Biomedical Signal Processing and Control 119 (2026) 109899

Contents lists available at ScienceDirect

Biomedical
Signal Processing
and Control

Biomedical Signal Processing and Control

FI. SEVIER

*.’ |W |

journal homepage: www.elsevier.com/locate/bspc

Deep learning advancements for cardiovascular diseases (CVDs) diagnosis:
Imaging modalities, challenges, and future perspectives

a,b,c

, Haomin Liang?, Ke Zeng®, Tao Wang?, Izhar Uddin*, Jielong Lin ®,

a,b,**

Inayatul Haq
Yan Kang " ©®, Bingding Huang

& School of Artificial Intelligence, Shenzhen Technology University, Shenzhen 518118, China

Y College of Applied Sciences, Shenzhen University, Shenzhen 518060, China

¢ Guangdong Key Laboratory for Biomedical Measurements and Ultrasound Imaging, National-Regional Key Technology Engineering Laboratory for Medical Ultrasound,
School of Biomedical Engineering, Shenzhen University Medical School, Shenzhen 518060, China

4 School of Clinical Medicine, Ningxia Medical University, Yinchuan 750101, China

€ Department of Radiology, The First Affiliated Hospital of Guangzhou Medical University, Guangzhou, China

f College of Health Science and Environmental Engineering, Shenzhen Technology University, Shenzhen 518118, China

ARTICLE INFO ABSTRACT

Keywords:

Deep learning

Cardiovascular diseases

Convolutional and transformer networks
Radiology

Cardiovascular imaging

Cardiovascular diseases (CVDs) remain the leading cause of global mortality and impose a substantial clinical
and socioeconomic burden. Medical imaging plays a central role in assessing cardiac structure, function, and
tissue characteristics. However, conventional image interpretation is limited by operator dependence, variable
image quality, and time-consuming analysis. Deep learning (DL) enables automated, efficient, and reproducible
analysis of cardiovascular images and has become an important tool in this domain. This review presents a
comprehensive and modality-oriented synthesis of DL applications across five major cardiovascular imaging
modalities: echocardiography, coronary CT angiography (CCTA), cardiac magnetic resonance imaging (CMRI),
nuclear imaging (SPECT/PET), and X-ray angiography. We review the main DL architectures, including con-
volutional neural networks, recurrent models, transformer-based networks, graph-based models, hybrid frame-
works, and generative models. Their performance is examined across core tasks such as segmentation,
classification, detection, motion analysis, and functional assessment. The strengths and limitations of these ap-
proaches are summarized for each modality. Beyond modality-specific studies, evidence is integrated to identify
cross-modality methodological trends, transferable design principles, and persistent technical gaps. Major bar-
riers to clinical deployment are discussed, including dataset bias and imbalance, annotation variability, imaging
artifacts, domain shift, limited multimodal integration, high computational cost, and limited interpretability.
Future research directions are outlined, with emphasis on CNN-transformer hybrids, diffusion models, multi-
modal foundation models, federated learning, and explainable artificial intelligence. This review aims to support
the development of robust and clinically reliable DL systems and to facilitate their translation into routine
cardiovascular imaging practice.

1. Introduction

Cardiovascular diseases (CVDs) remain the leading cause of mor-
tality worldwide. According to the World Health Organization, they
account for approximately 17.9 million deaths annually, representing
nearly one-third of global mortality [1]. Besides the high death rate,
CVDs cause long-term disability, reduced quality of life, and significant
economic losses due to healthcare costs and productivity decline [2].
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Global mortality data from 1950 to 2022 illustrate persistent regional
disparities and a sustained rise in the burden of CVDs (Fig. 1) [3].
Conditions such as heart failure, myocardial infarction, and stroke often
lead to chronic complications that necessitate lifelong management [4].
In the United States alone, the combined direct and indirect costs of
CVDs exceed 351 billion USD per year, reflecting substantial healthcare
and social impact [5]. This burden is particularly severe in low- and
middle-income countries, where access to early diagnosis and advanced
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treatment remains inadequate [6].

