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Abstract
Cardiac magnetic resonance imaging (cardiac MRI) provides detailed information about cardiac anatomy and function, but

analysing a large number of images can be time-consuming when performed manually. Deep learning methods, particularly con-
volutional neural networks (CNNs), are widely used for automated medical image analysis. This paper provides an overview of
CNNs and their applications in cardiac MRI analysis, with a focus on cardiac image segmentation. The paper first presents the
basic principles of CNNs, including convolution, pooling and activation functions, followed by a discussion of U-Net and its use
in biomedical image segmentation. Applications of CNNs in cardiac MRI, including cardiac structure segmentation, disease clas-
sification and quantitative assessment, are also discussed. Recent developments such as 2D and 3D CNNs, attention mechanisms
and hybrid CNN-Transformer architectures are presented. The paper also discusses current challenges, including limited annotated
datasets, differences between imaging settings, generalization, interpretability and clinical validation. Overall, CNNs remain im-
portant tools for cardiac MRI analysis, while recent research is exploring more robust models that can be applied across different
clinical settings.
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1. Introduction

Cardiac magnetic resonance imaging (cardiac MRI) is a medical imaging technique that can be used
to evaluate the anatomy and function of the heart. Different MRI sequences can provide information about
cardiac structures, motion and function. Cine MRI is particularly useful for assessing cardiac motion and
ventricular function (Tao et al., 2019; Chen et al., 2020).

Analysing cardiac MRI images manually can be time-consuming and depends on the experience of the
specialist. This can become difficult when a large number of images and cardiac structures need to be anal-
ysed. Manual segmentation can be used to obtain measurements such as ventricular volumes and ejection
fraction, but the process requires considerable time and effort. Therefore, there is a need for automated
methods (Chen et al., 2020; Bernard et al., 2018).
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Computer vision can be used to analyse medical images and identify relevant structures or patterns.
Deep learning allows the model to learn relevant features directly from the images instead of relying on
manually selected features. Convolutional neural networks (CNNs) are particularly suitable for image anal-
ysis because they can learn spatial features through convolutional operations. For this reason, CNNs have
been widely used in medical imaging, including cardiac MRI analysis (LeCun et al., 2015; Litjens et al.,
2019).

In cardiac MRI, CNN-based methods have been applied to several tasks, including cardiac structure
segmentation, disease classification and quantitative assessment. Segmentation is particularly important
because it can provide the anatomical information needed for further analysis, such as the calculation of
ventricular volumes and cardiac function (Chen et al., 2020; Bernard et al., 2018).

This paper provides an overview of CNNs and their applications in cardiac MRI, with a focus on image
segmentation and recent developments. The paper first presents the basic concepts of CNNs and their main
components, followed by an overview of their applications in cardiac MRI. Recent developments, includ-
ing U-Net variants, attention mechanisms and CNN-Transformer hybrid architectures, are also discussed.
Finally, the paper briefly addresses current challenges related to generalization, explainability and clinical
use.

2. Cardiac MRI

2.1. Cardiac Magnetic Resonance Imaging

Cardiac magnetic resonance imaging (cardiac MRI/CMR) is a non-invasive imaging technique that
provides detailed images of cardiac anatomy and function. Different MRI sequences can provide different
types of information. Cine MRI is particularly important for assessing cardiac motion and ventricular
function (Tao et al., 2019). Cardiac MRI images can be analysed manually, but this can be time-consuming,
especially when many images need to be examined. These limitations have created an important motivation
for the development of automated methods based on deep learning (Chen et al., 2020; Bernard et al., 2018).

2.2. Main Cardiac Structures

The heart has four chambers: the left atrium, right atrium, left ventricle (LV), and right ventricle (RV).
The myocardium represents the muscular wall of the heart. For cardiac MRI segmentation, the ventricles
and myocardium are particularly important, although other structures can also be analysed depending on
the specific task (Chen et al., 2020).

2.3. Why Automated Analysis Is Useful

Manual analysis of cardiac MRI images can be time-consuming and requires considerable expertise,
especially when multiple images and cardiac structures need to be analysed. Automated methods can reduce
the amount of manual work and can provide more consistent measurements when analysing large datasets.

CNN-based methods can automatically identify cardiac structures and generate segmentation maps from
MRI images. These segmentations can then be used to obtain quantitative information such as ventricular
volumes and ejection fraction. For example, Tao et al. showed that deep learning-based segmentation can
be used for the automatic quantification of left ventricular function from cine MRI (Tao et al., 2019).

