methods) and diffusion-based generation. These two views are not uncorrelated.
For instance, a large number of GAN-based methods adopt CNNs for generators, while some recent diffusion
models use Transformer blocks for modeling long-range dependencies.

3.1. Model Architecture
3.1.1. CNN-Based Models

CNN-based methods are among the first and most common methods used for MRI-to-CT synthesis. Crucially,
the synthesis CNNs are distinct from CNNs for image classification. Classification CNNs eventually map image
features to a lower-dimensional semantic space, while synthesis CNNs make dense predictions, that is, they predict
a continuous value for each pixel/voxel that corresponds to a CT intensity value. Thus, MRI-to-CT CNNs are
usually based on fully convolutional encoder-decoder networks, instead of classification heads, to maintain spatial
alignment between MRI and sCT.

These structures involve an encoder that captures features from MRI, and a decoder that synthesises CT-like
images from features. U-Net and ResNet-inspired encoder-decoder networks are popular [31,32]. Skip connections
can be incorporated to pass detailed anatomical information from the initial encoder layers to the decoder. Residual
blocks help ease training and promote feature reuse, particularly at deeper layers. As shown in Figure 1, the
network architecture is symmetric with multi-scale feature extraction and reconstruction branches, an encoder and
a decoder. The encoder pathway successively downscales the MRI image to extract abstract anatomical and
contextual information and the decoder pathway successively upscales the features to produce the sCT image. The
paths between the encoder and decoder layers of each stage are connected to retain spatial details and restore lost
details of anatomical structures that may occur during downsampling. Moreover, the bottleneck layers offer
concise high-level representations and the fully convolutional architecture supports voxel-wise intensity prediction.

Figure 1. Architecture of a U-Net-like encoder-decoder network for MRI-to-CT synthesis.

Nie et al. used a 3D fully convolutional neural network for patch-based translation, achieving better structural
preservation and mean absolute error than atlas-based methods and random forests [33]. Han modified U-Net for
2D slice synthesis and integrated skip connections with pre-trained encoder weights to accelerate convergence and
enhance the image quality [22]. Bahrami et al. presented a lightweight CNN with alternative activation functions
and extra residual connections to enhance image clarity and reduce the number of parameters [19]. Xiang et al.
proposed a deep embedding CNN, which integrates both shallow and deep subnetworks to address the modality
differences between MRI and CT [34]. Furthermore, CNN models have been adapted to handle issues such as
image misalignment, and data scarcity. Zhao et al. used a Huber-type loss to make the model less sensitive to
registration errors [35], and Li et al. proposed a multisequence fusion network to combine complementary
information from multiple MRI sequences [36].
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CNN-based approaches are still the preferred choice for MRI-to-CT synthesis tasks due to their balance
between efficiency, stability and effectiveness. Their local inductive bias is consistent with the continuity of
anatomical structures at short spatial resolutions, and encoder-decoder architectures with skip connections have
been proven to be highly effective for capturing organ contours and other structural details. Consequently, in the
presence of paired MRI-CT datasets, CNNs often achieve strong performance in supervised tasks, and are
frequently considered to be “safe” models to learn from.

However, as standard convolutions are primarily used for local feature extraction, CNN models may struggle
to capture long-range contextual information or preserve anatomical consistency. Their performance may also be
affected by the registration accuracy of paired data, as poor registration may adversely affect voxel-wise training.
In addition, the most common pixel-level regression losses may tend to produce smooth synthesis results, which
is common in regions with sharp anatomical boundaries (e.g., bone or air interfaces).

3.1.2. Transformer-Based Models

Transformer-based approaches are incorporated into MRI-to-CT synthesis to overcome a limitation of
traditional CNNis: the limited receptive field. Self-attention allows Transformers to capture long-range interactions
between remotely located segments of the image, enabling the model to capture global anatomical relationships,
which are hard to learn using local convolutions. Self-attention works by projecting input feature maps to different
embedding representations (query (Q), key (K), and value (¥)) using three different 1 x 1 convolutions (Figure 2).
These are used to compute the spatial correlations between pixels and the attention weights (normalized by
SoftMax) constitute an attention map that identifies crucial long-range relationships. This attention map is then
used to weight the value features and thereby integrate long-range spatial features from anatomically correlated
but distant parts. In practice, researchers design hybrid solutions that use CNN encoders/decoders and Transformer
bottlenecks or attention blocks. The combination makes sense given the respective features of the two sets of
blocks: CNNs are efficient at learning local texture and shape features, but Transformers are crucial for learning
global contextual information.