CVDs include a wide range of conditions affecting the heart and
vasculature, including coronary artery disease (CAD) [7], heart failure
[8], arrhythmias [9], valvular heart disease [10], congenital heart dis-
ease [11], cardiomyopathy [12], peripheral artery disease [13], stroke
[14], hypertension [15], and aortic aneurysm [16], as summarized in
Fig. 2. Given the diversity and complexity of these conditions, accurate
and timely diagnosis is essential for effective management and better
patient outcomes.

Medical imaging plays a central role in diagnosing CVDs. Each mo-
dality offers distinct strengths and limitations. Echocardiography is
widely available, noninvasive, and radiation-free, but its quality de-
pends on patient factors and operator skill [17]. Coronary CT angiog-
raphy (CCTA) provides high-resolution visualization of coronary
anatomy but uses ionizing radiation and iodinated contrast agents,
which may limit its suitability for some patients [18]. Cardiac Magnetic
Resonance Imaging (CMRI) offers excellent soft-tissue contrast and
comprehensive functional assessment without radiation exposure, while
it remains costly and less accessible in many settings [19]. Nuclear im-
aging provides valuable information on myocardial perfusion and
viability, but suffers from lower spatial resolution and the use of ra-
dioisotopes [20]. X-ray angiography remains the gold standard for
coronary visualization and interventional planning, but it is invasive and
requires contrast administration [21].

Artificial intelligence (AI), particularly deep learning (DL), is
increasingly clinically used to overcome these challenges. DL models
have shown strong performance in tasks such as left-ventricular ejection
fraction estimation [22,23], anatomical segmentation, and disease
detection across multiple modalities, including X-ray angiography,
CCTA, CMRY], and ultrasound. They often match human performance in
pattern recognition, as demonstrated in DL-based cardiac imaging tasks,
such as the automated assessment of aortic stenosis from echocardiog-
raphy [24] and the video-based assessment of systolic function from
coronary angiograms [25], and MRI-based cardiac function analysis
[26]. DL models in cardiovascular imaging provide significant diag-
nostic and prognostic value, enabling personalized treatment strategies.
These models can analyze both structural and functional features from
imaging data, supporting risk stratification and improving clinical
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decision-making [27-29]. Their ability to process complex imaging data
consistently and rapidly reduces human error and improves workflow
efficiency [30]. Integration with wearable devices and telemedicine
platforms further extends DL applications to continuous cardiovascular
monitoring and remote patient management [31]. Convolutional neural
networks (CNN)-based DL models have shown strong accuracy in car-
diovascular imaging, including interpreting echocardiograms [32],
improving CCTA plaque quantification [33], and enhancing CMRI seg-
mentation and functional measurement [34]. Recent advances show
DL’s growing value in automating cardiac function analysis, including
ejection fraction calculation, strain estimation, right-ventricular
assessment, and chamber measurement using routine echocardiogra-
phy and CMRI. These models provide fast, reproducible results and help
reduce operator dependency and image-quality variability [35-39].

However, despite these advances, existing studies vary widely in
methodology, dataset quality, and clinical validation, creating uncer-
tainty about the reliability and generalizability of DL systems in real-
world cardiovascular practice. A structured, modality-oriented synthe-
sis is therefore needed to clarify current capabilities, highlight persistent
challenges, and guide future research.

Accordingly, this review provides a comprehensive analysis of DL
applications across major cardiovascular imaging modalities, including
echocardiography, CCTA, CMRI, nuclear imaging, and X-ray angiog-
raphy. Specifically, it aims to: (i) summarize modality-specific applica-
tions of DL; (ii) compare the strengths and limitations of major
architectures for segmentation, classification, and detection; (iii) iden-
tify key technical and clinical challenges affecting robustness and
generalizability; (iv) discuss opportunities for multimodal data inte-
gration for personalized diagnosis and risk prediction; and (v) outline
future research priorities, including explainable AI and federated
learning, to support reliable clinical deployment.