CNNs can therefore be used for more than image segmentation. They can also support quantitative
assessment and, in some cases, disease classification. The ACDC challenge demonstrated the potential of
deep learning for both cardiac structure segmentation and pathology classification (Bernard et al., 2018).
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Figure 1. Main cardiac structures in a cardiac MRI image. Source: Created by the authors using BioRender.

Figure 2: Example of a cardiac magnetic resonance image and corresponding segmentation of the left ventricle, left ventricular
myocardium and right ventricle. Adapted and rearranged from Schilling et al. (Schilling et al., 2024), licensed under CC BY 4.0.
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3. Convolutional Neural Networks

3.1. Basic CNN Architecture
Deep learning relies on computational models composed of multiple processing layers that learn rep-

resentations of data at different levels of abstraction. Convolutional neural networks (CNNs) are a class
of deep learning architectures that have demonstrated effectiveness in processing spatially structured data,
such as images and videos. Unlike traditional approaches that rely heavily on manually designed features,
deep learning models can learn relevant representations directly from the input data (LeCun et al., 2015).

CNNs exploit the local structure of images through convolutional operations, allowing the network to
learn spatial features. A conventional CNN consists of an input layer, a sequence of convolutional and
pooling operations, and an output stage that produces predictions according to the target task (Chen et al.,
2020).

Figure 3: Simplified workflow of a convolutional neural network for image analysis. Source: Created by the authors using AI-
assisted image generation.

Through successive convolutional layers, CNNs learn hierarchical representations of the input image.
Each convolutional layer applies multiple learnable filters to the input and produces corresponding feature
maps (Chen et al., 2020).

3.2. Convolution Operation
The convolution operation is the fundamental operation of a CNN architecture. During this operation, a

learnable filter (kernel) is moved across the input image or feature map. The values of the input region are
multiplied by the corresponding filter weights and summed, producing a new value at each position in the
output feature map (Chen et al., 2020).

Y(i, j) =

M−1∑
m=0

N−1∑
n=0

X(i + m, j + n)K(m, n) (1)

where X represents the input image or feature map, K the convolutional kernel of size M ×N, and Y the
resulting feature map.

Different filters can learn to detect different visual patterns in the input. These patterns may correspond
to simple features, such as edges and contours, in earlier layers, whereas filters in deeper convolutional
layers can learn increasingly complex structures. The filters are learned automatically by the model during
the training process from the available data (LeCun et al., 2015; Chen et al., 2020).
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3.3. Pooling and Activation Functions

Pooling operations are used in CNNs to reduce the spatial dimensions of feature maps and retain the
most relevant information. This process reduces the computational cost and can also contribute to more
robust feature representations. Max pooling is a common pooling operation, where the maximum value
within a defined local region is selected.

Activation functions introduce non-linearity into the network, allowing CNNs to learn more complex
relationships from the input data. One example is the Rectified Linear Unit (ReLU), which is defined as
f (x) = max(0, x) (Chen et al., 2020).

3.4. CNNs for Image Segmentation

Image segmentation is the process of assigning a class label to individual pixels or voxels. In contrast,
image classification assigns a single label to the entire image. This distinction is important in medical
imaging, where the precise localization of anatomical structures is often required. CNNs can be adapted
for segmentation by replacing the final classification layers with fully convolutional structures that preserve
spatial information and produce pixel-wise predictions (Chen et al., 2020).

CNN-based segmentation has been applied extensively in cardiac MRI to automatically delineate car-
diac structures, including the left ventricle, right ventricle, and myocardium. These approaches need to
combine high-level contextual information with precise spatial details to accurately identify anatomical
boundaries. The ACDC challenge demonstrated the potential of deep learning methods for automated
multi-structure cardiac MRI segmentation, achieving high agreement with expert-derived measurements
(Bernard et al., 2018). This has contributed to the development and adoption of architectures such as U-Net
for biomedical image segmentation (Ronneberger et al., 2015).

3.5. U-Net

U-Net is a convolutional neural network designed for biomedical image segmentation and was intro-
duced by Ronneberger et al. The architecture follows an encoder-decoder pattern and is formed by two
paths: a contracting path that extracts features from the input image and an expanding path that gradually
restores the spatial resolution of the feature maps. The contracting path forms the encoder, and the expand-
ing path forms the decoder. The decoder progressively restores the spatial resolution and produces the final
segmentation map (Ronneberger et al., 2015).

One of the key features of the U-Net architecture is the use of skip connections between the layers of
the encoder and decoder. These connections transfer feature maps from the encoder to the decoder, helping
to preserve spatial details. This process allows the network to combine contextual information with more
precise spatial information when generating the final segmentation (Ronneberger et al., 2015).