Attention map
Feature map 11 o

1x1 conv

1x1 conv

Figure 2. Illustration of the self-attention mechanism in transformer-based models for image processing. The
feature maps are processed through separate convolutions to generate K, O, and ¥ maps, which are then used to

compute an attention map, allowing the model to focus on the most relevant image regions.

ResViT features an encoder-decoder generator based on CNNs and aggregated residual Transformer blocks
to simultaneously model local and global features for pelvic MRI-to-CT translation [37]. The HMSS-NET model
splits global and local processing into two branches: a Transformer bottleneck for low-resolution contextual
features and CNN for structural details [38]. MTT-Net takes this concept further with multiscale tokenization and
multi-shape window self-attention that allows for more efficient contextual modelling of image patches [39].
Transformers have also been combined with multitask learning. For instance, GenESIS integrates CT synthesis,
organ-at-risk segmentation and uncertainty estimation in a single Vision Transformer architecture to enhance CT
synthesis and clinical applicability [40]. In the MRI-to-CT synthesis of the abdomen, SeRL leverages self-attention
combined with style-embedding learning to decrease the distribution shift between MRI and CT and enhance the
synthesis result [41].

The Transformers have an inherent advantage in MRI-to-CT synthesis due to their ability to model global
spatial relationships better than conventional CNNs. This makes them well suited in cases where large anatomical
structures need to be preserved and in situations where global structural information is crucial for the synthesis.

On the other hand, the enhanced global modeling capabilities of these models may also lead to higher data,
memory and computational requirements. They can be difficult to train in small medical datasets, in which training
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instability and overfitting can be problematic. Furthermore, the benefits of attention are not always commensurate
with its cost: for simple synthesis problems, pure self-attention models may be overcomplicated and their
improvement marginal unless the design is carefully crafted. As such, pure Transformer-based and, in particular,
CNN-Transformer hybrid approaches are best suited to cases with large or complex anatomy, applications in which
global coherence is essential, and cases where sufficient data and resources are available for training.

3.2. Generative Paradigm
3.2.1. GAN-Based Methods

GANSs are one of the key generative frameworks for MRI-to-CT synthesis. GAN-based methods, unlike direct
regression-based methods which only aim to reconstruct images that are similar in a pixel-wise manner, have a
discriminator that assists the generator to produce visually realistic CT images. This design is appealing as pixel-
wise losses tend to result in blurry edges and excessively smooth bones.

The MRI-to-CT synthesis using GANs, as shown in Figure 3, involves two players: a generator and a
discriminator. The generator, which is usually a U-shaped network with skip connections, receives the MRI image
and generates a sCT image. The discriminator, on the other hand, takes the real CT and the synthetic CT (sCT)
and tries to classify them as real CT or sCT. The adversarial training process helps the generator not only to reduce
the reconstruction error, but also to generate CT images with more realistic anatomical structures, clearer tissue
contours and detailed bones.

Input MRI

Real CT

Real
—> or
Fake

—

Synthetic CT

Figure 3. The generator learns to synthesize realistic CT images from MRI, while the discriminator learns to
distinguish real CT from sCT.

GANSs for MRI-to-CT synthesis can be generally classified into supervised and unsupervised. In supervised
GAN:Ss, paired MRI-CT images are used to learn a conditional mapping (Pix2Pix-like). In unsupervised GANS,
models like CycleGAN eliminate the need for paired data by pairing adversarial learning with cycle-consistency loss.