1.1. Structure and logical flow of the paper

This review is organized as follows. Section 2 outlines the major
challenges and limitations of DL in cardiovascular imaging. Section 3
reviews key DL architectures and methodological advances. Section 4
surveys modality-specific applications across echocardiography, CT,
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Fig. 1. The WHO record shows global trends in cardiovascular diseases (CVDs) mortality [304]. (a) shows the temporal trend of CVDs-related deaths from 1950 to
2022 across six global regions. (b) Distribution of CVDs mortality by sex (male, female, unknown) within each region. (c) A stacked area chart illustrates each region's
cumulative contribution to global CVDs mortality over time. (d) The heat map shows the intensity of CVDs deaths by region and year, emphasizing regional and
temporal disparities.
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Fig. 2. Major categories of cardiovascular diseases. Created in BioRender. Huang, B. (2025) https://BioRender.com/zcylvgx.

MRI, nuclear imaging, and X-ray angiography, and summarizes their
strengths and limitations. Section 5 compares major cardiovascular
imaging modalities and summarizes DL tasks, performance character-
istics, and limitations across them, and Section 6 discusses multimodal
DL strategies. Section 7 highlights emerging trends and future di-
rections. Finally, the paper concludes in Section 9.

2. Challenges and limitations of deep learning in cardiovascular
imaging

DL models for CVDs detection, classification, segmentation, and
prediction face persistent limitations across five modalities: echocardi-
ography, CCTA, CMRI, nuclear imaging, and X-ray angiography. These
challenges reduce robustness, generalizability, and clinical adoption.

2.1. Dataset limitations and bias

Across the five modalities mentioned above, dataset limitations
remain a major barrier to robust model development. Many datasets are
small and drawn from demographically skewed populations, often
overrepresenting older or high-risk patients while underrepresenting
younger or low-risk groups, leading to overfitting and poor generaliz-
ability [40-43]. Class imbalance is a recurring problem, such as the rare
transthoracic echocardiographic views [44], small-caliber coronary
branches in CCTA [45-47], thin myocardial walls in CMRI [48-50],
subtle ischemic patterns in nuclear imaging [42,51,52], and small vessel
pixels in X-ray angiography [53-58]. These imbalances bias training and

reduce sensitivity to clinically significant but less frequent patterns.

2.2. Annotation quality and variability

Annotation inconsistencies across institutions and observers nega-
tively impact model accuracy in all five modalities. Manual labeling
often introduces observer bias, variability in ground truth definitions,
and inconsistent annotation standards [45,47,59-65]. In echocardiog-
raphy and CMRI, inter-observer variability in chamber and valve seg-
mentation, partial chamber visibility, and misaligned slices reduces
segmentation precision [66-70]. In nuclear imaging, labels are often
derived from invasive coronary angiography rather than direct func-
tional measurements, leading to misalignment between training labels
and physiological reality [52,71-79]. In X-ray angiography, pixel-level
vessel labeling, subjective frame selection, and inconsistent vessel
boundary definitions hinder reproducibility [58,80-87].

2.3. Image quality, artifacts, and protocol variability

In echocardiography, view dependency, foreshortened views, shad-
owing, and acoustic noise degrade model performance for detection and
segmentation tasks [44,88-91]. CCTA imaging faces challenges from
motion blur, blooming artifacts caused by calcifications, partial volume
effects, and variable contrast injection timing, which compromise vessel
and plaque analysis [65,92-97]. CMRI suffers from low resolution in
basal and apical slices, poor tissue boundary contrast, and motion arti-
facts, which reduce segmentation accuracy [98-102]. In nuclear
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imaging, the use of polar map compression results in loss of spatial detail
and reduces the ability to localize perfusion defects [41,78,103]. X-ray
angiography is hindered by low vessel contrast, overlapping anatomical
structures such as catheters and bones, and uneven contrast agent flow,
leading to frequent misclassification [54,55,81,85,86,104-112].

