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 a b s t r a c t

In various image processing tasks, enhancing resolution is a fundamental challenge, particularly along specific 
axes where resolution tends to be lower. This limitation can hinder the performance of models in tasks such as 
medical image analysis. Traditional approaches often involve interpolation techniques, but they may lead to loss 
of information or introduce artifacts. Recently, deep learning-based methods, especially those utilizing latent 
spaces, have shown promise in addressing this issue. Because typical super-resolution methods are designed for 
2D images, they can easily be applied to increase resolution in two of the axes in a volumetric MRI, but not 
the other axis. While volumetric (3D) deep learning models for super-resolution have been proposed, they have 
very high computational requirements, even if the region of interest to super-resolve does not span the whole 
volume. In our work, we propose a novel approach that uses a diffusion latent model to increase resolution along 
an arbitrary axis. Our method involves transforming input images into a latent space, where a U-Net model is 
employed to capture high-level features. Crucially, just before decoding, we introduce a linear interpolation in 
the latent space to enhance resolution along the specified axis. This interpolated latent representation is then 
decoded by the decoder, yielding images with increased resolution, thus achieving a resolution across all axes 
and, therefore, an increase in resolution of the entire volume, using a 2D deep learning model rather than a 
fully-fledged 3D model. The proposal has been extensively tested with a wide range of brain lesions and brain 
tumor images of T1, T2, and FLAIR modes. The experimental comparison with several state-of-the-art methods 
has consistently shown the advantages of our approach.

1.  Introduction

In this modern age, characterized by an extraordinary surge in 
technological innovations, the advent of generative models represents 
a significant milestone in the evolution of image processing tech-
niques (Chitradevi & Srimathi, 2014). These sophisticated algorithms 
have rapidly become one of the most influential tools in the arsenal 
of digital technology, with their unique ability to create new, var-
ied data that mirrors the intricacy and diversity of original datasets. 
The applications of generative models span a vast array of industries 
and disciplines, illustrating their versatility and the depth of their
impact.

Deep learning models, and especially generative models, have found 
many applications in science and technology, and especially in the field 
of medical diagnostics (Chen, Pawlowski, Rajchl, Glocker, & Konukoglu, 
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2018; Dimitriadis, Trivizakis, Papanikolaou, Tsiknakis, & Marias, 2022; 
Matsubara, Tashiro, & Uehara, 2019; Ren & Zhou, 2020; Song et al., 
2023). The ability to generate accurate, high-resolution images can be a 
game-changer in diagnosing and treating a wide range of medical con-
ditions. By producing detailed and realistic representations of human 
anatomy, generative models assist medical professionals in identifying 
anomalies and pathologies with greater precision. This can significantly 
enhance the accuracy of diagnoses (Kermany et al., 2018), the planning 
of surgical procedures (Khalid, Goldenberg, Grantcharov, Taati, & Rudz-
icz, 2020), and the personalization of treatment plans (Liefaard et al., 
2021), ultimately leading to better patient outcomes.

The rest of the introduction presents preliminary concepts about 
LDM generative models (Section 1.1), presents previous work on deep 
learning models for MRI super-resolution (Section 1.2), and outlines the 
main contributions of this work (Section 1.4).
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1.1.  Autoencoders and latent space representation in latent diffusion 
models

Deep generative models have gained substantial attention for their 
ability to synthesize high-quality data. Among these models, Auto-
Encoders, whose acronym is AEs,  Bank, Koenigstein, and Giryes (2023); 
Michelucci (2022) have proven to be a powerful class of neural net-
works, offering efficient compression and reconstruction of data by 
learning to encode high-dimensional inputs into a lower-dimensional 
latent space. The latent space serves as a compact representation of the 
input, capturing the most salient features while discarding noise or less 
relevant information. This encoding-decoding architecture enables auto-
encoders to reconstruct the original input from its latent representation.

Building upon the foundations of auto-encoders, recent advance-
ments have led to the development of more sophisticated models 
that operate within this latent space, particularly for data generation. 
One such innovation is the Latent Diffusion Model, whose acronym is 
LDM (Rombach, Blattmann, Lorenz, Esser, & Ommer, 2022), a novel 
approach that combines the power of diffusion processes with the ef-
ficiency of latent space representations. Diffusion models, traditionally 
applied in pixel space, simulate a gradual destruction of data by intro-
ducing noise and subsequently learning to reverse this process, gener-
ating new samples by removing the noise step by step. While effective 
in generating high-quality outputs, these models are computationally 
expensive, particularly when applied to high-dimensional data such as 
images. The introduction of latent space diffusion addresses this com-
putational bottleneck by shifting the diffusion process from pixel space 
to a more compact latent space. In Latent Diffusion Models, the auto-
encoder first learns to map input data to a latent representation, and the 
diffusion process is then applied in this compressed space. This approach 
significantly reduces the computational overhead associated with high-
dimensional data while preserving the generative quality of traditional 
diffusion models. By operating in latent space, LDMs can achieve scal-
able and efficient data generation with fewer computational resources, 
making them highly attractive for practical applications in large-scale 
generative tasks.

At the core of Latent Diffusion Models, there is a process of progres-
sive denoising within the latent space. The model starts with a noisy 
version of the latent representation of the input data and refines it iter-
atively over several steps, gradually removing the noise and recovering 
the original structure. This process is governed by a stochastic differen-
tial equation (SDE) (Tang & Zhao, 2024), that models both the forward 
dynamics, where noise is added and the reverse dynamics, where noise 
is removed. The goal is to progressively refine the noisy latent represen-
tation until it closely resembles the original, clean data, enabling LDMs 
to generate highly realistic outputs. However, the success of this pro-
cess relies heavily on an efficient architecture for handling the complex 
task of denoising at multiple scales. This is where the U-Net plays a cru-
cial role (Ronneberger, Fischer, & Brox, 2015). In LDMs, U-Net serves 
as the backbone for the denoising step, providing a robust mechanism 
to process and refine the noisy latent representations. U-Net consists 
of an encoder-decoder structure connected by skip connections, which 
allow for the retention of fine-grained details that might otherwise be 
lost during the compression and expansion stages. The encoder captures 
hierarchical features of the input, reducing dimensionality, while the de-
coder reconstructs the data by progressively removing noise. Skip con-
nections between corresponding layers of the encoder and decoder allow 
the model to combine both high-level and low-level information, mak-
ing it highly effective for tasks where preserving both fine details and 
overall structure is essential. In LDMs, this multi-scale processing capa-
bility of U-Net ensures that the model can handle intricate textures and 
patterns during the denoising process, ultimately leading to the genera-
tion of highly realistic and coherent data samples.

Despite these strengths, Latent Diffusion Models also pose unique 
challenges. One critical issue is the design of the latent space itself. 
The quality and structure of the latent representation learned by the 

auto-encoder play a crucial role in determining the performance of the 
diffusion process. A poorly designed latent space may lead to subop-
timal results, such as blurred or inaccurate reconstructions. Therefore, 
significant attention must be paid to the training and optimization of 
the auto-encoder to ensure that the latent space is sufficiently expres-
sive while maintaining a compact dimensionality. Another challenge is 
the efficient modeling of the noise injection and denoising processes 
within the latent space, which requires careful tuning of the diffusion 
parameters and training schedule. Additionally, a well-regularized la-
tent space can enable meaningful interpolations between data points, 
allowing for smooth transitions and variations within the latent space, 
which is highly desirable for generating diverse and coherent samples.

Interpolation in latent space has been a widely explored technique in 
generative models (Michelis & Becker, 2021), particularly with autoen-
coders, where it allows for smooth transitions between different data 
points by interpolating between their corresponding latent representa-
tions. This has been useful in generating novel data samples, enabling 
tasks such as image synthesis and style transfer by manipulating latent 
variables. However, LDMs offer additional advantages over traditional 
autoencoders, particularly in terms of high-resolution data generation. 
LDMs can model complex data distributions through the diffusion pro-
cess in a latent space, allowing for more accurate and diverse generation. 
One key advantage of LDMs is their ability to perform super-resolution 
on latent representations, especially for slices or regions of an image, 
which enables the generation of fine details and higher-quality outputs. 
The U-Net architecture plays a crucial role in this process by improving 
both the resolution and noise suppression. As part of the denoising pro-
cess, U-Net’s encoder-decoder structure, with skip connections, allows it 
to retain fine-grained details from the original image while progressively 
refining the latent representation. This helps enhance the resolution of 
the image slices and removes noise that may arise during the diffusion 
process, ensuring that the final generated sample is both high-quality 
and accurate.

1.2.  Related work in MRI super-resolution

Magnetic Resonance Imaging (MRI) is a medical imaging modality 
used to obtain detailed information about the human body’s interior. 
However, MRI images often have limited resolution due to technical lim-
itations, which can make interpretation and diagnosis difficult. Different 
approaches based on LDM to MRI super-resolution have been proposed 
to overcome this problem.

In image processing and analysis, the advancement of super-
resolution techniques has progressed in tandem with the evolution of 
generative models, marking a significant leap in the ability to enhance 
the detail and clarity of images beyond their original resolution (Wang, 
Chen, & Hoi, 2020; Yang et al., 2019). Particularly in the context of vol-
umetric imaging (MRI), the application of super-resolution methodolo-
gies has been transformative. Volumetric images, by their nature, often 
suffer from lower resolution in certain axes due to the limitations in-
herent in the imaging process. Super-resolution techniques address this 
challenge head-on, employing sophisticated algorithms to reconstruct 
high-resolution images from these lower-resolution datasets. This ca-
pability is not merely a technical achievement; it represents a pivotal 
improvement in the quality and usability of images across a variety of 
applications.

The significance of super-resolution technologies becomes especially 
pronounced in the field of medical image analysis  (Chen et al., 2018; 
Dimitriadis et al., 2022; Matsubara et al., 2019; Ren & Zhou, 2020). 
Here, the quality of the image can directly influence the accuracy of 
diagnoses and the outcomes of treatments. For conditions where ev-
ery pixel might hold crucial information about pathological changes, 
the ability to enhance image resolution can be a game-changer. Super-
resolution helps medical professionals detect abnormalities with greater 
precision and confidence by providing clearer, more detailed views 
of anatomical structures. This is particularly relevant in MRI analysis, 

Expert Systems With Applications 284 (2025) 127970 

2 



J.A. Mármol-Rivera et al.

where enhanced resolution can reveal subtle details that might oth-
erwise go unnoticed in lower-resolution scans. Consequently, super-
resolution is not just an advancement in image processing technology; 
it is a tool that has the potential to impact patient care significantly, 
offering pathways to earlier detection and more informed treatment de-
cisions. There is, however, an additional hurdle in the case of volumetric 
data, such as MRIs, where data points are arranged in 3D (not pixels, but 
voxels): typical deep learning models for super-resolution work over 2D 
images, not 3D volumes. 2D super-resolution models can still be applied 
slice by slice for 3D data, but resolution is not increased in the dimen-
sion across slices. 2D models can be adapted and re-trained to 3D data, 
but 3D deep learning models typically require larger datasets (because 
they have more parameters to train) and even larger amounts of mem-
ory and computational power to be used, thus requiring more advanced 
and expensive hardware than 2D deep learning models.

Many different deep learning models have been used for super-
resolution of MRI data, such as SRCNN, a classical CNN that has been 
adapted to MRI super-resolution both using a regularly spaced shifting 
mechanism for 3D data (Thurnhofer-Hemsi, López-Rubio, Domínguez, 
Luque-Baena, & Roé-Vellvé, 2020b) as well as an additional sub-pixel 
convolution layer for 2D data, i.e., applied slice by slice (Qiu, Zhang, 
Liu, Zhu, & Zheng, 2020). Other classical CNN architectures also ap-
plied for MRI super-resolution include residual networks, both for 2D 
slices (Shi et al., 2018) and 3D volumetric data (Du et al., 2020), as well 
as dense learning, also both for 2D slices (He, Hu, Wang, He, & Du, 2021) 
and 3D data (Du, Wang, Gholipour, He, & Jia, 2018). While classical 
CNNs treat all information from the input image equally, attention net-
works are CNNs with architectures crafted to induce them to pay more 
attention to relevant structures and attributes from the input 2D image, 
using, for example, feature and spatial attention (Wang, Zhu, He, Jia, 
& Du, 2022) or global descriptors of spatial information (Zhang, Li, Li, 
& Fu, 2021b). Transformer architectures are geared towards modeling 
and prediction of sequential data; they have been so successful (power-
ing most large language models) that they have also been adapted for 
image processing tasks, such as MRI super-resolution (Forigua, Escobar, 
and Arbelaez 2022, in this case for 3D data).

While most of the previously described deep learning architectures 
are specifically trained to solve super-resolution tasks, generative mod-
els (already mentioned in the previous subsection) are also trained to 
mimic training datasets, and they can also be applied to super-resolution 
tasks by conditioning the generation process to the low-resolution ver-
sion of the image to super-resolve. GANs were the first widespread 
paradigm of generative models, trained with a self-improving dynamic 
process, and have been applied to MRI super-resolution, both for 2D 
slices and 3D data (Guerreiro, Tomás, Garcia, & Aidos, 2023), although 
they have to be carefully tuned to avoid mode collapse during training 
(a failure mode where the generative model only learns a limited subset 
of the training data).

Diffusion models are another popular paradigm for generative mod-
els: they are trained to generate images by an iterative noise removal 
process and have emerged as a strong alternative to GANs at higher 
computational costs, with correspondingly high computation times and 
GPU memory demands. Even with this inconvenience, they have been 
successfully applied to MRI super-resolution, both for 2D slices (Wu, 
Chen, Xie, Shen, & Zeng, 2023) and 3D data (Wang et al., 2023). Be-
cause diffusion models work by removing noise, they have also been 
adapted to jointly super-resolve and denoise MRI images (Chung, Lee, 
& Ye, 2022) in 2D slices. Fortunately, diffusion models can be optimized 
in various ways, for example adapting the denoising process when using 
multimodal information to condition the generative process (Yan et al., 
2024). As previously described in Section 1.1, one of the methods used 
to minimize the computational costs of diffusion models is to perform 
the diffusion process in a latent space, using Latent Diffusion Models. 
LDMs have also been applied to super-resolution, leveraging the latent 
space to produce rich conditionings (Wang et al., 2024a), and specifi-
cally to MRI super-resolution (Pinaya et al., 2022; Wang et al., 2023), 

because LDMs allow for the generation of high-resolution images with 
fine and realistic details. This is achieved by combining diffusion in the 
latent space with image reconstruction through a neural network, which 
enables capturing both high and low-frequency features of the image. 
Our proposal leverages LDMs for MRI super-resolution in a novel way, 
as described in Section 1.4. In this context, the method proposed in this 
work, as described in the following sections, uses LDMs for 2D super-
resolution, but leverages interpolation in the latent space of the LDM in 
order to provide fully 3-dimensional super-resolution, but at a fraction 
of the memory and computational power requirements for full-fledged 
3D super-resolution with LDMs.