Supervised approaches use GANs to better preserve realistic and anatomical features than CNN-based
regression alone [42]. Emami et al. demonstrated that incorporating adversarial loss to a ResNet-based generator
led to better mean absolute error (MAE) and structural similarity index measure (SSIM), particularly in bone areas
[43]. Arabi et al. proposed SynGAN, which uses segmentation guidance to speed up synthesis and generate better
attenuation maps, with reduced failure rates [44]. Longuefosse et al. introduced an anatomical feature-focused loss
that incorporates features from a pretrained segmentation model to prioritise features such as airways, bone and
soft tissue [45]. Other research further improved the supervised GAN by using data augmentation, deformable
registration, and customised MRI sequences such as zero echo time imaging [46,47].

These approaches are valuable when high-quality paired data are available and a goal is to render images as
realistic and accurate as possible.

For unsupervised tasks, CycleGAN and its variants have become very popular as paired MRI-CT data are
costly and may be misaligned. Yang et al. added modality independent neighborhood descriptors, self-attention
and spectral normalization to CycleGAN for better anatomical consistency and stability [48]. Ge et al. introduced
mutual-information loss and shape-consistency loss to improve anatomical accuracy for different body parts [49].
Kang et al. introduced 2.5D CycleGAN for reduced computational load while maintaining volume information
[50]. CUT and CycleCUT also simplified models while preserving structure [51,52]. Other variants like PA-
CycleGAN, CycleSGAN and DMFI-Net further incorporated perceptual, structural or multi-task constraints to
enhance visual quality and translation performance [53—55]. Quasi-supervised approaches have also been used to
generate pseudo-paired data from unpaired MRI and CT images, using measures of image similarity such as
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normalized mutual information [56]. This work shows that adversarial learning is still very adaptable, particularly
in the context of paired data scarcity.

GAN-based models are a major category of approaches used for MRI-to-CT synthesis since they are able to
produce more realistic looking sCT images than pure regression-based models. Another important practical
attribute of GANSs is their adaptability to data, especially in the case of unpaired MRI-to-CT translation tasks,
where they enable simultaneous learning from MRI and CT data without exact correspondence.

But the benefits of GANs also come with their notorious challenges as generative models. Training is
generally less stable than that of typical discriminative models, and the results can be highly dependent on the
network architecture, loss weighing, and other hyperparameters. Issues such as mode collapse may also reduce the
quality and variability of the outputs. In MRI-to-CT synthesis, this can translate into the appearance of artifacts,
or anatomically unlikely structures, and may not consistently retain fine anatomy. This is especially critical in
unpaired scenarios, where the absence of exact voxel-wise supervision may further exacerbate anatomical
misalignment between sCT and MRI. Therefore, even though GAN-based synthesis is desirable when we need
sharper sCT results or when paired data are limited, we need to be more careful when using them in some medical
applications that require extremely accurate anatomy.

3.2.2. Diffusion-Based Generation

Another recently emerging approach to MRI-to-CT synthesis is diffusion models. Rather than mapping the
input MRI to the target CT or learning an adversarial game, diffusion models learn to generate images via denoising.
It begins with noisy latent variables and progressively denoises to produce the final target image, given the MRI
as a condition. This sampling-based generation approach has gained increasing attention because it can generate
high-quality images while being free from some of the adversarial training issues of GANSs.

For MRI-to-CT synthesis, diffusion models are usually conditioned on MRI anatomical information so that
denoising gradually recovers CT information while maintaining anatomical consistency. Lyu and Wang evaluated
various diffusion-based sampling strategies (DDPM and stochastic differential equation variants) and found they
produced high-quality images with some level of oversmoothing and artifacts, but still outperformed the state-of-
the-art GAN models, albeit with a trade-off between sampling speed and function [57]. Ozbey et al. proposed
SynDif, which integrates diffusion mechanisms with CycleGAN-like components to handle unaligned data more
effectively [58]. Graf et al. evaluated GAN and diffusion models for paired and unpaired spinal MRI-CT
translations, with DDIM and SynDif performing on par with the best GAN-based methods [59]. Recently, diffusion
models have incorporated Transformer-based components, including Swin Transformer, to enhance reverse
diffusion with global information, even with a reduced number of timesteps [60].