2.4. Architectural and algorithmic limitations

Echocardiographic applications using 3D-CNNs for ejection fraction
estimation are highly sensitive to label noise and limited temporal
modeling, which reduces prediction stability [113-115]. In CCTA and
CMRYI, encoder-decoder architectures lose fine structural details during
downsampling, resulting in incomplete segmentation of small vessels or
cardiac cavities [50,116,117]. Nuclear imaging models that rely on
compressed polar map inputs suffer from limited spatial resolution and
reduced lesion localization accuracy [41,71,78,103]. In X-ray angiog-
raphy, patch-wise CNNs and coarse localization methods often lack
anatomical precision, producing false positives in stenosis detection
[57,80,82,84,118,119].

2.5. Domain shift and generalization

All five cardiac modalities listed above experience performance
degradation when models are applied to external datasets due to domain
shifts arising from differences in scanner hardware, acquisition pro-
tocols, and population demographics [47,59,79,93,102,105,120-122].
Although domain adaptation techniques such as transfer learning and
GAN-based synthesis have been explored, these can introduce unreal-
istic textures or fail to preserve anatomical fidelity, limiting their clinical
usefulness [120,123,124].

2.6. Limited multimodal integration

In CCTA, CMRI, nuclear imaging, and echocardiography, combining
imaging data with clinical metadata such as demographics and bio-
markers could improve diagnostic performance. However, multimodal
integration remains limited due to inconsistent data formats, missing
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[41,63,64,125-127]. Aligning anatomical and functional datasets across
modalities remains technically challenging, particularly when acquisi-
tion protocols differ.

2.7. Interpretability and clinical trust

The opaque “black-box” nature of many DL models in all five mo-
dalities hinders clinical adoption by reducing transparency in decision-
making [47,71,73,108,128-130]. Clinicians may be reluctant to rely on
automated outputs for high-stakes tasks such as treatment planning or
risk stratification without interpretable outputs.

2.8. Computational demands and scalability

For CCTA and CMRI, processing high-resolution volumetric data
requires significant computational resources, including high-memory
GPUs and extended training times [69,93,117,131]. In echocardiogra-
phy and X-ray angiography, real-time or near-real-time inference is
often constrained by computational load, limiting deployment in time-
sensitive clinical settings [108,129,130,132].

3. Deep learning architectures and methodological advances for
CVDs diagnosis

DL encompasses various architectures and techniques deployed for
different data types and diagnostic tasks. Below are the main types of DL
models and their applications in diagnosing CVDs. Fig. 3 shows common
DL architectures (CNN, U-Net, graph-based architectures, GAN, RNN,
Transformer) and a typical Al workflow for cardiovascular imaging,
from multi-modal data acquisition and preprocessing to feature extrac-
tion and clinical endpoints for diagnostic tasks.

3.1. Convolutional neural networks

CNNs have been extensively applied across cardiovascular imaging
modalities to support the detection, characterization, and quantification
of CVDs. In coronary CCTA, CNN-based architectures play an essential
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assessment, and plaque characterization. Models such as 3D PSPNet and
U-Net variants effectively capture complex vascular structures by
leveraging multi-scale spatial features and mitigating class imbalance,
which enhances stenosis localization and vessel boundary delineation
[133,134]. Similar advances are reported with PSPNet-based coronary
angiography segmentation and residual CNN frameworks, which
enhance feature extraction for coronary morphology and disease
assessment [135,136]. CNNs combined with recurrent or attention
modules further improve cardiac image interpretation by capturing
temporal continuity and refining feature saliency. For instance,
Attention-Residual V-Net (ARVNet) and temporal feature-fused net-
works improve segmentation performance in fetal echocardiography
and dynamic cardiac imaging scenarios by modelling spatial-temporal
dependencies [137,138]. For preoperative planning and whole-heart
analysis, U-Net-based GANs and Dense V-Net architectures provide
robust segmentation of cardiac substructures across CT and multimodal
datasets, supporting comprehensive anatomical assessment [139,140].