1.3.  Clinical and operational value of the proposed approach

Medical imaging, particularly Magnetic Resonance Imaging (MRI), 
is essential for accurate diagnostics and effective patient care. However, 
the practical utility of MRI devices faces significant limitations due to 
technological aging and operational inefficiencies. A large proportion of 
currently deployed MRI systems, particularly those exceeding ten years 
of use, experience degradation in image quality and increased risk of 
operational failures, mainly due to the limited availability of replace-
ment parts and support (European Society of Radiology (ESR), 2014; 
ICRP PUBLICATION 154, 2023; Lozano et al., 2018). This technological 
obsolescence poses critical clinical challenges, as it frequently neces-
sitates substantial financial investments for device replacement or up-
grades, thereby affecting healthcare accessibility and cost-effectiveness.

In parallel, healthcare institutions globally struggle with prolonged 
waiting lists for MRI examinations. These delays adversely affect patient 
outcomes by postponing essential diagnostic and therapeutic interven-
tions. The magnitude and variability of these waiting times have been 
well documented, such as significant regional variations reported in 
Norway, illustrating systemic inefficiencies in imaging workflows (Hof-
mann, Brandsaeter, & Kjelle, 2023). Moreover, during critical scenarios, 
such as the COVID-19 pandemic, these inefficiencies were starkly exac-
erbated, highlighting vulnerabilities in conventional operational mod-
els and underscoring the urgent need for more robust imaging solutions 
(Singer et al., 2025).

In this context, latent diffusion models emerge as a powerful compu-
tational strategy capable of reconstructing high-resolution MRI images 
from undersampled data acquisitions, thereby significantly enhancing 
both spatial and temporal resolution. This approach not only improves 
the diagnostic value of images produced by older MRI systems, extend-
ing their effective operational lifespan but also directly addresses clini-
cal inefficiencies by accelerating image acquisition and processing times 
(Brix et al., 2024). Consequently, latent diffusion models provide an eco-
nomically and clinically advantageous alternative to frequent hardware 
renewal, enabling healthcare providers to maintain high-quality diag-
nostic capabilities with existing technological assets. In addition, by en-
abling higher temporal resolution without increasing acquisition time, 
our framework contributes to faster patient throughput in clinical MRI 
workflows. This temporal efficiency has the potential to reduce patient 
waiting lists, which are a growing concern in many healthcare systems.

Furthermore, deploying advanced image reconstruction techniques, 
such as latent diffusion models, often requires substantial computa-
tional resources. Conventional on-premise computing infrastructures in 
healthcare institutions frequently struggle to keep pace with the rapidly 
evolving software requirements of state-of-the-art machine learning 
frameworks, such as PyTorch. Cloud computing infrastructure thus be-
comes critically relevant, offering scalable computational capabilities, 
predictable resource usage, and flexibility in deployment. The stabil-
ity and efficiency of resource consumption provided by cloud solu-
tions enable hospitals and imaging centers to adopt advanced com-
putational methods without the substantial upfront investment typi-
cally associated with high-performance on-premise computing resources 
(Chatterjee et al., 2025; Zhou et al., 2024). Thus, the integration of la-
tent diffusion MRI reconstruction models within cloud-based computing
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environments addresses current clinical challenges comprehensively. 
This is reinforced by the stability analysis of resource consumption to ap-
ply the model presented in Section 3.7 It not only extends the functional 
utility of aging MRI technology but also optimizes healthcare operations, 
reduces diagnostic waiting times, and facilitates the broad adoption of 
advanced computational tools, ultimately improving patient care and 
operational sustainability.

1.4.  Research contributions of this work

In this work, we introduce a novel methodology that leverages the 
powerful generative capabilities of latent diffusion models to enhance 
low-resolution images in a unique and comprehensive manner. Our ap-
proach addresses two critical challenges simultaneously: generating in-
termediate slices between low-resolution image slices and significantly 
increasing the resolution of each slice, leading to an enriched and 
higher-quality 3D image representation across all axes.

Most deep learning models for super-resolution are 2D, meaning 
that, in many cases, they can only super-resolve in two dimensions, not 
in all three at the same time. Of course, many super-resolution models 
have been adapted to operate in 3D data (using 3D convolutions), en-
abling their use to super-resolve in all three dimensions for MRI data; 
see Tables 2 to 5 from Ji et al. (2024) for a comprehensive view of 2D 
and 3D super-resolution models. However, models using 3D convolu-
tions use significantly more memory than equivalent 2D models, mean-
ing that fully-fledged 3D models are usually shallower than 2D ones 
(i.e. they have fewer layers and/or fewer features per layer). However, 
as mentioned in Section 1.4, the contributions of this work leverage 
the structure of the LDM’s latent space to enable super-resolution in all 
three axes (not only within an MRI slice but also between slices) using 
a natively 2D super-resolution model. Thus, like other super-resolution 
models for MRI data, our proposal can improve the accuracy of 3D MRI 
data to assist in medical diagnostics and surgical planning.

The methodology described in Section 2 begins by slicing the in-
put 3D image volume along one axis (typically the Z-axis, though the 
method is axis-independent and can be applied to the X and Y axes as 
well). Between each pair of consecutive low-resolution slices, we gen-
erate an arbitrary number of new, intermediate slices. This is achieved 
by using a denoising diffusion implicit model, Song, Meng, and Ermon 
(2020) within the latent space (DDIM), where we perform linear interpo-
lation between the latent representations of the original slices. This step 
allows for smooth and coherent transitions between slices, effectively 
increasing the density of the image data. At the same time, we apply 
a resolution-enhancement process to both the original and newly gen-
erated slices. To achieve this, a U-Net architecture within the diffusion 
model is incorpored, which plays a crucial role in refining the resolu-
tion of the images. The U-Net’s encoder-decoder structure is particularly 
effective in capturing multi-scale features and spatial information, en-
abling the model to produce higher-resolution outputs while preserving 
important details from the low-resolution inputs. This approach works 
directly from low-resolution images, making it especially useful for ap-
plications where high-quality data is not readily available. What sets our 
methodology apart is its dual advantage: the simultaneous generation 
of intermediate slices and the enhancement of their resolution. This is 
a key contribution because few existing approaches manage to tackle 
both tasks within a unified framework. Most competing methods focus 
either on interpolation to generate new slices or on super-resolution 
tasks, but rarely both at the same time. By harnessing the strengths of 
generative AI, the U-Net architecture, and the latent diffusion process, 
our approach fills a gap in the field, offering a robust and scalable so-
lution that is capable of improving the quality of image datasets across 
all dimensions.

The use of linear interpolation (Michelis & Becker, 2021) in the latent 
space is a particularly efficient and stable solution, avoiding the com-
plexity and potential artifacts. This allows our model to perform well 
even with very low-resolution input images, ensuring that the generated 

and enhanced slices remain coherent and free of distortions. Further-
more, by utilizing the latent space in a diffusion model, our approach 
benefits from the structured, continuous nature of this space, which has 
been trained to capture meaningful variations in the data.

Overall, our methodology stands out for its unique ability to leverage 
generative AI in a way that few other approaches have, addressing both 
slice generation and resolution enhancement simultaneously within a 
single cohesive framework. This dual capability is what differentiates 
our work, as it enables the creation of new slices between existing low-
resolution ones while also improving the resolution of both the original 
and generated slices. The integration of latent diffusion models with 
powerful architectures like the U-Net further amplifies the effectiveness 
of this approach, as the U-Net’s multi-scale feature extraction and spa-
tial preservation capabilities ensure that the resolution enhancement is 
both accurate and detailed. By working directly from low-resolution 
images, our method overcomes the challenges associated with sparse 
or limited data, offering a robust and scalable solution for improving 
the quality of image datasets in a computationally efficient manner. In 
Section 3, we demonstrate the effectiveness of our approach by testing 
it across a variety of MRI datasets. Through both quantitative evalua-
tions using established metrics from the literature and qualitative as-
sessments, we show that our method significantly improves the reso-
lution of slices from 64x64 (a space with very limited information) to 
256x256, effectively quadrupling the resolution. Additionally, we gen-
erate an arbitrary number of intermediate slices between each pair of 
consecutive slices, further enriching the data. This makes the methodol-
ogy particularly valuable for applications requiring high-resolution 3D 
image reconstructions, such as medical imaging. Furthermore, it leaves 
an interesting framework open for future research in other fields, given 
the great potential it has demonstrated in this domain.

2.  Methodology

The field of medicine, particularly medical imaging, requires ad-
vanced computer vision techniques for super-resolution and image gen-
eration to enhance detail and improve diagnostic accuracy. Traditional 
methods like interpolation in pixel space often compromise information 
integrity, adding noise that makes no biological sense when trying to ap-
proximate an image, such as, for example, smooth gradations in bright-
ness levels between brain tissue and dark areas with cerebrospinal fluid. 
On the other hand, while autoencoders have proven useful for generat-
ing images in the latent space, they are limited because they require 
having two high-resolution images available beforehand. Our approach 
proposes using a latent diffusion model, where random noise in the low-
resolution latent space, conditioned on the original low-resolution im-
ages coming from the slices through one of the axes in a 3D volume, 
is used to generate a random number of biologically coherent high-
resolution images. This is achieved by interpolating the output of the 
conditioned random noise and using the decoder to reconstruct the high-
resolution images.

2.1.  Latent difussion models framework

To understand our approach, it is vital to have a general idea of the 
latent diffusion model framework. A latent diffusion model encodes an 
input image 𝑥 into a latent space using an encoder 𝐸, uses a U-Net model 
to perform a Gaussian diffusion process on the image in the latent space, 
and then decodes the result of the diffusion process to reconstruct the 
image (Rombach et al., 2022) as the Fig. 1 shows.

Let 𝑥 ∈ ℝ𝐻×𝑊 ×𝐶 denote the input image with height 𝐻 ∈ ℕ, width 
𝑊 ∈ ℕ, and 𝐶 ∈ ℕ channels. The encoder 𝐸  (Bank et al., 2023) maps 
the input image 𝑥 to a latent space 𝑧: 
𝑧 = 𝐸(𝑥) (1)

The diffusion process (Croitoru, Hondru, Ionescu, & Shah, 2023) is 
performed using a U-Net architecture. The latent space representation 𝑧
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Fig. 1. Training process of a latent diffusion model. An image 𝑥 is encoded into the latent space by a trainable encoder 𝐸. The model trains the U-Net (𝑓 (𝑧)) by first 
generating noisy versions of the image and then learning to remove that noise by focusing on the details. Finally, the image is generated by running the output of 
the diffusion process through a decoder 𝐷, translating from the latent space to an image.

is passed through the U-Net, which consists of an encoder-decoder struc-
ture with skip connections. At each level of the encoder, the resolution of 
the latent space is typically downsampled, while the decoder upsamples 
the latent representation to the original resolution. The downsampled 
original image is used to condition the generation process, providing 
valuable contextual information so that the model can better understand 
the overall structure and content of the original image. This contextual 
guidance helps the U-Net architecture to generate high-resolution de-
tails that are consistent with the content of the original image, resulting 
in reconstructions that maintain fidelity to the input while enhancing vi-
sual quality. Specifically, let 𝑓 (𝑧) represent the U-Net architecture, the 
diffused latent representation 𝑧̃ is obtained as: 
𝑧̃ = ( ) (2)𝑓 𝑧

Finally, the diffused latent representation 𝑦 is decoded back to the 
image space: 
𝑥̂ = 𝐷(𝑧̃) (3)

where 𝐷 is the decoder (Bank et al., 2023) function.

2.2.  Latent space

The latent space plays a fundamental role in our model, which is 
why the following section is dedicated to explaining a series of addi-
tional details to clarify the methodology in the upcoming sections and 
to understand the value that a latent space provides to a methodology 
for generating comprehensive images. The diffusion process involves a 
sequence of transformations, adding and removing noise to generate a 
data sample from an input distribution, possibly conditioned to data 
from another distribution. This data sample represents a point in a la-
tent space, which is decoded by a decoder network to reconstruct the 
higher-resolution data. The benefit of using a latent space (Rafailov, 
Yu, Rajeswaran, & Finn, 2021) in LDM is that it allows for more ef-
ficient computation of the diffusion process than in the image space. 
By modeling the diffusion process in the low-dimensional latent space, 
the computation can be done much faster than in the high-dimensional 
image space, which is computationally expensive. This is because the la-
tent space is often of much lower dimensionality than the image space, 
which reduces the computational cost.

Another advantage of using a latent space is that it can provide a nat-
ural regularization mechanism. By imposing a prior distribution over the 
latent variables, we can encourage the model to generate samples that 
are more plausible and diverse. For example, we can impose a prior 

that favors latent variables with small magnitudes, which encourages 
the model to generate samples that are smoother and more regularized. 
This can be useful for generating high-quality, realistic images. A latent 
space is regularized (Pati & Lerch, 2021) when constraints or penalties 
are applied to the latent representations during the training of a machine 
learning model. These constraints are introduced to encourage desirable 
properties in the latent space, such as smoothness, continuity, or spar-
sity, which can lead to better generalization and interpretability of the 
model. Regularization techniques help prevent overfitting and improve 
the robustness of the learned representations.

Finally, the use of a latent space can also provide a more succinct 
representation of the data. By analyzing the learned latent variables, we 
can gain insights into the underlying structure of the data and the factors 
that drive its variation. This can be useful for applications such as data 
exploration or scientific discovery, where we may want to understand 
the relationships between different variables in the data.