Diffusion models have gained popularity for MRI to CT synthesis due to their promising training stability
and synthesis quality. Compared to GAN-based methods, they are generally more stable to training and less prone
to optimization challenges like mode collapse, and they are well adapted to capturing uncertainty in the synthesis
process through their iterative probabilistic nature. By effectively conditioning on MRI features, diffusion models
can produce high-quality CT synthesis that is often both plausible and anatomically accurate. However, the major
drawback of diffusion models is that they are computationally expensive. They often require substantial resources
to train, and inference can be slow due to the need to denoise the image several times. Therefore, their real-world
applications can rely on a trade-off between generation speed and quality, achieved through the model and
sampling strategy.

While diffusion models are one of the most exciting recent developments, they follow on from a long line of
model innovations in MRI-to-CT synthesis. To better understand these developments, Table 2 highlights some
exemplar studies with respect to model family, training strategy and anatomical site. As reflected in the table, the
research has evolved from initial CNN-based supervised learning to recent diffusion models, transformers, and
annotation-free methods. Together, these advances have enhanced image generation and segmentation capabilities,
especially in the context of radiotherapy treatment planning, where collecting paired data can be challenging.
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Table 2. Overview of MRI-to-CT synthesis models and techniques.
Base Model Training Data Feature Body Region Year Paper
3D Fully Convolutional Networks (FCN) Pelvis 2016 [33]
DCNN Brain 2017 [22]
. Deep Embedding CNN Brain/Prostate 2018 [34]
CNN Paired MRI/CT Multi-2D sub-networks Abdomen/Pelvis 2018  [35]
Efficient CNN Pelvis 2020 [19]
Adaptive Multi-sequence Fusion Head/Neck 2023 [36]
Transformer and residual/dense connections Head/Neck 2023  [38]
Paired MRI/CT Multi-scale tokens-aware Transformer Head and neck, 2024  [39]
Transformer abdomen
Vision Transformer with multi-task learning Brain 2025 [40]
Unpaired MRI/CT  Style-embedding and self-attention Abdomen 2024 [41]
ResNet generator Brain 2018 [43]
Anatomical Feature-Prioritized (AFP) loss Lung/Pelvis 2025 [45]
Preprocessing pipeline with online data augmentation Pelvis 2025 [46]
Paired MRI/CT DL-based CT synthesis from Zero Echo Time (ZTE) Pelvis 2024 [47]
MRI sequences
Unified image generation and registration Head/Neck 2024 [61]
Structure-guided attention and contrastive learning ~ Whole-body 2025 [62]
Paired
CT/Segmentation ~ GANSs for lung image synthesis from CT Lung 2023  [42]
maps
Paired PET/CT/MRI Adversarial Semantic Structure Brain 2019 [44]
x;l/(g:rp aired CycleGAN with perceptual loss Abdomen/Thorax 2021 [50]
GAN Structure-consistency loss with CycleGAN Brain/Abdomen 2020 [48]
Cycl.e-GAN with mutual information loss and shape Whole-body 2019 [49]
consistency
CycleCUT with contrastive learning Brain 2022 [52]
Perceptual attention Brain/Pelvis 2024 [53]
Semantic structure preservation Hip 2024 [54]
Unpaired MRI/CT = Dynamic Multi-scale Feature Integration f}ezril;rla;l anatomlcal2025 [55]
General
Staged Multi-Sequence Fusion radiotherapy 2025 [63]
planning
General
Quasi-supervised learning radiotherapy 2025 [56]
planning
Score-matching Pelvis 2022 [57]
Diffusion Paired MRI/CT Landmark registration / 2023  [59]
Lightweight pipeline Pelvis 2024 [64]
Unpaired MRI/CT  Adversarial diffusion modeling / 2023 [58]

4. Evaluation Strategies for Synthetic CT

The assessment of MRI-to-CT methods can be roughly grouped into three categories: reconstruction quality,
performance in downstream tasks and visual quality. The first relates to the reconstruction quality of the sCT,
which concerns the accuracy of the generated sCT compared to the reference CT in terms of voxel intensity,
anatomical structure, and visual quality. The second focuses on whether the sCT is good enough for certain clinical
tasks such as segmentation tasks, registration or radiotherapy planning.