In CMRI, CNNs have shown high performance in segmenting
myocardial tissue, measuring infarct size, and defining late gadolinium
enhancement regions. DeepLabV3 + and transfer-learning-based CNN
models enable accurate -classification of myocardial infarction,
myocarditis, and healthy myocardium, reducing observer variability
and accelerating clinical workflows [141,142]. More advanced strate-
gies, such as curriculum-learning-enhanced U-Net models, achieve
reliable segmentation of myocardial edema and infarction across multi-
sequence MRI acquisitions, supporting both diagnostic accuracy and
computational efficiency [143]. For chest X-ray (CXR) imaging,
ensemble CNN models integrating InceptionV3, MobileNet, and ResNet
have improved the detection of cardiomegaly and pulmonary conges-
tion, which are early indicators of cardiac dysfunction. These models use
transfer learning to achieve rapid, consistent interpretation even in
resource-limited environments [144]. Although CT is based on X-ray
acquisition, it provides tomographic volumetric information rather than
2D projection imaging. CT-based DL has also been used to predict car-
diovascular risk features from low-dose scans, illustrating the expanding
role of CNNs in cross-modality CVDs risk stratification [145].

CNNs have driven significant advances in nuclear cardiac imaging,
particularly in SPECT and PET. The DL models now facilitate CT-free
attenuation correction, low-dose image denoising, and motion
compensation, improving myocardial perfusion map quality and
reducing radiation exposure [52,146-149]. Supplementary CNN
frameworks enable automated ischemia classification and accurate
myocardial blood-flow quantification from perfusion polar maps,
strengthening prognostic evaluation in nuclear cardiology [150,151]. In
echocardiography, CNNs are widely used to classify cardiomyopathy,
valvular disorders, and regional wall-motion abnormalities. Architec-
tures such as EfficientNetB3 achieve high diagnostic accuracy through
optimized regularization and feature normalization strategies [152].
CNN-based models have also been applied for left atrial segmentation
and chamber morphology analysis, improving structural assessment in
both clinical and research settings [153]. In fetal cardiac imaging,
attention-enhanced CNNs such as ARVNet are used for echocardio-
graphic segmentation tasks, while deep residual networks developed for
fetal cardiac CT support the classification of congenital abnormalities,
enabling early-stage diagnosis and real-time screening [137,154].
Complementary CNN-based classification methods have also been
applied to broader cardiovascular risk prediction tasks, further empha-
sising the versatility of DL in cardiac disease assessment [155].

3.2. Graph-based and capsule networks

Graph-based architectures and capsule networks enhance the ability
of DL models to represent spatial hierarchies and anatomical relation-
ships in cardiovascular imaging, improving structural understanding
across modalities. Capsule networks improve upon conventional CNNs
by encoding part-whole relationships and preserving pose-aware
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features, which enhances robustness under limited data availability or
noisy imaging conditions. For instance, SegCaps, a capsule-based seg-
mentation model, has been explored for left-ventricle segmentation in
echocardiography, providing improved boundary delineation while
using significantly fewer parameters than U-Net variants [156]. Capsule
architectures have also been applied to intravascular ultrasound (IVUS),
where they facilitate reliable delineation of vessel walls and identifica-
tion of plaque components in small datasets by improving spatial feature
retention [157].

Graph-based methods, particularly GCNs and graph attention net-
works (GATs), are increasingly used in tasks that require structured
representations of cardiovascular anatomy. For example, GATs have
been applied to model vessel topology in CCTA, enabling improved ar-
tery labeling through node-wise attention and structure-aware feature
aggregation [158]. Similarly, graph-based post-processing applied to
CNN-derived vessel masks enhances centerline extraction in X-ray
angiography, improving segmentation robustness under low-contrast
conditions [159]. In cine CMRI, spatiotemporal GNNs integrate graph-
based structural encoding with temporal motion cues to detect
myocardial infarction and characterize regional wall-motion abnor-
malities. These models use dynamically constructed graphs to represent
changes in myocardial contraction patterns across the cardiac cycle,
improving the localization of infarcted segments [160-162]. Graph-
based feature fusion has also been incorporated into domain-adaptive
frameworks that combine transfer learning with GCNs for enhanced
cardiac disease prediction from CMRI-derived features [162].