2.3.  Sampling with denoising diffusion implicit models

The way sampling is performed is how the model operates, so we 
dedicate the next section to explaining an efficient and fast sampling 
method, as well as the crucial role of the U-Net in this process. The LDM 
Denoising Diffusion Implicit Models, whose acronym is DDIM (Song 
et al., 2020), will be used to perform inference in the experiment. The 
process of sampling from an LDM using DDIM involves a series of steps 
designed to refine and generate high-quality images from a latent space 
representation. This section presents the mathematical underpinnings 
and practical execution of sampling using DDIM within the framework 
of LDMs.

DDIMs offer a non-Markovian variant of the traditional denoising 
diffusion probabilistic model, enabling faster and more controlled sam-
pling processes. By employing a deterministic trajectory through the dif-
fusion process, DDIM allows for efficient backward sampling from the 
noise distribution, thereby facilitating the generation of coherent and 
high-quality images. Consider a latent space representation 𝑧 ∈ ℝℎ×𝑤×𝑐 , 
where ℎ,𝑤, 𝑐 ∈ ℕ denote the height, width, and number of channels in 
the latent space, respectively. The DDIM sampling process reverses the 
diffusion process, transforming a sample of noise into a coherent im-
age representation in the latent space. The sampling process from an 
LDM using DDIM involves a carefully structured sequence of operations 
aimed at reconstructing a coherent and high-quality image from an ini-
tial noise distribution. Here, we provide a more detailed description of 
each step involved in the sampling process:

Expert Systems With Applications 284 (2025) 127970 

5 



J.A. Mármol-Rivera et al.

1. Initialize from Noise: The process begins by initializing the latent 
representation 𝑧𝑇  by sampling from a standard Gaussian noise dis-
tribution,  (0, 𝐼). This step generates a purely random noise vector 
that serves as the starting point for the reverse diffusion process. 
Mathematically, this can be represented as: 
𝑧𝑇 ∼  (0, 𝐼), (4)

where 𝑧𝑇  is the latent representation at the final timestep 𝑇 .
2. Iterative Denoising: The core of the DDIM sampling process is an 
iterative denoising procedure that gradually transforms the initial 
noise vector 𝑧𝑇  into a coherent image representation in the latent 
space. For each timestep 𝑡 from 𝑇  down to 1, the latent representa-
tion 𝑧𝑡 is refined using a deterministic update rule that incorporates 
the learned denoising function 𝜖𝜃(𝑧𝑡, 𝑡). This learned function is cru-
cial as it predicts the noise that was added at timestep 𝑡 during the 
forward diffusion process, allowing for its removal or “denoising” in 
the reverse process. The deterministic update rule can be formulated 
as follows:
𝑧𝑡−1 = 𝑓 (𝑧𝑡, 𝜖𝜃(𝑧𝑡, 𝑡))

=
√

𝛼𝑡−1
𝑧𝑡 −

√

1 − 𝛼𝑡𝜖𝜃(𝑧𝑡, 𝑡)
√

𝛼𝑡
+
√

1 − 𝛼𝑡−1 − 𝜎2𝑡 ⋅ 𝜖𝜃
(

𝑥𝑡, 𝑡
)

+ 𝜎𝑡𝜖𝑡,

(5)

where 𝜖𝑡 is random noise, 𝛼𝑡 = 1 − 𝛽𝑡, 𝛽𝑡 is a pre-defined variance 
schedule of the diffusion process and

𝜎𝑡 = 𝜂

√

1 − 𝛼𝑡−1
1 − 𝛼𝑡

√

1 −
𝛼𝑡
𝛼𝑡−1

, 𝜂 > 0.

𝜂 is used to calculate 𝜎. 𝜂 = 0 makes the sampling process determinis-
tic. Each iteration effectively reverses the diffusion step, reconstruct-
ing finer details and reducing noise in the latent representation.

3. Denoising with U-Net: The core of the reverse diffusion process in-
volves denoising the latent variable at each timestep using a neural 
network, typically a U-Net architecture. The U-Net plays a crucial 
role in predicting the noise component 𝜖𝜃(𝑧𝑡, 𝑡) present in the latent 
representation 𝑧𝑡 at each timestep 𝑡. Its encoder-decoder structure, 
with skip connections, allows the model to capture both global and 
fine-grained features, facilitating the precise removal of noise while 
preserving important image details. This iterative denoising, guided 
by the U-Net, is critical for transforming random noise into a co-
herent image, as the model refines 𝑧𝑡 over multiple steps to recon-
struct the final high-quality image representation. The effectiveness 
of DDIM’s sampling process largely depends on the ability of the 
U-Net to perform accurate noise predictions at each step, ensuring 
efficient and high-quality image generation.

A DDIM tends to be faster (Kong & Ping, 2021) for sampling due 
to its simplified architecture and direct conditioning on low-resolution 
images. This streamlined approach reduces computational overhead, en-
abling quicker generation of samples without sacrificing quality.

It is important to highlight the role of two fundamental components 
in the sampling process: the parameter 𝜂 and the timesteps 𝑇 . The pa-
rameter 𝜂 encompasses the learnable weights of the denoising network, 
specifically the U-Net, which is trained to accurately estimate the noise 
𝜖𝜃(𝑧𝑡, 𝑡) introduced at each timestep. The precision of these noise predic-
tions is essential, as it directly impacts the quality and coherence of the 
final reconstruction. On the other hand, the timesteps 𝑇  define the num-
ber of iterations through which the reverse diffusion process unfolds. A 
larger 𝑇  allows for a finer and more gradual denoising trajectory, po-
tentially leading to higher-quality outputs at the expense of increased 
computational time. Conversely, reducing 𝑇  accelerates the sampling 
but may degrade the fidelity of the reconstruction if insufficient steps 
are allocated to effectively remove the noise. Therefore, an appropriate 
balance between 𝜂 and 𝑇  is crucial for achieving both efficiency and 
quality in the image generation process.

For clarity, Algorithm 1 summarizes the full DDIM sampling proce-
dure described in this subsection, providing a step-by-step overview of 
the iterative denoising process.

In addition to DDIM, we also mention the Pseudo Linear Multistep 
(PLMS) sampling strategy (Farooq, Abaid, Ullah, & Corcoran, 2024), 
which further accelerates the sampling process while improving stabil-
ity. PLMS leverages previous noise estimates across multiple steps to re-
fine the current update, effectively approximating higher-order solvers 
for the reverse diffusion equation.

Algorithm 1 DDIM Sampling Procedure.
Input: Number of timesteps 𝑇 , noise scale 𝜂, trained U-Net 𝜖𝜃 , con-
ditional input 𝑐
Initialize: 𝑧𝑇 ∼  (0, 𝐼)
for 𝑡 = 𝑇  to 1 do
 Predict noise: 𝜖 = 𝜖𝜃(𝑧𝑡, 𝑡, 𝑐)
 Compute 𝛼𝑡, 𝛼𝑡−1 from the noise schedule
 Compute 𝜎𝑡 = 𝜂

√

1−𝛼𝑡−1
1−𝛼𝑡

√

1 − 𝛼𝑡
𝛼𝑡−1

 if 𝜂 > 0 then
 Sample noise 𝜖𝑡 ∼  (0, 𝐼)
 else
 𝜖𝑡 = 0
 end if
 Update 𝑧𝑡−1:

𝑧𝑡−1 =
√

𝛼𝑡−1
𝑧𝑡 −

√

1 − 𝛼𝑡𝜖
√

𝛼𝑡
+
√

1 − 𝛼𝑡−1 − 𝜎2𝑡 ⋅ 𝜖 + 𝜎𝑡𝜖𝑡

end for
Output: Denoised latent representation 𝑧0

2.4.  Interpolation using latent diffusion models for image generation

In this section, the proposed approach to leverage the generative and 
resolution-enhancing capabilities of latent diffusion models is outlined. 
The methodology revolves around the manipulation of image slices ob-
tained along the 𝑍-axis (although it can be replicated for the other two 
axes because the methodology is axis-independent, relying on the same 
principles of image slice manipulation; by treating the 𝑋-axis and 𝑌 -axis 
similarly, the approach remains consistent, allowing for the same oper-
ations to be applied regardless of the axis of slicing.), which is typically 
characterized by lower resolutions. The proposed generative process of 
slices between two consecutive slices used in our experiments and shown 
in Fig. 2 is as follows:

Let 𝑛 be the multiplicative value of the resolution and 𝑥𝐴, 𝑥𝐵 two 
consecutive low-resolution slices along the 𝑍-axis:

• Initially, random noise images 𝑙𝐴, 𝑙𝐵 ∈ ℝ64 ×ℝ64 are generated, 
which serve as anchor points in the latent space; ̃𝑙𝐴, 𝑙𝐵 ∼  (0, 𝐼).

• The latent vectors 𝑙𝐴 and 𝑙𝐵 are processed through the denoising 
diffusion implicit model (Section 2.3), conditioned on the original 
low-resolution images 𝑥𝐴 and 𝑥𝐵 . This diffusion process yields 𝑙𝐴 and 
𝑙𝐵 as final results, also in the latent space, i.e., 𝑙𝐴, 𝑙𝐵 ∈ ℝ64 ×ℝ64.

• Within this latent space, a line segment 𝐴𝐵 between 𝑙𝐴 and 𝑙𝐵
is interpolated. By extracting 𝑛 equidistant points along this line, 
𝑙𝑗 , 𝑗 = 1,… , 𝑛, the trajectory for generating intermediate images is 
effectively defined: 

𝑙𝑗 = 𝑙𝐴 +
𝑗

𝑛 + 1
(

𝑙𝐵 − 𝑙𝐴
)

(6)

• Subsequently, the intermediate latent space points 𝑙𝑗 , 𝑗 = 1,… , 𝑛
along with 𝑙𝐴 and 𝑙𝐵 are decoded using the decoder network 𝐷, re-
sulting in the generation of 𝑛 high-resolution images that seamlessly 
interpolate between the original two low-resolution slices 𝑥𝐴, 𝑥𝐵 . A 
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Fig. 2. Proposed neural architecture. In order to super-resolve multiple output images intercalated between two input images across the Z dimension, the denoising 
diffusion implicit model is initialized with random noise and is conditioned to the low-resolution images, and interpolation is performed in the latent space between 
their respective latent representations just before decoding them into images.

total of 𝑛 + 2 images are obtained, encompassing the original two 
slices 𝐴 and 𝐵, and the 𝑛 generated ones, all in higher resolution:
𝑥̂𝐴 = 𝐷(𝑙𝐴) (7)

𝑥̂𝑗 = 𝐷(𝑙𝑗 ), 𝑗 = 1,… , 𝑛 (8)

𝑥̂𝐵 = 𝐷(𝑙𝐵) (9)

where 𝑗 = 1,… , 𝑛; 𝑥̂𝑗 , 𝑥̂𝐴, 𝑥̂𝐵 ∈ ℝ256 ×ℝ256; and 𝐷 is the decoder. It 
is highlighted that 𝑥̂𝐴 and 𝑥̂𝐵 would correspond to the outputs by 
the model of the original images.
It is important to note that this process deviates from the standard 

operation of a latent diffusion model, as illustrated in Fig. 1. A denois-
ing diffusion implicit model is used for sampling, conditioned by the 
original low-resolution images, but the LDM-model is trained according 
to the architecture shown in Fig. 1. Here, the latent space has the same 
resolution as the lower-resolution input pixel space since we start from 
low-resolution slices. The model ultimately manages to increase the res-
olution across all axes, as it also enhances the resolution of each slice, 
providing a doubled value.

Linear interpolation in the latent space offers simplicity and effi-
ciency while still producing smooth transitions. Specifically, because the 
latent space in diffusion models is often well-structured and continuous, 
linear interpolation can effectively blend high-level features between 
two points without needing complex or nonlinear transformations. This 
straightforwardness ensures that the interpolated results remain coher-
ent and realistic, as the latent space has been trained to capture mean-
ingful variations. Additionally, linear interpolation is computationally 
inexpensive compared to more complex methods, making it practical for 
generating intermediate steps. A key advantage of linear interpolation 
compared to more complex interpolation methods (e.g., spline or poly-
nomial interpolation) in the latent space is its simplicity and stability. 
Linear interpolation ensures a predictable, smooth transition between 
two points without introducing unwanted distortions or artifacts, which 
can sometimes occur with higher-order methods due to overfitting or 
oscillations (Gallagher, 2005; Herman, Rowland, & Yau, 1979).

The interpolation in the latent space effectively reduces the slice 
thickness in millimeters by generating 𝑛 intermediate slices between two 
consecutive low-resolution slices. Given an original slice spacing of 𝑠orig
mm, the new slice thickness 𝑠new is: 

𝑠new =
𝑠orig
𝑛 + 1

(10)

For instance, if 𝑠orig = 5 mm and 𝑛 = 4, then: 

𝑠new = 5
4 + 1

= 1 mm (11)

Thus, the anisotropic resolution is significantly enhanced, bringing it 
closer to the in-plane resolution and improving volumetric coherence in 
medical imaging.

The choice of resolutions 64 × 64 and 256 × 256 is especially useful 
because 64 × 64 is such a low resolution that it allows us to quickly eval-
uate whether the model can generate coherent and acceptable quality 
images, even under challenging conditions. If the model performs well 
at such low resolutions, it suggests that it would likely excel with higher-
resolution images.

As a conclusion of the previous three subsections, Fig. 3 summa-
rizes the complete workflow of the proposed method. Starting from low-
resolution images, the process first applies DDIM sampling in the latent 
space conditioned on the low-resolution data. Then, a latent represen-
tation is obtained, where linear interpolation is performed to increase 
the anisotropic resolution. Finally, the latent space is decoded to pro-
duce the super-resolved high-resolution image. This workflow allows 
efficient reconstruction while maintaining anatomical consistency and 
reducing computational complexity.

2.5.  Baseline super-resolution with intermediate slice generation

In magnetic resonance imaging (MRI), the quest for enhancing reso-
lution in multidimensional image data, particularly across the 𝑋, 𝑌 , and 
𝑍 axes, necessitates the selection of an appropriate baseline model. A de-
tailed justification for the baseline selection is imperative. It is essential 
to underscore that the chosen method does not mandate a fixed zoom 
level but rather facilitates a variable and arbitrarily large zoom range. 
This flexibility is crucial in the context of MRI, where the requirement 
for detailed examination across different scales is paramount, but that 
limits the competitor to also accepting this arbitrary choice of super-
resolution along one of the axes and additionally increasing the model’s 
slice resolution across the same axis chosen.