4.1. Reconstruction-Level Evaluation

At the reconstruction level, the similarity between the sCT and the reference CT is commonly quantified
using MAE, peak signal-to-noise ratio (PSNR), SSIM, and normalized cross-correlation (NCC). Let x; and y; denote
the voxel intensities of the reconstructed image and the reference image at voxel i, respectively, and let N be the

total number of voxels.

The MAE measures the average absolute voxel-wise intensity difference between the two images:

1 N
MAE = ﬁ;h" —yi|

A lower MAE indicates better intensity agreement.

(1
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The PSNR evaluates reconstruction fidelity relative to the mean squared error (MSE), and is defined as:

MAX?
PSNR =101 it 2
0g,( VSE ) 2)

1 & s
MSE =NZ(X,~ -y,) 3)

i=1

where MAX denotes the maximum possible intensity value of the image, or the upper bound of the intensity range
after preprocessing or normalization. A higher PSNR indicates better reconstruction quality.

The SSIM evaluates the similarity between two images from the perspectives of luminance, contrast, and
structural information:

Qu.p, +C)(20,, +C,)

(/‘j +:uj +Cl)(o_i +O—; +C,)

SSIM (x,y) = (4)

2 2
where u, and y, are the mean intensities of images x and y, O and %y denotes are their variances, oy, is the
covariance between them. The constants C; and C are small positive values introduced to stabilize the computation
when the denominator is close to zero. In practice, SSIM is usually computed within local windows and then
averaged over the whole image. A higher SS/M indicates greater structural similarity.

The NCC measures the linear correlation between the reconstructed and reference images:

SV - - 1)
\/Zz]\; (xi _lux)z \/ZZI (yi - /uy)z

NCC reflects the degree of intensity pattern correspondence between the two images. Its value ranges from
—1 to 1, with values closer to 1 indicating stronger positive similarity.

MAE quantifies voxel-wise absolute intensity discrepancy, PSNR reflects signal fidelity relative to
reconstruction error, SSIM captures structural similarity, and NCC measures global linear correspondence between
intensity patterns. These metrics provide complementary assessment of reconstruction quality.

NCC(X, y) = (5)

4.2. Downstream-Task-Level Evaluation

While reconstruction-level metrics provide important information on intensity consistency and structural
similarity, they are inherently limited in evaluating task-oriented usefulness. In medical image synthesis, visual or
voxel-wise similarity to the reference image does not always translate into reliable performance in clinically
relevant downstream applications. For this reason, many studies further evaluate synthetic images using task-
specific metrics, such as segmentation overlap, registration accuracy, or dosimetric agreement, to better
characterize their practical value.

4.2.1. Segmentation Overlap

For segmentation-related downstream evaluation, the most commonly used metric is the Dice coefficient
(Dice), which quantifies the overlap between a structure derived from sCT and the corresponding reference
structure. Given two sets of voxels, 4 and B, representing the predicted and reference segmentations, respectively,
Dice is defined as:

Dice(4 B)—zM
ice(A4,B) = |A|+|B| (6)

where |A| and |B| denote the numbers of voxels in the two segmentations, and |[4NB| is the number of overlapping
voxels. The Dice ranges from 0 to 1, with 1 indicating perfect overlap and 0 indicating no overlap. In MRI-to-CT
synthesis, Dice is used to assess whether tissue classes or anatomically relevant structures derived from sCT remain
sufficiently consistent with those obtained from the reference image [65].
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4.2.2. Registration Accuracy

In the sCT literature, sCT has been used as an intermediate or bridge modality to improve MRI-CT
registration, including head-and-neck and abdominopelvic applications [66,67]. For registration-related evaluation,
the target registration error (TRE) measures the residual spatial mismatch between corresponding landmarks after
registration. If p; denotes the j-th landmark in the moving image, g; the corresponding landmark in the fixed image,
T() the estimated transformation, and M the number of landmark pairs, then TRE can be written as:

1 & ?
TRE = E;HT(pj)—qu (7)

where || || denotes the Euclidean norm. A lower TRE indicates better registration accuracy.