For example, U-Net can be used to segment the left ventricle in a cardiac MRI image. In the contracting
path, the network reduces the spatial dimensions of the image and extracts features related to the ventricle
and its surroundings. In the expanding path, the spatial resolution is gradually restored. The skip con-
nections bring higher-resolution information from the earlier layers, which helps the network preserve the
ventricular boundaries. The final output is a segmentation map in which the left ventricle is separated from
the surrounding tissue.

U-Net has been widely applied to cardiac MRI segmentation, particularly for the segmentation of struc-
tures such as the left ventricle, right ventricle, and myocardium. Its relatively simple architecture and ability
to produce detailed pixel-wise predictions have made it a common choice for cardiac MRI segmentation ap-
proaches (Chen et al., 2020).
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Figure 4: Simplified U-Net architecture showing the encoder, bottleneck, decoder and skip connections. Source: Created by the
authors using AI-assisted image generation.

4. Applications of CNNs in Cardiac MRI

4.1. Cardiac Image Segmentation

Cardiac image segmentation is an important first step for many cardiac imaging applications. It is the
process of dividing an image into anatomically meaningful regions. In cardiac MRI, the main structures of
interest include the left ventricle (LV), right ventricle (RV), and myocardium. The resulting segmentation
maps can also be used to extract quantitative measures such as ventricular volumes, myocardial mass, wall
thickness, and ejection fraction (Chen et al., 2020).

CNNs can learn the visual features required to distinguish different cardiac structures and generate
segmentation maps. Fully convolutional networks (FCNs) and U-Net-based architectures are among the
most used approaches for cardiac image segmentation (Chen et al., 2020).

A well-known example is the Automated Cardiac Diagnosis Challenge (ACDC). The ACDC dataset
contains 150 multi-equipment cardiac MRI recordings with reference measurements and expert annotations.
The challenge focused on the automatic segmentation of the LV cavity, myocardium, and RV, as well as the
classification of cardiac pathologies. The ACDC results showed that deep learning methods can support the
automatic extraction of clinical indices and cardiac MRI analysis (Bernard et al., 2018).

4.2. Cardiac Disease Classification

Classification is the process of assigning an image or examination to a specific class. CNNs can also
be used to classify cardiac MRI images according to predefined pathological categories. CNNs can learn
image features associated with different cardiac conditions and use these features to distinguish between
different groups.

The ACDC challenge also included a classification task in which cardiac MRI examinations were di-
vided into five groups: normal subjects, previous myocardial infarction, dilated cardiomyopathy, hyper-
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trophic cardiomyopathy, and abnormal right ventricle. The results also demonstrated the potential of deep
learning for automated cardiac pathology classification (Bernard et al., 2018).

4.3. Quantitative Assessment

The segmentation of cardiac structures can also be used to obtain quantitative information about cardiac
function. From the segmentation maps, parameters such as left ventricular end-diastolic volume (LVEDV),
left ventricular end-systolic volume (LVESV), ejection fraction (EF), and myocardial mass can be calcu-
lated. These measurements are commonly used to assess cardiac function and can be obtained automatically
from cardiac MRI images using deep learning-based segmentation methods (Chen et al., 2020).

A study by Tao et al. used a CNN-based approach for the automatic quantification of left ventricular
function from cine cardiac MRI. The study used data from four medical centres and three MRI vendors and
showed that the use of more diverse training data can improve the robustness of automatic LV quantification
across different imaging settings (Tao et al., 2019).

Table 1. Representative Dice scores reported on major cardiac MRI segmentation benchmarks.
Dataset Structure Dice Evaluation context
ACDC LV 0.967 (ED), 0.928 (ES) Official leaderboard
ACDC RV 0.946 (ED), 0.904 (ES) Official leaderboard
ACDC Myocardium 0.896 (ED), 0.919 (ES) Official leaderboard
M&Ms LV + Myocardium + RV 0.8813 overall Multi-centre, multi-vendor

Reported Dice scores are provided as reported by the respective benchmarks and should not be interpreted as directly
comparable across challenges, since the datasets, evaluation protocols, and testing conditions differ.

4.4. Other Applications

CNNs and other deep learning approaches have also been applied to other cardiac MRI tasks beyond
segmentation and classification. One important application is MRI reconstruction, where deep learning
methods can be used to reconstruct images from undersampled data and potentially reduce acquisition time.
Other applications include image enhancement, flow imaging, late gadolinium enhancement, and tissue
characterization. These applications show that deep learning can be used at different stages of the cardiac
MRI workflow, from image reconstruction to the analysis of cardiac structures and tissue (Oscanoa et al.,
2023).