The baseline model under consideration is used to enhance resolu-
tion along the 𝑍-axis by generating intermediate images between con-
secutive slices, denoted as 𝑥̂𝐴, 𝑥̂𝐵 for slices in the 𝑋 and 𝑌  dimensions 
after increasing their resolution by four with the LDM-model (although 
the same idea can be applied to increase the resolution in the other 
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Fig. 3. Workflow of the proposed method for super-resolution with latent space interpolation.

axes). This baseline model can be formulated as follows: 

𝑙′𝑗 =
𝑗 ⋅ 𝑥̂𝐴 + (𝑗 − 1) ⋅ 𝑥̂𝐵

𝑛
, 𝑗 = 1,… , 𝑛 (12)

where 𝑛 is the multiplicative value of the resolution, and 𝑙′𝑗 is the in-
terpolated image. This model embodies a systematic approach to in-
terpolate between adjacent slices, using information from both current 
𝑥̂𝐴 and subsequent 𝑥̂𝐵 images. Notably, this baseline model results in 
smooth gradations between bright and dark areas in the interpolated 
slices wherever there are significant differences between pixel values 
in 𝑥̂𝐴 and 𝑥̂𝐵 , but these color gradations are not realistic, since most 
features in the MRI slices correspond to body structures that should 
be imaged as presenting predominantly sharp transitions in pixel val-
ues across different slices. Our proposal minimizes this issue. In other 
words, we will compare generation in the image space with generation 
in the pixel space.

2.6.  Blurriness removal

The images generated by the model may sometimes be somewhat 
blurry. Therefore, we propose to apply an EDSR (Zhao et al., 2019) net-
work, which is much lighter to train, to remove the blurriness. Let 𝑥̂ de-
note a blurred-resolution image generated with an LDM, and 𝑥′ denote 
its corresponding high-resolution image. The goal is to use an EDSR to 
remove blurriness in the predicted image and produce an output image 
𝑥𝐻𝐶 that is as sharp and detailed as possible.

To achieve this, we can formulate the problem as an image restora-
tion task, where we aim to learn a mapping function 𝐹 (𝑥) that maps 
the blurred-resolution image to its corresponding high-resolution im-
age. This can be achieved by training an EDSR on a dataset of paired 
blurry and sharp images, using a loss function that measures the differ-
ence between the predicted and ground-truth high-resolution images. 
The EDSR can be represented as follows: 
𝑥𝐻𝐶 = 𝐹 (𝑥̂; 𝜃), (13)

where 𝜃 represents the learnable parameters of the EDSR, and 𝑥𝐻𝐶 is the 
predicted high-contrast image. The goal is to find the optimal values of 

𝜃 that minimize the difference between the predicted and ground-truth 
high-resolution images, which can be formulated as a mean squared 
error (MSE) loss: 

𝐿(𝜃) = 1
𝑁

𝑁
∑

𝑖=1
||𝑥′(𝑖) − 𝑥(𝑖)HC||

2, (14)

where 𝑁 is the number of training samples, and 𝑥𝐻𝐶 (𝑖) and 𝑥
′ (𝑖) de-

note the predicted and ground-truth high-resolution images for the 𝑖-th 
training sample, respectively.

During training, the EDSR is optimized to minimize the loss function 
𝐿(𝜃) using backpropagation and stochastic gradient descent (SGD) or 
one of its variants. The process of using an EDSR to remove blurriness 
from images generated with an LDM involves training the EDSR on a 
dataset of paired blurred- and high-resolution images, using a loss func-
tion that measures the difference between the predicted and ground-
truth high-resolution images. This approach effectively reduces blurri-
ness in the images generated by the LDM, enhancing structural clarity 
and preserving fine anatomical details. By applying EDSR as a post-
processing step, we can refine the super-resolved images while main-
taining the smooth transitions achieved by the latent diffusion process. 
An example of this improvement can be seen in Fig. 4, which illustrates a 
comparison between an image before and after applying EDSR, demon-
strating the reduction of blurriness and the enhancement of sharpness 
in the reconstructed high-resolution output.

2.7.  Competitors

Due to the dual nature of our proposal, which combines slice-wise 
super-resolution using LDMs and latent space generation, establishing 
direct competitors is particularly challenging. Existing 3D LDM (Kim & 
Park, 2024; Nam et al., 2022) approaches are limited by the scarcity 
of public implementations and datasets, and they differ conceptually 
from our method, which focuses on sequential slice enhancement rather 
than full volumetric generation. Therefore, beyond our baseline, we in-
troduce additional competitors inspired by state-of-the-art techniques 
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Fig. 4. Comparison of an image of the OASIS dataset presented in Section 3.2 before and after applying EDSR. The left side shows the original LDM-generated image, 
which exhibits some blurriness, while the right side presents the same image after EDSR refinement, demonstrating improved sharpness and enhanced structural 
details.

commonly applied in medical image super-resolution. Specifically, we 
incorporate SRGAN combined with linear interpolation in the pixel do-
main and WDSR with linear interpolation in the pixel domain, as mo-
tivated by recent works demonstrating the effectiveness of GAN-based 
and residual-based architectures for enhancing medical images (Guer-
reiro et al., 2023; Madhav, Nandhika, & Devi, 2024; Tan, Zhu, & Lio’, 
2020; Yoshimura et al., 2023). Additionally, we include bicubic up-
sampling with latent interpolation via an autoencoder, following the 
methodology proposed by Sander, de Vos, and Išgum (2022), which 
specifically addresses the challenge of improving anisotropic MRI reso-
lution through semantically smooth interpolation in the latent space-an 
objective closely aligned with our own goal of enhancing through-plane 
resolution while preserving anatomical consistency. These alternatives 
provide meaningful and complementary competitors for assessing the 
impact of our LDM-based framework within the context of medical im-
age super-resolution.

3.  Experiments and results

In our experiments, we address the task of generating 𝑛 ∈ ℕ consecu-
tive intermediate slices between two existing slices of a 3D brain volume 
along the 𝑍-axis, while simultaneously enhancing the in-plane resolu-
tion of each slice by a factor of 4. This combination of spatial super-
resolution and through-plane interpolation results in a final volume with 
significantly increased resolution, both within slices and across slices, 
achieving overall factors that are uncommon in the current literature. 
To enable proper evaluation of this generative task, we construct ground 
truth volumes following the procedure described in Section 3.1. For the 
quantitative experiments presented in Section 3.3, we focus on the case 
of 𝑛 = 1, generating a single intermediate slice between two real slices 
to enable direct comparison with the ground truth. For the qualitative 
analysis in Section 3.5, we explore higher values of 𝑛, such as 𝑛 = 4, 
𝑛 = 6, and 𝑛 = 10, which correspond to unusual and arbitrary anisotropic 
resolution increases of factors like 5, 7, and 11, providing insight into 
the model’s performance under more challenging and less conventional 
reconstruction scenarios. In addition to the qualitative study, we incor-
porate an expert medical evaluation conducted by four radiologists in 
Section 3.5.5. Furthermore, a final computational efficiency analysis is 
performed in Section 3.7, where we assess the scalability and feasibility 
of our approach under realistic and different conditions.

The approach revolves around training a latent space that, when ap-
propriately regularized, effectively captures the semantic features inher-
ent in the images. By using the latent space to interpolate between im-
ages, the methodology offers a powerful means to generate a sequence 
of intermediate slices within the 3D brain image and increase the resolu-
tion of the slices in the 𝑋𝑌  plane, which adds double value by increas-
ing the resolution in all axes. The process of generating intermediate 
images between two slices along the 𝑍-axis enhances the resolution of 
a 3D image by increasing the density of data in the 𝑍-dimension. By in-
troducing additional slices between existing ones, fine details that might 
otherwise be lost due to low sampling density in the 𝑍-dimension are 
captured. This process essentially interpolates information between ad-
jacent slices, improving the three-dimensional representation by provid-
ing a more detailed and accurate visualization of objects and structures 
in the 3D image. Although slices are taken across the 𝑍-axis, it is worth 
noting that this same method can be applied to the other two axes. Due 
to the similarity between brain structures, increasing the resolution in 
the other two axes produces remarkably similar results, and to demon-
strate this, we consider datasets in which MRI scans have been taken 
from different angles.

3.1.  Experiment details

Since the models generate intermediate images, we lack a ground 
truth, there is no objective way to evaluate the quality of image genera-
tion. Therefore, the following procedure through which we will base our 
quantitative results in Section 3.3 is run in order to conduct the quan-
titative evaluation of the experiment and obtain an objective ground 
truth:

• The resolution of the slices is first decreased by dividing the total 
resolution by four.

• Next, 10% of the slices are randomly removed from each patient’s 
dataset. These eliminated slices will serve as ground truth to evaluate 
the performance of our experiment.

• Subsequently, the missing 10% of the slices are generated by the 
process described in Section 2.4 taking 𝑛 = 1 and the resolution of 
all remaining slices is upscaled.

• Finally, the generated slices are compared with the ground truth for 
validation, as well as with the Baseline model defined in Section 2.5, 
and the competitor methods described in Section 2.7.
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For the qualitative study in Section 3.5, the resolution of the slice 
image will be initially increased by a factor of 4. We generate an arbi-
trary number of intermediate slices with different values of 𝑛, such as 6, 
to enhance the resolution along the 𝑍-axis by a factor of 7, or 10 slices 
to increase the resolution by a factor of eleven. These values, uncom-
mon prime numbers in the literature, demonstrate the flexibility of our 
method. Simultaneously, we enhance the resolution of each individual 
slice by a factor of four, transforming images from ℝ64×64 to ℝ256×256. A 
detailed visual analysis is conducted to examine the images generated 
with different values of n and across multiple patient datasets, com-
paring the results with those produced by the Baseline method and the 
competitor methods. This allows us to evaluate the quality of the slices 
generated. In addition to the qualitative study, a medical evaluation was 
conducted through a survey completed by four expert radiologists. This 
survey aimed to provide an objective assessment of the generated im-
ages based on three key criteria: realism, consistency between slices, 
and anatomical correctness. By incorporating this external validation, 
we ensure that our proposed method is not only quantitatively robust 
but also meets the perceptual and diagnostic expectations of medical 
professionals. The results of this evaluation are detailed in Section 3.5.5.

To make the experiments as transparent as possible, the details of 
the training are outlined below. As for the hardware specifications, we 
have run our experiments in 32GB NVidia A100 GPUs managed by the 
Supercomputing and Bioinnovation Center of the University of Málaga.

Next, we detail the architectures and training configurations of the 
models. The training details for datasets are the same. Initially, the au-
toencoder VQ-VAE (Razavi, Van den Oord, & Vinyals, 2019) is trained 
with a base learning rate of 4.5 × 10−6. The data-dependent configura-
tion includes three channels in the latent space, a resolution of 256 × 256, 
and 128 channels in intermediate layers. 2 residual blocks are used, and 
neither attention mechanisms nor dropout are employed. For the loss 
function, LPIPS (Wu et al., 2023) with a discriminator is utilized. The 
discriminator is not conditioned and accepts three input channels, with 
a weight of 0.75 for discriminator loss and 1.0 for codebook loss. The 
training process of the LDM spanned over 1000 timesteps, with a linear 
interpolation scheme starting at 0.0015 and ending at 0.0155. Results 
were logged every 100 timesteps for monitoring. The loss function em-
ployed was reconstruction loss.

The model architecture consisted of three key stages: the initial pro-
cessing stage (based on the VQ-VAE model trained before), the con-
ditional stage, and the U-Net module, operating on an image size of 
64 × 64 with three channels, featured attention mechanisms at resolu-
tions 16 × 16 and 8 × 8, and comprised two residual blocks with channel 
multipliers. The conditional stage, which was not trainable, played a 
crucial role in guiding the generation process. It was configured to op-
erate as an identity function.

During the training phase, a batch size of 16 was used for both the au-
toencoder and the U-Net, ensuring efficient processing while optimizing 
computational resources. To enhance the robustness and generalization 
of the model, a comprehensive data augmentation strategy was applied, 
leveraging the BSRGAN framework (Zhang, Liang, Van Gool, & Timofte, 
2021a), which is specifically designed for super-resolution tasks. Within 
this framework, we employed the BSRGAN Light degradation model, a 
simplified variant tailored to introduce realistic yet mild degradations 
commonly observed in MRI acquisitions. This includes subtle blurring, 
low-level noise, and moderate compression artifacts, helping the model 
learn to reconstruct high-quality images from degraded inputs. Addi-
tionally, a downscaling factor of 4 was applied, along with random crop-
ping, where crop sizes varied between 50% and 100% of the original 
image dimensions. This combination of controlled degradation and di-
verse spatial augmentations significantly enriched the training data, en-
abling the model to adapt to a wide range of image conditions while 
improving generalization to real-world MRI scans.

In our experiments, the sampling process is carried out using DDIM 
with 𝜂 = 1 (resulting in a stochastic sampling trajectory) and a to-
tal of 𝑇 = 200 timesteps. This configuration offers a favorable balance 

between computational efficiency and reconstruction quality, as the 
stochasticity introduced by 𝜂 = 1 allows for greater diversity in the gen-
erated samples while maintaining stable and high-fidelity reconstruc-
tions over 200 denoising steps. The choice of 200 timesteps ensures 
that the noise removal process is sufficiently gradual to preserve fine 
anatomical structures without incurring excessive computational costs. 
This setting is particularly advantageous in medical imaging scenar-
ios where both variability and detail preservation are important. While 
DDIM was selected for its ability to balance speed and quality, we also 
explore the potential of PLMS sampling, which further stabilizes and ac-
celerates the denoising process by leveraging previous noise estimates, 
especially when working with fewer timesteps. A comprehensive quan-
titative comparison of these different sampling strategies and hyperpa-
rameter configurations can be found in Section 3.6.