4.2.3. Dosimetric Agreement

For radiotherapy-oriented downstream evaluation, the key question is whether the synthesized image
supports dose calculation comparable to that obtained from the reference CT [68—70]. A basic quantity is the dose
difference, which can be defined voxel-wise as:

AD(r) = Dy (r) = Der (7) 3
or, in relative form, as:
|DSCT (r) - Dy (”)|

ref

oD(r) = x100% ©)

where Dscr(r) and Dcr(r) are the doses calculated on sCT and reference CT at spatial location r, respectively, and
Dx.r is the normalization dose, such as the prescription dose or a chosen reference dose. Smaller values indicate
better dosimetric consistency.

A more comprehensive criterion is the gamma index, originally proposed to jointly evaluate dose difference
and distance-to-agreement. For a reference point 7, and an evaluated point ., the gamma index is defined as:

rc L)

)’ (10)

1) =min (2l (2L D)

where Adyy is the distance-to-agreement criterion, ADy, is the dose-difference criterion, D,,(r,) is the reference
dose, and D.(r.) is the evaluated dose. A point is commonly considered to pass if y < 1, and the gamma pass rate
is the percentage of evaluated points satisfying this condition.

In the evaluation of sCT, different metrics characterize different aspects of image usefulness. Reconstruction-
level metrics mainly assess voxel-wise intensity fidelity and structural resemblance to the reference CT, whereas
downstream-task-level metrics evaluate whether the synthesized image is sufficiently reliable for anatomical
analysis, spatial alignment, and treatment planning. Therefore, these metrics should be interpreted as
complementary rather than interchangeable.

4.3. Qualitative Visual Evaluation

Numerical indicators like MAE, PSNR, SSIM, NCC, Dice coefficient, and dose indicators are important
quantitative evidence for sCT assessment. But these measures do not always capture variations in visual realism,
local anatomical accuracy, or artifacts. Thus, qualitative visual inspections are an integral part of quantitative
evaluation, particularly when it comes to discovering the capabilities of different model families in MRI-to-CT
synthesis.

For a more visual comparison, a set of sCT images generated under a consistent experimental setting are
presented in Figure 4. The first row shows the input real MR image, the reference real CT image, and the sCT
images generated by the U-Net-based methods (U-Net, Attention U-Net, R2U-Net and R2Attention U-Net) with
the same enlarged regions shown in red boxes for visual comparison. The second row presents the error maps of
the sCTs relative to the reference CT. The third row shows the sCT images produced by other methods, i.e., the
GAN-based methods (ResVit, Pix2Pix, Pix2PixHD, and RTC-GAN) and the diffusion-based methods (DDPM
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and DDIM) with red boxes indicating enlarged local regions for a local view, and the fourth row shows the
corresponding error maps for these methods.

Real CT U-Net Attention U-Net R2U-Net R2Attention U-Net

ResViT Pix2Pix Pix2PixHD RTC-GAN DDPM

ResViT Pix2Pix Pix2PixHD RTC-GAN DDPM DDIM

Figure 4. Representative sCT results from different model families under a unified experimental setting. The same
MR input and reference CT are used for all methods. Red boxes indicate enlarged local regions for detailed visual
comparison. The error maps show the absolute difference between the generated CT and the reference CT.

Qualitatively, the results show that different models have different features. The U-Net-based methods
typically exhibit relatively consistent global performance in reconstruction and retain the major anatomical
structures, but their local textures are relatively over-smoothed. The GAN-based methods generally produce
sharper edges and more visually significant local textures; however local artifacts can also be observed. On the
other hand, the diffusion-based methods demonstrate better global consistency, and generate more anatomically
plausible images, but these methods typically involve much higher training and inference costs.

It’s worth noting that purely visual comparison cannot draw a clear conclusion on the superiority of one
model family over another, as the visual performance may still be affected by other aspects, such as the data
distribution, data preparation strategies, training schemes, and the network architecture details. However, when
conducted under the same experimental framework, representative visual comparison provides a convenient and
intuitive extension to quantitative assessment.