5. Current State of Research

5.1. CNN and U-Net Variants

As CNNs became more common in image segmentation, research focused on adapting these architec-
tures for more difficult segmentation problems. U-Net has become an important baseline for biomedical
image segmentation, but researchers have developed different U-Net-based variants to improve feature ex-
traction and segmentation performance (Chen et al., 2020).

One direction has been to use pretrained CNN backbones, attention mechanisms and multiscale features
within the U-Net framework. These modifications aim to improve the representation of relevant structures
and retain the encoder-decoder structure of the original U-Net. Despite these developments, U-Net-based
architectures remain important in cardiac MRI segmentation and continue to serve as a baseline for newer
approaches (Aladwani et al., 2026).
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Table 2. Comparison of CNN architectures relevant to cardiac MRI analysis.
Architecture Application Advantages Limitations Computational cost
CNN Classification, fea-

ture extraction
Effective feature learning Limited spatial output Lower than volumetric

models; depends on depth
and resolution

FCN Segmentation Pixel-wise prediction Less precise spatial
boundaries

Depends on feature-map
resolution and depth

U-Net Medical image seg-
mentation

Preserves contextual and
spatial information

Requires labelled data Moderate; skip connec-
tions increase memory
use

3D U-Net Volumetric seg-
mentation

Uses 3D spatial context Higher memory re-
quirements

High memory and com-
putational requirements

5.2. 2D vs. 3D CNNs

CNNs can operate on 2D images or 3D volumes. In cardiac MRI, 2D CNNs process individual im-
age slices, and 3D CNNs process a volume and can use information from neighbouring slices. Three-
dimensional models can therefore capture additional spatial context, but they generally require more com-
putational resources and memory.

In cardiac MRI, 3D approaches can provide additional spatial context, but this does not automatically
lead to better performance. The characteristics of the acquisition, including slice thickness and spatial
resolution, can influence the usefulness of 3D information (Baumgartner et al., 2017). Therefore, a more
complex architecture does not necessarily result in better performance. The choice between 2D and 3D
approaches depends on the imaging data, available training data and computational resources (Baumgartner
et al., 2017; Aladwani et al., 2026).

5.3. Attention Mechanisms

Attention mechanisms allow the network to give more importance to relevant features or regions instead
of treating all information equally. In MRI images, boundaries can be difficult to identify because neigh-
bouring structures may have similar appearances. Attention mechanisms can help the network focus on the
most relevant information.

Sun et al. introduced Stack Attention U-Net (SAUN), which extends the U-Net model by introducing
attention mechanisms and using information from neighbouring slices. This provides additional spatial
context when segmenting cardiac structures. The method was evaluated on the ACDC dataset and showed
good performance for left ventricle segmentation (Sun et al., 2021).

Other studies have also combined attention mechanisms with pretrained CNN backbones, such as
ResNet and DenseNet, in U-Net-based architectures. These approaches represent further modifications of
the standard U-Net architecture aimed at improving feature extraction and segmentation performance. At-
tention mechanisms have therefore become one of the directions explored to improve CNN-based cardiac
MRI segmentation (Das & Das, 2024; Aladwani et al., 2026).

5.4. CNN + Transformer / Hybrid Architectures

CNNs are effective at extracting local spatial features, but their ability to model relationships between
distant regions can be limited. Transformers can capture longer-range dependencies through attention mech-
anisms. Hybrid architectures have therefore been introduced to combine the local feature extraction of
CNNs with the broader contextual information provided by Transformers.
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An example is TF-Unet, which combines a U-Net-based CNN structure with Transformer components
for cardiac MRI segmentation. The method was evaluated on the ACDC dataset and showed the potential
of combining CNN and Transformer architectures (Fu et al., 2022).

Research is also moving towards larger pretrained models that can potentially be adapted to more than
one cardiac MRI task. Such models may support tasks such as segmentation, cardiac function assessment
and disease classification, rather than requiring a separate model for each task. This represents a shift from
task-specific CNNs towards more general-purpose models for cardiac MRI analysis (Aladwani et al., 2026;
Fu et al., 2026).

5.5. Generalization
One of the biggest challenges in cardiac MRI research is that a model can perform very well on the

dataset used for development but perform differently on data from another hospital or scanner. This can be
influenced by various factors, such as different MRI vendors, acquisition protocols, imaging conditions, and
patient populations (Tao et al., 2019; Campello et al., 2021).