The EDSR model used to remove blurriness presented in this paper 
comprises a convolutional neural network architecture with a depth of 
16 residual blocks (He, Zhang, Ren, & Sun, 2016) with Rectified Linear 
Unit (ReLU) activation functions, trained for 25 epochs using the Adam 
optimizer with a learning rate schedule. Each epoch involves 1000 steps, 
and the training process utilizes the mean absolute error as the loss func-
tion. The model is subjected to random data augmentation techniques, 
including random cropping and flipping, to enhance its robustness and 
generalization capabilities. The net starts with an input layer adaptable 
to varying image sizes and color channels; the model proceeds with fea-
ture extraction through convolutional layers, followed by a cascade of 
16 residual blocks. These blocks, characterized by dual convolutional 
layers with ReLU activations, facilitate feature refinement while residual 
connections ensure smooth gradient flow during training. Subsequent 
upsampling operations amplify spatial resolution, culminating in a fi-
nal convolutional layer to generate high-resolution outputs. Employing 
normalization and denormalization routines ensures stable training and 
faithful reconstruction of pixel values.

3.2.  Datasets

In the experiments, the analysis was conducted using four different 
datasets. Specifically, the OASIS dataset (Marcus et al., 2007), the AT-
LAS dataset (Liew et al., 2018), the OpenNeuro dataset (Markiewicz 
et al., 2021) and the BraTS dataset (Baid et al., 2021; Bakas et al., 2017; 
Menze et al., 2014) were selected to define the datasets used for cross-
validation, while 3 patients from each dataset were used as the test sets. 
The rationale behind selecting these datasets lies in their complementary 
characteristics, which provide a diverse representation of brain images, 
ensuring a wide range of anatomical variations and pathological condi-
tions. OASIS is focused on aging and Alzheimer’s disease, offering valu-
able data on neurodegenerative conditions and includes T1-weighted 
images. ATLAS, in contrast, includes data from various neurological dis-
orders with T1-weighted acquisitions, adding diversity to the patholog-
ical spectrum. OpenNeuro contributes a broad range of neuroimaging 
data, including healthy subjects and those with different clinical con-
ditions, and provides FLAIR images, enriching the overall variability. 
Additionally, to further increase the heterogeneity of the analysis, the 
BraTS dataset (Menze et al., 2014) was included, which offers T1, T2, 
and FLAIR images of patients with brain tumors, introducing more di-
versity in both pathology and imaging modalities.

Furthermore, since the MRI scans come from different datasets, 
they are acquired from slightly different angles and orientations, which 
means the scans are not perfectly aligned across datasets. To address this 
variability and test the model’s robustness across different axes, resolu-
tion enhancement was applied in the 𝑍-axis, ensuring that the analysis 
could capture features not only in the 𝑋𝑌  plane but also in the depth 
dimension. This allowed us to verify the performance of the model in 
all spatial directions.

For uniformity in the analysis, all datasets were preprocessed to en-
sure the same image dimensions, zero padding was applied to achieve 
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a final size of 256 × 256 pixels, ensuring consistent training conditions 
across all datasets. The number of images is:

• For the OASIS dataset used for cross-validation: 160 × 17 = 2, 720 im-
ages.

• For the ATLAS dataset used for cross-validation: 189 × 31 = 5, 859 im-
ages.

• For the OpenNeuro dataset used for cross-validation: 160 × 85 =
13, 600 images.

• For the BraTS T1 dataset used for cross-validation: 155 × 27 = 4, 185
images.

• For the BraTS T2 dataset used for cross-validation: 155 × 27 = 4, 185
images.

• For the BraTS FLAIR dataset used for cross-validation: 155 × 27 =
4, 185 images.

• For the OASIS test dataset: 160 × 3 = 480 images.
• For the ATLAS test dataset: 189 × 3 = 567 images.
• For the OpenNeuro test dataset: 160 × 3 = 480 images.
• For the BraTS T1 test dataset: 155 × 3 = 465 images.
• For the BraTS T2 test dataset: 155 × 3 = 465 images.
• For the BraTS FLAIR test dataset: 155 × 3 = 465 images.

The utilization of multiple datasets enriches the analysis by provid-
ing a broader spectrum of brain images for training and evaluation. This 
approach, coupled with cross-validation, enhances the generalizability 
and robustness of our findings, allowing us to draw meaningful insights 
into the performance and applicability of our proposed methodology 
across different cohorts and imaging modalities. In order to ensure the 
robustness of our model and the reliability of our results, 5-fold cross-
validation was employed. This involved partitioning the data into train-
ing and validation sets, iteratively training the Latent Diffusion Model 
on different subsets of the data, and evaluating its performance across 
multiple folds.

3.3.  Quantitative study

A quantitative study will be conducted to rigorously evaluate the 
performance of the generative capacity of the LDM-model versus the 
generative capacity of the baseline model. This study aims to assess the 
model’s efficacy in enhancing image resolution along the 𝑍-axis and 
increasing the resolution of the slices to produce and increasing in the 
resolution across all the axes. As it is mentioned in Section 3.1, in order 
to thoroughly assess the generative capability of our algorithm and fa-
cilitate meaningful comparisons with real-world images, the following 
procedure was executed. Within this process, 10% of the images from 
the test patient dataset were randomly sampled and systematically re-
moved. Subsequently, using the Latent Diffusion Model, these missing 
images were reconstructed while simultaneously multiplying the origi-
nal slice image resolution by four. This approach enables quantification 
of the algorithm’s ability to generate high-quality images from incom-
plete data and validates its robustness and generalization in scenarios 
involving missing data and in this way we can evaluate the two great 
results that we achieved at the same time with the proposed model, in-
creasing the resolution of the slices and also through the axis from which 
we took the slices, achieving an increase in resolution in all axes.

To evaluate the performance of the proposed baseline model in 
enhancing image resolution in MRI datasets, a combination of eval-
uation metrics is employed, including the Structural Similarity Index, 
acronymed as SSIM, Ahn et al. (2020), Peak Signal-to-Noise Ratio, ab-
breviated as PSNR, Venu (2023), and Learned Perceptual Image Patch 
Similarity, acronymed as LPIPS, Wu et al. (2023). SSIM is particularly 
well-suited for assessing the perceptual quality of the super-resolved im-
ages, as it takes into account luminance, contrast, and structure sim-
ilarities between the generated and ground truth images. SSIM was 
used to quantify the improvement in image fidelity and structural sim-
ilarity achieved by a super-resolution algorithm applied to MRI brain 

scans. Meanwhile, PSNR provides a quantitative measure of reconstruc-
tion fidelity by comparing the pixel-wise differences between the super-
resolved and ground truth images. Despite its simplicity, PSNR remains 
a widely used metric in MRI image processing due to its intuitive inter-
pretation and computational efficiency. In addition to SSIM and PSNR, 
the LPIPS metric is incorporated to assess the perceptual similarity be-
tween the generated and ground truth images using learned features 
from deep neural networks. This metric offers a more sophisticated mea-
sure of image quality, capturing subtle perceptual differences that may 
not be adequately reflected by traditional metrics.

To present the results, we will refer to "SR with SI (ours)" as the ab-
breviation for "our super-resolution with slice interpolation method" for 
latent space interpolation, and "SR with SI (baseline)" as the abbrevi-
ation for "baseline super-resolution with slice interpolation" for image 
space interpolation. We refer to the combination of bicubic spatial super-
resolution with linear interpolation of images in the latent space as Bicu-
bic SR with Autoencoder SI. Similarly, the combination of SRGAN-based 
spatial super-resolution with linear interpolation of images in the pixel 
space is denoted as SRGAN SR with SI, and the combination of WDSR-
based spatial super-resolution with linear interpolation of images in the 
pixel space is referred to as WDSR SR with SI. These naming conventions 
are maintained consistently throughout the results to facilitate com-
parison between the proposed method, the baseline, and the selected
competitors.

3.3.1.  Results for the OASIS dataset
First, we focus on evaluating the generative capability of the model. 

To do this, we compare the average value of the metrics described in 
Section 3.3 with the corresponding ground truth, as also detailed in 
Section 3.3. These averages demonstrate a significant improvement in 
the quality of the super-resolved images compared to both the Base-
line model and the additional competitors, as shown in Table 1. The 
SSIM metric reveals a remarkable increase in structural similarity for 
the super-resolved images generated by our model, achieving an aver-
age value of 0.833. This is considerably higher than the Baseline (0.331) 
and surpasses the competitors, which remain around 0.81–0.82. This 
indicates that our method more effectively preserves anatomical struc-
tures across the reconstructed slices. PSNR results further confirm this 
advantage, with our model achieving an average of 39.13, while the 
Baseline remains at 30.047 and the competitors do not exceed 32.34. 
This higher PSNR reflects a significant reduction in reconstruction error 
and superior fidelity in the final images. Lastly, LPIPS shows an average 
value of 0.07, indicating minimal perceptual difference from the ground 
truth. Again, our method outperforms both the Baseline (0.769) and 
the competitors, which present LPIPS values ranging from 0.11 to 0.83, 
highlighting the superior perceptual quality of our reconstructions.

Next, we analyze the progression of the metrics across slices, consid-
ering those directly upscaled by the LDM, those generated in the latent 
space and then upscaled (our method), and those interpolated in the 
pixel space (baseline). As shown in Fig. 5, and consistently observed 
across all patients, our method maintains stable and superior perfor-
mance across slices. Despite the natural variations in performance, the 
metrics demonstrate smooth behavior without abrupt drops in the gen-
erated slices. This stability is particularly relevant given the anisotropic 
nature of the dataset, limited to only 160 slices along the Z-axis, where 
maintaining consistency between adjacent slices is critical. Throughout 

Table 1 
Comparison of evaluation metrics with Ground Truth in the OASIS dataset.
    Model  SSIM  PSNR  LPIPS 
  SR with SI (ours)  0.833  39.13  0.07  
  SR with SI (baseline)  0.331  30.047  0.769 
  Bicubic SR with Autoencoder SI  0.81  30.18  0.11  
  SRGAN SR with SI  0.82  32.34  0.36  
  WDSR SR with SI  0.82  29.05  0.83  
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Fig. 5. Comparison of image resolution enhancement techniques against ground truth from the OASIS dataset. The ground truth images have a resolution of 256 × 256
pixels. Input images with a resolution of 64 × 64 pixels are upscaled to 256 × 256 pixels using the Latent Diffusion Model (super-resolution without slice interpolation). 
The blue dots represent the upscaled images compared to the ground truth on a per-slice basis. This line is broken at points where red and green dots are present to 
highlight the different methods. Red dots indicate points generated using our proposed method (super-resolution with slice interpolation, ours), where 10% of the 
initial low-resolution slices are randomly removed and generated through latent space interpolation. Green dots represent another baseline method combined with 
LDM (super-resolution with slice interpolation, baseline), where the initial low-resolution slices removed are generated through pixel space interpolation.

the sequence, SSIM values remain high, confirming strong structural 
consistency between the super-resolved and ground truth images. PSNR 
values show minimal distortion across slices, even in those generated 
through latent interpolation, underscoring the robustness of our model 
in preserving image fidelity. Similarly, LPIPS remains low, demonstrat-
ing that perceptual features are successfully maintained throughout the 
reconstruction, providing high-quality, visually coherent results.

3.3.2.  Results for the ATLAS dataset
First, as in the previous section, we focus on evaluating the gen-

erative capability of the model by comparing the average value of the 
metrics described in Section 3.3. The quantitative evaluation against the 
Ground Truth, shown in Table 2, reveals significant improvements in im-
age quality metrics compared to both the Baseline model and the addi-
tional competitors, mirroring the trends observed in the OASIS dataset.

The SSIM values show a substantial enhancement in the structural 
similarity between the super-resolved images generated by the LDM 
model and the Ground Truth, achieving an average SSIM of 0.85. This 
value clearly outperforms not only the Baseline (0.404) but also the com-
peting methods, which remain below 0.83. In terms of PSNR, the LDM 
model reaches an average of 33.777, demonstrating superior fidelity 
and a notable reduction in reconstruction error. In contrast, the Baseline 

Table 2 
Comparison of evaluation metrics with Ground Truth for the ATLAS dataset.
    Model  SSIM  PSNR  LPIPS 
  SR with SI (ours)  0.85  33.777  0.129 
  SR with SI (baseline)  0.404  28.876  0.62  
  Bicubic SR with Autoencoder SI  0.82  26.62  0.21  
  SRGAN SR with Linear SI  0.82  27.12  0.56  
  WDSR SR with Linear SI  0.83  26.45  0.63  

achieves 28.876, and the competitors remain below 27.5, highlighting 
the improved ability of our model to recover fine anatomical details. 
Furthermore, the LPIPS metric, which assesses perceptual similarity, re-
inforces the superior performance of the LDM model, with an average 
LPIPS of 0.129. This result indicates a lower perceptual difference from 
the Ground Truth compared to both the Baseline (0.62) and the com-
peting methods, which show higher perceptual dissimilarity with values 
between 0.21 and 0.63. These results confirm that our LDM-based ap-
proach not only surpasses the Baseline but also consistently outperforms 
alternative super-resolution strategies across all evaluated metrics,
ensuring a better preservation of structural information, higher fidelity, 
and improved perceptual quality.
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Fig. 6. Comparison of image resolution enhancement techniques against ground truth from the ATLAS test dataset for a specific patient. Ground truth images have 
a resolution of 256 × 256 pixels. Input images are downsampled to 64 × 64 pixels and then upscaled to 256 × 256 pixels using the Latent Diffusion Model (super-
resolution without slice interpolation). The blue line illustrates the upscaled images compared to the ground truth on a per-slice basis. This line is interrupted at 
points where red and green dots appear, emphasizing the different methods. Red dots represent points generated using our proposed approach (super-resolution 
with slice interpolation, ours), where 10% of the initial low-resolution slices are randomly removed and generated via latent space interpolation, then reconstructed 
by the decoder at 256 × 256 pixels. Green dots denote another baseline method combined with LDM (super-resolution with slice interpolation, baseline), where the 
interpolation is made directly in the pixel space. The graphical legend labels the blue line as “SR without SI,” the red dots as “SR with SI (ours)”, and the green dots 
as “SR with SI (baseline)”.

Once again, a detailed evaluation of the performance across slices for 
a specific patient from the ATLAS test dataset (with similar trends ob-
served across other patients) is illustrated in Fig. 6. As in Section 3.3.1, 
the metrics demonstrate stable behavior across slices, likely supported 
by the regular spacing between consecutive slices, which provides a con-
sistent foundation for evaluation. This stability reinforces the robustness 
of the LDM in maintaining performance across varying anatomical con-
texts. The slice-wise analysis highlights the LDM’s ability to preserve 
structural information with consistently high SSIM values, minimal dis-
tortion evidenced by stable PSNR scores, and low perceptual dissimi-
larity according to LPIPS. These findings confirm the effectiveness of 
our super-resolution model in producing high-quality reconstructions 
that reliably capture anatomical details while minimizing perceptual
artifacts.