5. Discussion

Synthetic medical data sets in medical image analysis, such as MRI-to-CT synthesis, have several benefits,
including improved privacy and the ability to create large data sets to train deep learning networks. But there are
some challenges to be overcome to guarantee their safe, effective and ethical application. These revolve around
data privacy, interpretability, explainability, bias in the training data and clinical barriers of practical usage which
can result in the generation of biased and inaccurate synthetic images.

5.1. Privacy and Ethics

Although synthetic data sets support patient privacy by deidentifying data, there are concerns about copying
data and reidentification because of the presence of patient-identifying features in medical images [71]. Although
explicit identifiers may be excluded, patterns in the data (e.g., facial landmarks in brain MRI scans, or distinctive
anatomical features) can still potentially identify patients. To address this concern, it is important to apply
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sophisticated privacy-preserving methods such as differential privacy, which adds noise to data to safeguard
individual data points while preserving overall data utility. In addition, transparency about the origin and purpose
of datasets is essential to prevent unintentional leakage or misuse of data. Academics need to consider the
implications of the privacy risks of synthetic datasets and implement techniques that ensure anonymization,
enabling safe and ethical use in medical imaging.

5.2. Interpretability and Explainability

As generative models, including deep learning models, become more complex, their interpretability and
explainability become more complicated. Knowing how these models learn and generate data is crucial in
establishing confidence in their predictions and to safely apply them in high-stake applications such as medical
imaging. Although there are some techniques for explainability, like feature map visualisations, or adding
uncertainty to the model, these have not yet been adapted and tested for medical imaging. This can lead to a lack
of trust in these models for clinical diagnostic and treatment planning. In the future, we need more research on
explainability techniques for generative models in medical imaging to ensure their output can be interpreted,
understood, trusted and used safely for clinical decision-making [72,73].

5.3. Bias and Representation

A significant challenge with synthetic datasets is the potential for biases in the training data, which can result
in generative models that lack diversity and produce discriminatory outcomes. If the training data underrepresents
certain demographics, pathologies, or imaging protocols, the synthetic images generated by the model may
perpetuate these biases. In MRI-to-CT synthesis, this concern also applies to atypical anatomical structures or
lesion-related changes, which are often less represented in the training distribution and may therefore be translated
less accurately than common anatomical patterns. This is particularly concerning in healthcare, where biased
models can lead to skewed research findings or discriminatory applications of medical technology. To mitigate
this risk, strategies such as diversity-aware sampling, adversarial debiasing, and fairness constraints should be
incorporated into the training process. These techniques ensure that the generated datasets better represent the
diversity of the patient population, improving the generalization of the models and reducing the risk of bias in the
generated synthetic images. Regular audits of generated data are also necessary to assess and address any emerging
biases [74,75].

5.4. Clinical Translation Barriers

The clinical translation of MRI-to-CT synthesis for MRI-only radiotherapy remains constrained by regulatory,
workflow, and validation challenges. First, these systems may fall within the scope of Al-enabled medical device
software and therefore require evidence of safety, effectiveness, and lifecycle risk management before deployment.
Second, clinical usability depends not only on fast model inference, but also on robust integration with MRI
acquisition, preprocessing, treatment planning systems, image guidance, and quality assurance procedures within
a time-sensitive workflow. Third, rigorous validation is still needed, because clinically acceptable mean
performance may obscure occasional but important failure cases. Therefore, future work should emphasize
commissioning standards, prospective validation, and clinically practical fallback mechanisms for safe hospital
implementation [76,77].

6. Conclusions

In this paper, we give an overview of recent deep learning methods for the synthesis of CT images from MRI,
focusing on four major categories: CNN models, GAN models, Transformer models and Diffusion models. CNN
models are basic, providing robust local feature extraction through convolutional layers but are not suited for
global feature extraction. GAN models, incorporating adversarial learning mechanisms, are effective at generating
realistic images and have been widely used in both paired and unpaired image synthesis tasks. Transformer models,
with their attention-based mechanisms, can enhance global feature extraction for better image generation,
particularly for large-scale structures such as bones and tissues.
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