Recent hybrid transformer-graph architectures further advance
CVDs' image analysis. The Adaptive Attention-Enhanced Transformer
with Modified Graph Cuts (AAET-MGC) integrates CNN-based local
feature extraction with global transformer attention and graph-cut
refinement, enabling precise myocardial segmentation and improved
delineation of cardiac structures in CMRI while mitigating overfitting on
limited datasets [163]. Similarly, the Adaptive Attention Multi-Graph
Convolutional Network (AAM-GCN) introduces multi-relation graph
learning and spatial-intensity attention mechanisms to enhance
myocardial segmentation quality, particularly in structurally complex
cardiac regions [164]. Although AAM-GCN was originally designed for
ischemic stroke lesion detection on diffusion MRI, its underlying multi-
graph attention framework is conceptually transferable to cardiac seg-
mentation tasks. Graph-based learning has also been extended to risk
stratification and disease subtype prediction, where GCNs use imaging-
derived clinical features and topological representations of cardiovas-
cular anatomy. For example, the potential of GCNs for CVDs risk pre-
diction through improved multimodal feature integration through
improved multimodal feature integration and class balancing [165].
Moreover, GCNs have been used to classify MPI polar maps, enabling
enhanced localization of ischemic territories by modeling projected
spatial adjacency and intensity gradients within polar maps [166].

3.3. Hybrid and specialized architectures

Hybrid and specialized DL architectures have strengthened CVDs
diagnosis by combining spatial, temporal, and multimodal information
across major cardiovascular imaging modalities. Hybrid CNN-GRU
frameworks extract anatomical features and capture sequential trends in
temporal or clinical time-series data, improving cardiovascular risk
prediction and supporting stenosis assessment when temporal imaging
sequences are available. These models have shown improved prediction
of cardiovascular risk and stenosis severity by effectively learning both
spatial patterns and longitudinal clinical dynamics [167,168].
CNN-LSTM-based hybrids have also been used for temporal cardiac
analysis. Studies combining CNN encoders with LSTM layers for heart
disease prediction show improved modeling of sequential clinical or
imaging-derived time-series data [169]. In cardiac MRI, Siamese CNN
architectures using frame-pair representations have been applied for
short-axis cardiac motion tracking, thereby improving functional
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assessment [170].

In CMRI and CCTA, several specialized hybrid models integrate
attention mechanisms, residual connections, and deep supervision to
improve segmentation and pathology localization. Multi-scale resi-
dual-dense hybrid networks capture detailed information and have
shown robust performance in cardiac structure segmentation and
automated diagnosis tasks [171]. Siamese U-shaped networks improve
myocardial pathology segmentation on multimodal MR data by using
paired feature representations that enhance contrast between normal
and pathological regions [172]. Residual U-Net variants with deep su-
pervision further improve left-ventricular segmentation in cardiac CT
angiography, supporting accurate stenosis and plaque assessment
[173,174]. Attention-augmented residual architectures also help to
improve vessel and myocardial analysis. Three-dimensional squeeze-
and-excitation residual networks boost stenosis detection in magnetic
resonance angiography by emphasizing salient vascular features [175].
Moreover, attention-improved U-Net variants, such as multiscale
attention residual U-Net and residual self-attention U-Net, provide
improved delineation of ventricular and myocardial structures in CMRI
by strengthening important spatial dependencies [176,177].