3.3.3.  Results for the OpenNeuro dataset
For this experiment, we evaluate the performance of the model on 

the OpenNeuro dataset, which contains FLAIR MRI sequences. This 
dataset introduces valuable variability to our experiments, as FLAIR im-
ages emphasize different tissue contrasts and pathological features com-

pared to the T1-weighted images of previous datasets, thus providing a 
broader validation of our method across diverse MRI modalities.

As shown in Table 3, our model achieves superior results in all met-
rics when compared to both the Baseline and the additional competitors. 
The average SSIM obtained by the LDM model is 0.815, demonstrating 
strong structural similarity with the Ground Truth. This significantly 
outperforms the Baseline model, which reaches only 0.617, and also 
surpasses the competing methods, which achieve SSIM values around 
0.79–0.81. In terms of PSNR, although the difference between our model 
(71.669) and the Baseline (69.895) is smaller than in other datasets, 

Table 3 
Comparison of evaluation metrics with Ground Truth for the OpenNeuro 
dataset.
    Model  SSIM  PSNR  LPIPS  
  SR with SI (ours)  0.8153  71.669  0.0952 
  SR with SI (baseline)  0.617  69.895  0.255  
  Bicubic SR with Autoencoder SI  0.81  56.62  0.21  
  SRGAN SR with Autoencoder SI  0.81  57.54  0.54  
  WDSR SR with Autoencoder SI  0.79  57.87  0.75  

Expert Systems With Applications 284 (2025) 127970 

13 



J.A. Mármol-Rivera et al.

Table 4 
Quantitative results on BraTS for T1, T2, and FLAIR images.
    Model  PSNR  SSIM  LPIPS 
  BraTS T1
  SR with SI (ours)  37.11  0.92  0.07  
  SR with SI (baseline)  23.37  0.81  0.09  
  Bicubic SR with SI  32.08  0.85  0.14  
  SRGAN SR with SI  30.78  0.9014  0.44  
  WDSR SR with SI  31.95  0.90  0.77  

 BraTS T2
  SR with SI (ours)  38.35  0.91  0.05  
  SR with SI (baseline)  24.91  0.89  0.07  
  Bicubic SR with SI  29.41  0.75  0.14  
  SRGAN SR with SI  27.77  0.90  0.41  
  WDSR SR with SI  26.45  0.86  0.63  

 BraTS T2-FLAIR
  SR with SI (ours)  36.16  0.89  0.09  
  SR with SI (baseline)  18.71  0.7461  0.11  
  Bicubic SR with SI  29.78  0.80  0.14  
  SRGAN SR with SI  28.31  0.88  0.41  
  WDSR SR with SI  29.84  0.89  0.74  

this can be attributed to the nature of the FLAIR sequences in Open-
Neuro, which exhibit high similarity across consecutive slices with fewer 
abrupt anatomical variations. This inherent smoothness reduces the re-
construction challenge, resulting in closer PSNR values across models. 
However, despite this smaller gap, our method consistently delivers the 
highest PSNR, while the competing approaches remain well below 58, 
reinforcing the fidelity of our reconstructions. The LPIPS metric fur-
ther highlights the advantage of our method, with an average value of 
0.095, significantly lower than both the Baseline (0.255) and the com-
peting methods, which range from 0.21 to 0.75. This result underscores 
the ability of our LDM-based approach to better preserve perceptual 
quality, capturing subtle visual details that are crucial in clinical imag-
ing. Overall, these results clearly demonstrate the superiority of our la-
tent space super-resolution over both the Baseline and alternative ap-
proaches. By performing interpolation directly in the latent space, our 
method achieves enhanced structural similarity (SSIM), reduced infor-
mation loss (PSNR), and lower perceptual dissimilarity (LPIPS), confirm-
ing its robustness and adaptability across different MRI modalities and 
contrasts.

3.3.4.  Results on the BraTS dataset
To enrich our experiments, which mainly consists of T1-weighted 

images such as OASIS and ATLAS, we incorporate the BraTS dataset 
due to its diversity of modalities (T1 (native), T2 (weighted), and T2-
FLAIR). Table 4 presents the quantitative results obtained on BraTS for 
each image type, evaluated in terms of PSNR, SSIM, and LPIPS.

From the results, we observe that our model, consistently achieves 
the best performance across all modalities. Regarding PSNR, which mea-
sures the reconstruction fidelity, LDM surpasses the second-best method 
by a considerable margin in T1 and T2 images, and shows an even 
greater improvement in FLAIR. In terms of SSIM, which assesses struc-
tural similarity, our model achieves the highest values in T1 and FLAIR, 
while remaining highly competitive in T2. Lastly, LPIPS, which quanti-
fies perceptual similarity, also favors our method, obtaining the lowest 
values across all modalities. These results highlight the capacity of our 
approach to adapt to the heterogeneity of brain MRI contrasts, provid-
ing robust and high-quality reconstructions regardless of the imaging 
sequence. By incorporating the BraTS dataset, which includes T1, T2, 
and FLAIR modalities, we demonstrate that our method generalizes ef-
fectively across different clinical MRI formats, extending the evaluation 
beyond T1-weighted datasets such as OASIS and ATLAS, and reinforcing 
its potential for application in diverse diagnostic scenarios.

3.4.  Deep-significance

Deep-Significance (Ulmer, Hardmeier, & Frellsen, 2022) was used to 
compare the statistical significance of our results using the previously 
described metrics (SSIM, PSNR, and LPIPS). Deep-Significance offers a 
systematic framework for significance testing, which can aid in deter-
mining whether the differences observed between the two datasets are 
statistically significant. An aspect of this methodology that is particu-
larly noteworthy is its orientation towards avoiding the use of 𝑝-values. 
The widespread criticism of 𝑝-values in the philosophy of science arises 
from their application in situations where the underlying assumptions 
are clearly not met. By providing a rigorous statistical approach, Deep-
Significance enhances the reliability of the comparison, ensuring robust 
conclusions regarding the performance disparities between the OASIS, 
ATLAS, OpenNeuro and BraTS datasets.

In this context, 𝜖min is a value returned by Absolute Stochastic Order, 
abbreviated as ASO, Del Barrio, Cuesta-Albertos, and Matrán (2018), 
indicating the upper bound on the extent of stochastic order violation. 
When 𝜖min < 𝜏 (where 𝜏 ≤ 0.5), it suggests that one algorithm, denoted 
as 𝐴, is more consistently dominant over another, represented as 𝐵. Es-
sentially, smaller values of 𝜖min signify higher confidence that algorithm 
𝐴 outperforms algorithm 𝐵 across various scenarios. A value of 𝜖min = 0
was obtained for all three metrics. This indicates that the cumulative 
distribution function of the baseline is inferior to that of our proposal 
across the entire domain of definition of both functions. In other words, 
there is not any point in this domain where the baseline outperforms 
the proposal.

3.5.  Qualitative study

In medical imaging, the quality and fidelity of generated images play 
a crucial role in diagnostic accuracy and clinical decision-making. Mag-
netic resonance imaging is a widely used modality for capturing de-
tailed anatomical information. However, image resolution and quality 
can vary significantly depending on acquisition parameters and imaging 
protocols. The aim is to compare images generated by interpolation in 
the latent space of an LDM-model with those produced by the Baseline 
model and competitor models of Section 2.7. The model proposed in 
Section 2.4 offers the advantage of producing images with biologically 
plausible features devoid of pronounced grayscale artifacts. An examina-
tion is conducted on how well the generated images preserve anatomical 
structures and grayscale consistency, as these factors are critical for reli-
able clinical interpretation. To achieve this, slicing through the 𝑍-axis is 
performed, and for each pair of images, 𝑛 images are generated using the 
model described in Section 2.4. Visual comparisons will be performed 
in relevant areas of the datasets. We will test the ability to increase the 
arbitrary resolution capacity by multiplying the resolution by primes 
such as 11 and 5 that are not as common in the literature as for example 
2 and 3 and their products (Chaudhari et al., 2018; Lyu, You, Shan, & 
Wang, 2018).

Furthermore, we will conduct a qualitative analysis to verify the 
absence of hallucinations (Sun, Zhu, & Tappen, 2010) in the images 
generated through the super-resolution model proposed. This entails a 
thorough examination to ensure that the visual content remains faithful 
to the original data without introducing any erroneous or misleading 
elements. Maintaining this standard of accuracy is essential for vali-
dating the reliability and effectiveness of our approach in producing 
high-quality image enhancements. To present the results, we will use 
the same names for the models as in the quantitative analysis of Sec-
tion 3.3.

3.5.1.  Results for the OASIS dataset
For the qualitative assessment, three slices from two distinct patients 

within the OASIS dataset were carefully handpicked, which we can ob-
serve in Figs. 7, 8 and 9. In each of these figures, the top row corresponds 
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Fig. 7. For one of the test patients, six generated images in a region rich with details are presented. Our results are shown in the top row, while the baseline results 
are shown in the bottom row. The biological coherence of images generated with the LDM can be observed, highlighting the method’s ability to maintain image 
fidelity across different levels of detail. This ensures that the generated images not only appear realistic but also retain critical biological structures, providing a more 
accurate representation compared to traditional methods. Additionally, the LDM method shows improved robustness against common artifacts, further enhancing 
the quality and reliability of the generated images.

Fig. 8. For the same patient as Fig. 7, six additional generated images are presented in a different region rich with details. Our results are shown in the top row, 
while the baseline results are shown in the bottom row. The same property is observed. The regions where artifacts appear in the Baseline (pixel-space interpolation) 
have been highlighted with a red box.

Fig. 9. The generative capability is also demonstrated in another patient from the test set, observing the same consistent generation property. Our results are shown 
in the top row, while the baseline results are shown in the bottom row. The regions where artifacts appear in the Baseline (pixel-space interpolation) have been 
highlighted with a red box.

to super-resolution with slice interpolation, while the bottom row cor-
responds to the baseline method. We can see in the upper row that the 
super-resolution with slice interpolation methodology demonstrates ex-
ceptional consistency in its generation process, effectively addressing 
the prevalent issue of sharp grayscale transitions. On the contrary, in 
the bottom row, starting from the third generated image, discernible 
smooth grayscale transitions emerge, deviating from biologically plau-
sible representations. The images at the endpoints correspond to the 
ground truth, while the intermediate images represent the generated 
ones.

Utilizing the model exposed in Section 2.4, we generate images that 
reduce sharp transitions in grayscale while maintaining the biological 
coherence of the resonances. This model uses latent representations to 
facilitate the diffusion process, resulting in images that exhibit both 
smooth transitions in brightness levels and fidelity to the underlying 
biological structures present in the resonances, as we can see in Figs. 7, 
8 and 9.

To show one of the key strengths of the proposed image genera-
tion methodology, we demonstrate the capability to enhance resolution 
along the Z-axis by prime factors of 5 and 11 in Figs. 11 and 10, respec-
tively. This approach extends our previous example, where the resolu-
tion was augmented by a factor of 7. This demonstration underscores 
the arbitrary nature of resolution enhancement, thereby diverging from 

conventional practices such as doubling or tripling the resolution, which 
are prevalent in the existing literature, as well as other multipliers, such 
as 4 and 6, which are products of these factors. This method highlights 
the flexibility and superiority of the proposed model in achieving pre-
cise and varied resolution enhancements. It should be noted that despite 
the variety of images that have been used for our experiments, all the 
exposed properties are preserved.

Notably, the experiments were conducted using low-resolution input 
images of size 64 × 64, as shown in Fig. 12, which serve as the basis for 
generating high-resolution slices. By leveraging the proposed methodol-
ogy, we successfully generate interpolated slices with a resolution that is 
four times higher than the original slice resolution, producing an output 
of 256 × 256 pixels, as illustrated in Fig. 13. This highlights the model’s 
capacity to enhance spatial resolution while maintaining structural co-
herence across the generated slices, enabling flexible super-resolution 
and interpolation with arbitrary resolution increments.

3.5.2.  Results for the ATLAS dataset
Despite the differences in the image type compared to the previous 

dataset, the LDM-model has demonstrated the capability to generate im-
ages in a coherent manner, in the same way as what was observed in 
the OASIS dataset. Our proposed LDM has been able to learn a regu-
lar latent space in which, similar to the other dataset, proximal images 

Expert Systems With Applications 284 (2025) 127970 

15 



J.A. Mármol-Rivera et al.

Fig. 10. Increased resolution by a factor of 11 for one of the OASIS patients, highlighting the value of the technique by being able to increase resolution by an 
arbitrary factor (in this case, a prime number) in contrast to other techniques limited to a single resolution increment. The left limit is on the top line, and the right 
limit is on the bottom line for a better appreciation of the image. The ten images generated are the 5 in the top row to the right of the left boundary and the 5 in the 
bottom row to the left of the right boundary.

Fig. 11. Increased resolution by a factor of 5 for one of the OASIS patients, highlighting the value of the technique by being able to increase resolution by an arbitrary 
factor (in this case, a prime number). It can be observed that consistency is preserved in the generation by increasing the resolution for different factors since it is 
the same patient and the same left and right limits (slices) as in Fig. 10.

Fig. 12. Example of low-resolution input images used for super-resolution and interpolation. The input slices have a resolution of 64 × 64 pixels, serving as the 
foundation for the generative process.

Fig. 13. Example of high-resolution images generated by the model from the input of Fig. 12. The resulting interpolated slices have a resolution of 256 × 256 pixels, 
demonstrating the ability of the model to enhance resolution by a factor of 9 while preserving biological coherence in the generation.

Expert Systems With Applications 284 (2025) 127970 

16 



J.A. Mármol-Rivera et al.

Fig. 14. Comparison with image generation for one of the test patients from the ATLAS dataset. Despite the differences with the images from OASIS, our LDM has 
been able to learn the images and generate them coherently. Our results are shown in the top row, while the baseline results are shown in the bottom row. In the 
area marked in red, it can be observed how the image to the left of the baseline gradually fades until it transforms into the image on the right. In contrast, with our 
method, the images preserve biological coherence, and the degradation effect on the grayscale gradation is reduced.