The M&Ms challenge was created specifically to study this problem in cardiac MRI segmentation. The
dataset included 375 cardiac MRI datasets acquired from four different scanner vendors, six hospitals, and
three countries. The results showed the importance of testing models on data from unseen vendors and
imaging protocols and highlighted the need for further work to improve generalization (Campello et al.,
2021). Recent research also identifies generalization and external validation as important requirements for
the clinical use of deep learning in cardiac MRI (Aladwani et al., 2026).

5.6. Explainability and Clinical Use
Good performance on a benchmark dataset does not automatically mean that a CNN model is ready to

be used in clinical practice. The model also needs to be tested on external data and under different clinical
conditions. Explainability is another important aspect, as clinicians may need to understand how the model
reached a particular result. The model should also be reliable and fit into the existing clinical workflow.
Recent studies highlight external validation, explainability and robustness as important aspects that need
to be considered before deep learning models can be used in cardiac MRI (Aladwani et al., 2026; van der
Zande et al., 2026).

6. Challenges and Future Directions

The availability of annotated data is one of the main challenges in cardiac MRI analysis. Creating large
annotated datasets is difficult because annotation requires time and expert knowledge. Another challenge
is that a model trained on one dataset may not perform in the same way on data from another centre or
scanner. Model performance can also be influenced by factors such as MRI vendors, acquisition protocols,
image resolution and patient populations. These issues highlight the importance of using larger and more
diverse datasets from different centres (Chen et al., 2020; Skandarani et al., 2021; Campello et al., 2021).

6.1. Class Imbalance and Limited Annotations
Another challenge is class imbalance in cardiac MRI segmentation. The regions of interest, such as

the myocardium and cardiac chambers, occupy substantially smaller areas than the background in many
images. As a result, a model may achieve good overall performance by correctly predicting the background
while performing less accurately on smaller cardiac structures. This issue can affect the training process
and may require appropriate loss functions or sampling strategies to improve the segmentation of smaller
regions.
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6.2. Foundation Models and Self-Supervised Learning

Foundation models and self-supervised learning represent promising directions for reducing the de-
pendence on large manually annotated datasets. Self-supervised approaches can use large collections of
unlabeled cardiac MRI images to learn general image representations before being adapted to specific down-
stream tasks. Foundation models may further support the transfer of learned representations across different
cardiac MRI tasks and datasets. However, their effectiveness in cardiac MRI still depends on the availability
and diversity of suitable pre-training data, as well as on their ability to generalize across scanners, vendors
and acquisition protocols (Liu et al., 2024; Shad et al., 2026).

6.3. Federated Learning

Federated learning is another promising direction for cardiac MRI analysis, particularly when data are
distributed across multiple hospitals. Instead of transferring patient images to a central location, models can
be trained locally and their learned parameters or updates can be shared between participating institutions.
This approach could facilitate the use of larger and more diverse datasets while reducing the need to directly
exchange patient data. Nevertheless, differences between institutions, scanners and acquisition protocols
remain important challenges for federated cardiac MRI analysis (Puyol-Anton et al., 2022; He et al., 2025).

Another important challenge is interpretability and clinical validation. Models can provide good results,
but it can be difficult to understand why a model produces a particular prediction. This is important when
the results may influence clinical decisions.

Moreover, good performance in a controlled environment does not automatically mean that a model is
ready for clinical use. Models require external validation, robustness testing and integration into the clinical
workflow (Aladwani et al., 2026; van der Zande et al., 2026).

Future research is likely to focus on larger and more diverse datasets, hybrid CNN-Transformer archi-
tectures and larger pretrained or foundation models. Improved cross-centre validation and explainable AI
may further support the transition from research to clinical use. Recent large-scale models show the possi-
bility of using one pretrained model for several cardiac MRI tasks, but these approaches still require further
validation (Shad et al., 2026; Fu et al., 2026). The main goal is therefore not only to improve performance
on benchmark datasets, but also to develop models that are reliable and useful in different clinical settings.

7. Conclusions

CNNs have become important tools for cardiac MRI analysis, especially for cardiac image segmen-
tation. They can be used to automatically identify cardiac structures and provide information that can be
further used for quantitative assessment and disease classification.

U-Net and its variants remain important for cardiac MRI segmentation and continue to provide a starting
point for newer approaches.

Recent research has focused on improving these methods through 3D architectures, attention mecha-
nisms and Transformer-based or hybrid architectures.

However, several challenges remain. The availability of annotated data, differences between datasets
and MRI acquisition settings, generalization to new centres and scanners, and clinical validation are still
important problems.

Overall, CNNs remain an important part of cardiac MRI analysis, while current research is moving
towards models that are more robust and can be used across different clinical settings.
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