Fig. 15. Images depicting the generation of another part of the brain from the same patient are shown in Fig. 14. Our results are in the top row, while the baseline 
results are in the bottom row. In the area marked in red, the baseline images show a gradual fade from left to right. In contrast, our method maintains biological 
coherence and reduces grayscale degradation.

have translated into images with similar features, ideal for conducting 
interpolation and enhancing resolution through biologically meaningful 
generation as we can observe in Figs. 14 and 15 (as the previous section, 
the upper rows correspond to our method as described in Section 2.4, 
and the lower rows to the Baseline described in Section 2.5).

For this dataset, despite the considerable diversity among the im-
ages, we consistently obtain the same result. This suggests robustness 
in the inference process, wherein the latent diffusion model effectively 

captures underlying patterns and features across varied input images, 
leading to consistent outcomes.

To illustrate the same capability that was shown with OASIS with the 
ATLAS dataset, we similarly enhanced the resolution along the z-axis 
by prime factors of 5 and 11, as shown in Figs. 16 and 17, respectively. 
This method also builds on our previous enhancement by a factor of 7, 
highlighting the arbitrary nature of resolution increases. By diverging 
from common practices such as doubling or tripling the resolution and 

Fig. 16. Increased resolution by a factor of 5 for one of the ATLAS test dataset patients, highlighting the value of the technique by being able to increase resolution 
by an arbitrary factor (in this case, a prime number) in contrast to other techniques limited to a single resolution increment. It can be seen that biological consistency 
continues to be maintained in image generation.

Fig. 17. Increased resolution by a factor of 11 for one of the ATLAS patients, highlighting the value of the technique by being able to increase resolution by an 
arbitrary factor (in this case, a prime number). It can be observed that consistency is preserved in the generation by increasing the resolution for different factors 
since it is the same patient and the same left and right limits (slices) as in Fig. 16.
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Fig. 18. Comparative analysis of super-resolution with slice interpolation on a T1-weighted MRI from the ATLAS dataset. Our method (SR with SI (ours)) preserves 
anatomical coherence, maintaining clear gray and white matter separation and cortical structures, outperforming baseline and competing approaches that suffer 
from blurring and structural inconsistencies.

other multipliers like 4 and 6, this approach demonstrates the flexibility 
and effectiveness of the proposed model in achieving precise and varied 
resolution enhancements.

In addition, Fig. 18 presents the comparative analysis for the T1-
weighted images from the ATLAS dataset. This modality is particularly 
relevant for evaluating the preservation of fine anatomical details in 
healthy brain structures, such as the delineation between gray and white 
matter and the definition of cortical folds. Our method (SR with SI 
(ours)) outperforms the baseline and other competing methods by main-
taining a higher degree of structural coherence throughout the interpo-
lated slices. Unlike the competing methods, which rely on pixel-space in-
terpolation and tend to introduce blurring and inconsistencies across the 
interpolated volume, our approach preserves sharp anatomical bound-
aries and reduces artifacts, ensuring biologically plausible transitions. 
These results confirm the capacity of our latent space interpolation to 
maintain anatomical fidelity in T1-weighted brain images, supporting 
its applicability to structurally detailed datasets like ATLAS.

3.5.3.  Results for the OpenNeuro dataset
Although the OpenNeuro dataset differs from the previous ones, the 

LDM model has once again demonstrated its ability to generate coherent 
images, as previously observed in the ATLAS and OASIS datasets. The 
model has learned a structured latent space in which images that are 
close to each other correspond to images with similar features, making 
it suitable for interpolation and resolution enhancement through bio-
logically meaningful generation. Figs. 19 and 20 illustrate these results.

In this dataset, despite the diversity in image types, we observe con-
sistent results, indicating the robustness of the inference process. The 
LDM model effectively captures the underlying features and patterns of 

the input images, leading to biologically coherent outputs across varied 
inputs. To demonstrate the flexibility of our approach, we performed res-
olution enhancement along the Z-axis by prime factors of 7, as shown in 
Figs. 19 and 20. This builds upon the strategy used in the other datasets, 
further demonstrating the arbitrary nature of resolution enhancement 
achieved with our model. The ability to enhance resolution using 
unconventional prime factors, as opposed to common practices like
doubling or tripling, underlines the effectiveness of our method in gen-
erating high-quality images.

Fig. 21 shows the resolution enhancement of a different OpenNeuro 
patient, where the resolution is increased by a factor of 5. This enhance-
ment demonstrates the flexibility of our approach, which allows for ar-
bitrary resolution scaling, not limited to conventional factors like 2 or 
3. In this case, the increase by a factor of 5 highlights how the model 
preserves the biological consistency of the original image while enrich-
ing the detail and clarity. Despite the increased resolution, our method 
ensures that important structural features of the brain are maintained, 
which is crucial for medical imaging applications. The enhanced im-
age demonstrates a significant improvement in clarity, with finer details 
becoming visible while avoiding the fading or distortion often seen in 
traditional resolution enhancement methods.

Fig. 22 presents the comparative analysis for the FLAIR images from 
the OpenNeuro dataset. This modality is particularly useful for high-
lighting hyperintense lesions and subtle pathological changes in the 
brain, making it essential for evaluating the capacity of the model to 
preserve clinically relevant features during interpolation and super-
resolution. As observed in previous datasets, our method (SR with 
SI (ours)) clearly outperforms the baseline and competing methods 
by maintaining greater anatomical coherence, reducing blurring, and
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Fig. 19. Resolution enhanced by a factor of 7 for one of the OpenNeuro patients, showing the robustness of our method in maintaining biological consistency across 
different parts of the brain. Our results are presented in the top row, while the baseline results are in the bottom row. The red-marked region shows how, with the 
baseline method, the image to the left fades progressively into the image to the right, while our method preserves coherence in structure and intensity.

Fig. 20. Resolution enhanced by a factor of 7 for another OpenNeuro patient. The top row shows our results, while the bottom row shows the baseline results. The 
region marked in red highlights how our method maintains biological consistency and reduces the fading effect seen in the baseline approach, even with an increased 
resolution factor.

Fig. 21. Resolution enhanced by a factor of 5 for another OpenNeuro patient. We can appreciate that biological coherence is maintained despite changing the 
super-resolution factor and the dataset. We obtain results that are very comparable to those of OASIS and ATLAS despite the variety in the datasets.

preserving the contrast of hyperintense regions throughout the inter-
polated slices. Unlike the competing methods, which tend to introduce
noticeable artifacts and loss of structural integrity due to pixel-space in-
terpolation, our approach, through latent space interpolation, ensures 
smooth transitions and the preservation of critical lesion information. 
This confirms the robustness of our method when dealing with the par-
ticular challenges of FLAIR imaging, ensuring that both tissue integrity 
and pathological areas are accurately maintained across the interpolated 
volume.

3.5.4.  Qualitative evaluation on BraTS
In this section, we perform a qualitative analysis of the proposed 

method on the BraTS dataset, with a particular focus on assessing its 
ability to preserve structural coherence in tumor lesions. Given the clin-
ical relevance of accurately maintaining the morphology and boundaries 
of pathological regions, this evaluation aims to visually verify that the 
super-resolved and interpolated slices remain consistent and anatomi-
cally plausible in areas affected by tumors. To introduce variability into 
the analysis and ensure a comprehensive assessment, we focus specif-
ically on two distinct MRI modalities within the BraTS dataset: T2-
weighted and FLAIR images. These modalities provide complementary 
information about tissue characteristics and lesion visibility, allowing us 
to explore the robustness of the method across different contrast profiles 
and pathological presentations.

In the T2-weighted sequences, we observe that the model success-
fully preserves both the hyperintense regions corresponding to tumor 
areas and the surrounding white matter, maintaining continuity and 

coherence across the interpolated slices. In particular, the model ac-
curately reconstructs the characteristic hyperintense signals of peritu-
moral edema and infiltrative regions, while also respecting the typical 
contrast between the white matter and gray matter, which is essential 
for preserving the anatomical integrity of the brain. Moreover, the tran-
sition of tumor margins across the interpolated slices remains smooth 
and consistent, preventing the appearance of artificial discontinuities 
or distortions between adjacent slices. This is particularly relevant in 
BraTS data, where accurate representation of tumor boundaries, lesion 
morphology, and surrounding white matter structures is essential for 
clinical interpretation.

These observations are visually confirmed in Figs. 23 and 24, which 
show examples of interpolation in T2-weighted images with 𝑛 = 11 and 
𝑛 = 5, respectively. In both cases, the generated slices exhibit clear 
preservation of tumor regions, including their shape and intensity, as 
well as stable reconstruction of the white matter across the interpo-
lated volume. This highlights the model’s ability to generate high-
quality anisotropic reconstructions while respecting clinically relevant
features.

It is important to highlight that Fig. 25 presents the comparative 
analysis specifically for the T2-weighted images from the BraTS dataset. 
This modality is particularly relevant for evaluating the preservation 
of fine anatomical structures and tumor-related abnormalities. In this 
context, our method (SR with SI (ours)) achieves superior performance 
by maintaining the continuity of the white matter and the integrity of 
hyperintense tumor regions across the interpolated slices. In contrast, 
the competing methods, which rely on pixel-space interpolation, exhibit 
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Fig. 22. Comparative analysis of super-resolution with slice interpolation on a FLAIR-weighted MRI from the OpenNeuro dataset. Our method (SR with SI (ours)) 
preserves the coherence of hyperintense lesions and surrounding brain structures more effectively than the baseline and competing approaches, which suffer from 
blurring and loss of detail due to pixel-space interpolation.

Fig. 23. Example of T2-weighted MRI slice interpolation with 𝑛 = 11. The model preserves tumor regions and surrounding white matter with high structural 
consistency.

Fig. 24. Example of T2-weighted MRI slice interpolation with 𝑛 = 5. Tumor boundaries and white matter remain well-defined and anatomically plausible.
noticeable artifacts such as blurring, loss of structural definition, and
inconsistencies in the representation of critical regions. These differ-
ences emphasize the effectiveness of latent space interpolation in pre-
serving biologically meaningful details and ensuring coherent transi-
tions between slices, which are essential for accurate clinical interpre-
tation.

As can be observed in (Fig. 26), in the FLAIR sequences, the model 
demonstrates a strong ability to reserve the hyperintense regions typ-
ically associated with tumor-related edema and necrotic cores, which 
are particularly well-visualized in this modality. FLAIR images are es-
sential for highlighting fluid-attenuated abnormalities, and our method 
maintains the integrity of these pathological areas throughout the inter-
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Fig. 25. Comparative analysis of different super-resolution algorithms with slice interpolation methods on a T2-weighted MRI from the BraTS dataset with 𝑛 = 3. 
Our method (SR with SI (ours)) achieves superior anatomical coherence, preserving both tumor boundaries and white matter structures with greater continuity and 
biological plausibility than competing approaches, which suffer from blurring and loss of structural definition due to pixel-space interpolation.

Fig. 26. Example of FLAIR MRI slice interpolation with 𝑛 = 11. The model preserves hyperintense tumor areas and surrounding tissue contrast, ensuring consistent 
representation of edema and necrotic regions across interpolated slices.

polated slices. Specifically, we observe that the interpolated slices ac-
curately reconstruct the extent and intensity of the peritumoral edema, 
ensuring that the lesion remains spatially coherent and morphologically 
consistent across the generated volume. Additionally, the surrounding 
brain tissue retains its structural fidelity, with no evidence of artificial 
blurring or deformation introduced during the interpolation process.

3.5.5.  Medical validation through radiologist assessment
To ensure the clinical relevance and anatomical correctness of our 

proposed method, four expert radiologists conducted a qualitative eval-
uation. The evaluation consisted of a blind survey, conducted in a simi-
lar fashion as the blind survey shown in Table 1 of the study by Khader 
et al. (2023), where radiologists assessed different sets of generated im-

ages without prior knowledge of the method used to generate them. In 
the assessment of our proposal, each dataset consisted of a sequence of 
10 interpolated slices for one sample of the ATLAS dataset to evaluate 
the realism and consistency of the generated images. Each dataset was 
evaluated based on the following three criteria, and each question was 
scored using four levels: Very Bad, Bad, Good, and Very Good.

• Q1 - Realistic image appearance: Assesses whether the generated im-
ages resemble realistic MRI scans.

• Q2 - Consistency between slices: Evaluates the degree of coherence 
between consecutive slices.

• Q3 - Anatomic correctness: Determines whether the anatomical 
structures are realistically preserved.
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Table 5 
Most common radiologist evaluation scores for different super-resolution
methods.
    Q1 Q2 Q3  
  Method  Realism Slice 

Consistency
Anatomic 
Correctness

 

  SR with SI (ours)  Good Good Good  
  SR with SI (baseline)  Good Good Good  
  Bicubic SR with Autoencoder  Bad, Good Bad Bad, Good  
  SRGAN SR with Linear SI  Bad Good Bad  
  WDSR SR with Linear SI  Bad Bad, Good Bad  

The results of the survey are shown in Table 5, highlighting several 
key advantages of our LDM-based approach:

• Strong realism: Our method consistently achieved high ratings in 
image realism (Q1), reinforcing the ability of latent diffusion mod-
els to generate MRI scans with convincing textures and contrast. This 
suggests that our approach effectively reconstructs anatomical struc-
tures with a natural appearance, closely resembling real medical im-
ages.

• Excellent slice consistency: LDM received one of the highest rat-
ings in slice consistency (Q2), significantly outperformed WDSR, 
which exhibited notable inconsistencies between slices. This result 
confirms the effectiveness of latent space interpolation in generating 
smooth and coherent transitions across consecutive slices, which is 
essential for maintaining anatomical continuity in 3D medical imag-
ing.

• Good anatomical correctness with room for refinement: While 
the baseline approach received high ratings in anatomic correctness 
(Q3) as well, our method remains highly competitive. The ability of 
LDM to generate detailed, structurally coherent images makes it a 
strong alternative for super-resolution in MRI, as highlighted in Sec-
tion 3.5. However, a slight drawback is that, while LDM effectively 
reduces the gradient artifacts common in pixel-space interpolation, 
it may introduce subtle blurring or minor losses in fine anatomi-
cal details. Future refinements could enhance the trade-off between 
smooth transitions and high-fidelity anatomical preservation.

Although our LDM-based approach already demonstrates strong per-
formance, future work will focus on improving anatomical accuracy to 
match or even exceed the baseline. Refinements may include adjusting 
the loss function to emphasize structure-aware reconstructions, integrat-
ing additional medical priors, and optimizing model conditioning tech-
niques to reinforce anatomical fidelity. The validation results confirm 
that LDM-based super-resolution is a highly promising strategy for med-
ical imaging, offering an optimal balance between realism, coherence, 
and resolution enhancement. With further improvements, this approach 
has the potential to become a leading solution for high-quality MRI re-
construction, enabling clinicians to access sharper, more reliable images 
for improved diagnostic accuracy.

3.6.  Comparison of sampling hyperparameters

To better understand the trade-offs between sampling speed and re-
construction quality, we conducted an extensive evaluation of different 
sampling strategies, timesteps (𝑇 ), and 𝜂 values on the BraTS dataset, 
which contains a wide variety of different MRI modalities. Table 6 sum-
marizes the results obtained with both DDIM and PLMS samplers under 
varying configurations, providing insight into how these hyperparam-
eters impact both performance and computational cost in a clinically 
relevant setting involving heterogeneous MRI contrasts.

As shown in Table 6, we selected DDIM with 𝜂 = 1 and 𝑇 = 200 for 
our experiments, as this configuration provides results that indicate that 
this setting consistently yields high PSNR and SSIM values while keep-
ing LPIPS low, ensuring perceptual similarity with ground truth images. 

Table 6 
Comparison of sampling strategies with different timesteps (𝑡𝑠𝑡𝑒𝑝𝑠), 𝜂 values for 
DDIM, and corresponding performance metrics.
    Sampler 𝑡𝑠𝑡𝑒𝑝𝑠 𝜂  PSNR  SSIM  LPIPS Sampling 

Time (s)
 

  PLMS  100  –  27.4515  0.7192  0.0819 23.13  
  PLMS  150  –  28.0942  0.7394  0.0782 37.40  
  PLMS  200  –  28.0118  0.7251  0.0727 44.73  
  PLMS  250  –  29.2369  0.7455  0.0544 55.90  
  DDIM  100  0  27.9646  0.7217  0.0782 22.26  
  DDIM  100  0.25  30.2048  0.7790  0.0529 22.26  
  DDIM  100  0.5  32.4182  0.8358  0.0536 22.23  
  DDIM  100  0.75  32.7358  0.8518  0.0595 22.24  
  DDIM  100  1  32.8052  0.8559  0.0615 22.23  
  DDIM  150  0  29.0160  0.7410  0.0580 37.16  
  DDIM  150  0.25  30.4254  0.7857  0.0523 37.14  
  DDIM  150  0.5  32.4636  0.8374  0.0518 37.15  
  DDIM  150  0.75  32.7680  0.8530  0.0590 37.15  
  DDIM  150  1  32.7918  0.8561  0.0613 37.17  
  DDIM  200  0  28.4125  0.7326  0.0722 44.49  
  DDIM  200  0.25  29.9471  0.7727  0.0539 44.47  
  DDIM  200  0.5  32.3648  0.8348  0.0516 44.52  
  DDIM  200  0.75  32.7229  0.8527  0.0578 44.50  
  DDIM  200  1  32.8488  0.8568  0.0610 44.50  
  DDIM  250  0  28.0914  0.7280  0.0770 55.63  
  DDIM  250  0.25  30.8325  0.7874  0.0473 55.63  
  DDIM  250  0.5  32.4049  0.8359  0.0517 55.63  
  DDIM  250  0.75  32.6989  0.8512  0.0586 55.65  
  DDIM  250  1  32.7807  0.8563  0.0601 55.63  

Specifically, setting 𝜂 = 1 introduces stochasticity into the sampling pro-
cess, which helps improve the diversity and robustness of the gener-
ated outputs while maintaining stable and high-quality reconstructions. 
Additionally, using 𝑇 = 200 timesteps ensures a sufficiently gradual de-
noising trajectory to preserve fine anatomical details without incurring 
excessive computational costs. This combination is particularly advan-
tageous in medical imaging scenarios where both structural detail and 
variability across samples are important considerations.

We opted for DDIM over PLMS as it provides greater flexibility 
through the 𝜂 parameter, allowing control over the stochasticity of the 
sampling process. This is particularly advantageous when aiming to bal-
ance diversity and reconstruction quality, whereas PLMS, although ef-
fective for fast and stable sampling with fewer steps, is fully determinis-
tic and less adaptable to different noise schedules and clinical scenarios 
requiring variability in outputs.

3.7.  Computational efficiency

Under the experimental conditions described in Section 3.1, we eval-
uate the computational efficiency of our method using the BraTS dataset. 
One of the key advantages of our method lies in its linear computational 
complexity with respect to the number of interpolated slices when in-
creasing anisotropic resolution. This is because the DDIM sampling pro-
cess, which transforms random noise into a latent representation, op-
erates with constant complexity regardless of the interpolation factor. 
Consequently, the only component that scales with the number of in-
terpolated slices is the linear interpolation step itself, making the over-
all process highly efficient and predictable as resolution requirements 
grow.

For the super-resolution process, the total sampling time varies ac-
cording to the isotropic resolution multiplication factor 𝑛 + 1, where n is 
the number of interpolated slices. To illustrate this, we analyze the case 
of a representative patient from the dataset, where the original MRI vol-
ume dimensions are 64 × 64 × 155.

For this specific BraTS patient, the total sampling times obtained 
were:

• 𝑛 = 10: Total sampling time of 95.92 seconds.
• 𝑛 = 4: Total sampling time of 72.58 seconds.
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• 𝑛 = 2: Total sampling time of 69.16 seconds.

It is important to note that the computational cost of the method is 
mainly concentrated in the sampling process, as this phase involves the 
iterative denoising required to generate the latent representation from 
noise. Despite this, the GPU memory usage has remained stable across 
all generations, with a consistent consumption of 5.82 GB as the max 
usage. This stability further highlights the scalability and efficiency of 
our approach, making it particularly suitable for applications involv-
ing large volumetric medical datasets and high-resolution anisotropic 
reconstructions.

4.  Discussion

The proposed methodology establishes a way to learn a latent space 
within a deep-learning diffusion model that is topologically meaningful. 
That is, small distances in the latent space translate to small variations 
in the represented image. More importantly, the images represented by 
the intermediate points in the latent space are valid, realistic magnetic 
resonance images. Critically, this intrinsic topological property of the 
learned latent space enables the employment of interpolation in such a 
space. Consequently, continuous and smooth interpolation is effectively 
attained, which enables arbitrarily large or fractional zoom levels, with 
stable results. This capability is out of reach for most previous super-
resolution deep learning models, which must be trained for a specific 
zoom factor. The range of application of the proposed methodology ex-
tends well beyond the MRI domain because it can be applied to other 
kinds of images, medical or not, which form manifolds within the space 
of all possible images.

From a clinical perspective, the proposed method offers a set of prac-
tical and impactful contributions that extend beyond its computational 
and algorithmic strengths. In real-world diagnostic settings, particularly 
within public healthcare systems or regions with limited access to high-
end imaging infrastructure, professionals often work with outdated MRI 
scanners, limited hardware acceleration, and increasingly saturated pa-
tient schedules. Our latent diffusion model addresses these challenges 
by providing a means to enhance the resolution of volumetric MRI data 
without increasing scan times or imposing additional technological re-
quirements.

The proposed method allows for spatial resolution enhancement in 
all three axes by generating inter-slice content, while simultaneously 
increasing intra-slice detail. This dual improvement makes it possible 
to recover fine-grained anatomical structures (such as subtle lesions, 
boundary transitions, and tissue variations) that are frequently compro-
mised in fast or low-resolution acquisitions. Such reconstruction quality 
is of particular importance in clinical disciplines like neurology, oncol-
ogy, and radiology, where early and accurate identification of structural 
anomalies has a direct impact on diagnosis and treatment decisions. 
Moreover, the model’s computational efficiency and reduced memory 
requirements enable deployment not only on high-performance GPU 
clusters but also on mid-tier hospital workstations or cloud-based sys-
tems with scalable resources. This is a key feature for enabling wider 
adoption, especially in hospitals where upgrading imaging hardware 
is logistically or financially unfeasible. In such contexts, our approach 
can be positioned as a software-level enhancement tool that extends the 
lifespan of existing MRI equipment, maintaining or even improving di-
agnostic performance over time.

An equally important clinical consideration is the preservation of 
anatomical fidelity. Our qualitative assessments show that the model 
maintains biological plausibility and avoids common artifacts intro-
duced by some generative techniques, such as oversmoothing or hal-
lucinated detail. This characteristic is crucial for building clinical trust 
and ensuring that the enhanced images support, not hinder, medical 
decision-making. Preliminary feedback from radiologists has also con-
firmed the clinical plausibility of the reconstructed images, reinforcing 
the model’s potential for real-world diagnostic use.

Beyond static MRI use cases, the general framework of this method 
opens possibilities for adapting the same principles to dynamic or multi-
modal clinical scenarios. For instance, the interpolation strategy in the 
latent space could be extended to improve resolution in time-dependent 
sequences, such as functional MRI (Ota et al., 2022) or videofluo-
roscopy (Kim, Choi, Kim, & Shin, 2024). Similarly, the method may 
be adapted for integration with radiomics pipelines (Xing et al., 2024), 
where improved spatial granularity can increase the predictive power of 
extracted features. While these results are promising, further validation 
using private clinical datasets that reflect a wider range of real-world 
variabilities could help strengthen the method’s clinical applicability 
and generalizability. Additionally, this work focused on MRI; the appli-
cation of the method to CT, ultrasound, or even PET images remains an 
exciting avenue to explore. Future work will concentrate on expanding 
the clinical validation through direct integration in radiological work-
flows.

5.  Conclusions

The research presented demonstrates a significant advancement in 
the field of medical imaging, particularly in enhancing the resolution 
of 3D brain images using a Latent Diffusion Model (LDM). By generat-
ing between slices along one of the image axis, this method effectively 
increases the density of data points in the image, capturing fine details 
that are often missed in traditional imaging techniques, additionally, 
it has the added value of enhancing the resolution of each individual 
slice, thereby increasing the resolution of the entire volume across all 
axes. This breakthrough has the potential to revolutionize the way med-
ical professionals visualize and analyze brain structures, offering a more 
detailed and accurate representation than ever before. In addition, the 
resolution can be increased by any factor, which is the most notable de-
velopment. The utilization of several datasets underscores the versatility 
and robustness of the LDM, proving its efficacy across different cohorts 
and imaging modalities.

Quantitative and qualitative evaluations of the proposed framework 
against baseline and competitor models reveal its superior performance 
in generating high-quality, biologically plausible images with mini-
mized sharp transitions in grayscale and enhanced structural fidelity. 
The remarkable consistency observed in the generated images across 
both datasets highlights the model’s ability to learn and replicate com-
plex anatomical features, ensuring that the enhanced images remain true 
to the original data.

The model has been validated quantitatively with metrics such as 
SSIM, PSNR, and LPIPS. Additionally, the comprehensive qualitative 
analysis reveals that the images generated by our method exhibit an 
extraordinary fidelity to biological structures alongside a noticeable de-
crease in abrupt grayscale transitions. This aspect is of critical impor-
tance in medical imaging, where the precise depiction of anatomical de-
tails can directly impact the diagnostic process and subsequent clinical 
decisions.

From the clinical and operational perspectives, the proposed Latent 
Diffusion Model addresses critical issues in medical imaging practice 
by significantly extending the functional lifespan of existing MRI equip-
ment through enhanced spatial and temporal resolutions. This model ef-
fectively mitigates the need for frequent hardware upgrades, providing 
healthcare institutions with an economically viable strategy to main-
tain diagnostic excellence while optimizing resource use. Additionally, 
by dramatically reducing MRI acquisition times and consequently pa-
tient waiting lists, it directly contributes to improved patient outcomes 
through more timely diagnoses. Moreover, the compatibility of this ad-
vanced image reconstruction technique with cloud-based computing in-
frastructures offers an attractive solution to overcome limitations posed 
by legacy on-premise computing systems. Cloud deployment not only 
provides the scalability and flexibility necessary for computationally de-
manding tasks inherent to modern AI frameworks, such as PyTorch, but 
also ensures predictable resource utilization and cost-efficiency. Thus, 
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the clinical integration of latent diffusion models represents a practical, 
sustainable advancement, enabling healthcare providers to deliver supe-
rior diagnostic imaging capabilities without substantial infrastructural 
overhaul.

Despite these positive results, certain limitations open the door to 
further enhancements. While the four datasets used offer diversity in 
modality and acquisition parameters, future validations should include 
private clinical data from ongoing hospital collaborations to capture 
variability typical of real diagnostic cases.

5.1.  Future work

The successful implementation of this method heralds new possibili-
ties for research and practical applications in sectors where image reso-
lution acts as a critical bottleneck. In the context of medical imaging, for 
example, our approach can significantly enhance diagnostic accuracy by 
providing healthcare professionals with images of superior resolution, 
thereby enabling the identification of minute details crucial for detect-
ing abnormalities. However, there are still many possible avenues for 
future work, such as modeling median noise (Thurnhofer-Hemsi, López-
Rubio, Roé-Vellvé, & Deka, 2020a) and Rician noise (Maza-Quiroga, 
Thurnhofer-Hemsi, López-Rodríguez, & López-Rubio, 2021), frequent in 
MRI data, in order to minimize noise artifacts. Another avenue for fu-
ture research is the optimization of the training process, for example 
studying the application of progressive learning techniques to stream-
line the training process and thus improve the resulting topology of the 
latent space, scheduling across training time the resolution of the spa-
tial features in the training images (Wang et al., 2024b) and the number 
of layers to be trained (Li et al., 2024, 2022). Our proposal may also 
be applied to other types of volumetric medical data, such as 3D ultra-
sound imaging or the various kinds of Computed Tomography scans. 
More generally, it may be applied not only to volumetric data but also 
to medical 2D video sequences by interpolating 2D video frames along 
the time domain, for example in videofluoroscopy tests.
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