Multimodal fusion architectures have also advanced cardiac analysis
by integrating anatomical and functional information. Recent
PET-CT-based DL models use attenuation maps to capture metabolic
and structural features jointly, improving chamber quantification and
supporting comprehensive cardiac assessment [178]. Graph-based net-
works have also advanced coronary modeling by capturing the struc-
tural topology of vascular trees, allowing for more robust stenosis
detection and vessel characterization in angiographic imaging. These
methods use relational information among arterial branches, improving
interpretability and performance in coronary analysis tasks [176,177].

3.4. Generative models

Generative models have become increasingly important in cardio-
vascular imaging by enabling realistic image synthesis, artifact removal,
augmentation, and functional motion analysis [179]. Architectures such
as Generative Adversarial Networks (GANs), Variational Autoencoders
(VAEs), VAE-GAN hybrids, and diffusion models address challenges
including limited labeled datasets, acquisition variability, and class
imbalance, thereby improving generalization and diagnostic accuracy
across CMRI, CCTA, and X-ray angiography [179]. Early applications in
cardiac MRI demonstrated the utility of synthetic data to augment small
datasets, where deep generative networks produced realistic CMRI im-
ages for congenital heart disease to support downstream segmentation
tasks [123]. Subsequent work extended this capability by using paired
and unpaired GAN frameworks to synthesize left-atrium MR images,
improving annotation availability and segmentation performance
[180]. Cycle-consistent adversarial models have also been applied to X-
ray angiography for cross-domain style adaptation, enabling consistent
vessel appearance and improving robustness in angiographic vessel
analysis [181].

Generative models further enhance cardiac image quality by
improving myocardial boundary clarity, reducing noise, and mitigating
motion-related distortions [182,183]. Comparative studies show that
GAN-based architectures yield sharper ventricular boundary delineation
than U-Net in CMRI segmentation, demonstrating their ability to pre-
serve fine anatomical details [181]. Apart from structural appearance,
generative frameworks support functional and motion-based cardiac
assessment. Convolutional autoencoders have been used to learn normal
myocardial motion patterns in cine CMRI, enabling unsupervised
detection of regional abnormalities associated with myocardial infarc-
tion [184]. GAN-based approaches have also been explored for
improving myocardial perfusion, CMRI reconstruction, and motion
modelling [179]. Recent hybrid architectures integrate semantic con-
straints into generative frameworks to produce anatomically coherent
cardiac images that support the detection of functional abnormalities
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[185].

Generative frameworks also improve data organization and multi-
modal learning. Autoencoder-based feature extraction enables accurate
CMRI view classification, reducing manual workload in cine-MRI re-
positories [186]. Cross-modal autoencoder models further support in-
tegrated cardiovascular state representation by learning holistic
embeddings from multimodal cardiac data [187]. Semi-supervised
CMRI segmentation also benefits from VAE-GAN hybrid models,
reducing reliance on large annotated datasets across multi-vendor im-
aging sources [188].

3.5. Diffusion-based models

Diffusion-based generative models have recently emerged as a
transformative class of techniques in cardiovascular imaging [189].
Unlike GANs, which may suffer from training instability and mode
collapse, diffusion models progressively learn to denoise random noise
distributions, producing highly stable and anatomically consistent re-
constructions [190]. This makes them particularly suitable for cardio-
vascular imaging tasks requiring structural fidelity, temporal
consistency, and robustness to noise [189].

In cardiac MRI, diffusion probabilistic models demonstrate superior
performance for cine reconstruction, particularly in undersampled spiral
acquisitions, producing more temporally coherent sequences and fewer
artifacts than conventional reconstruction methods [189]. In echocar-
diography, diffusion-based denoising methods improve myocardial
visibility, reduce speckle noise, and improve chamber boundary delin-
eation in low-contrast ultrasound conditions [191]. Latent diffusion
models extend these capabilities by enabling high-resolution cardiac
image synthesis and data augmentation. Their ability to generate
diverse, anatomically consistent cardiac images improves downstream
segmentation, classification, and motion estimation performance,
especially when training data are limited or heterogeneous [190].

3.6. Recurrent neural networks

Recurrent neural networks (RNNs), particularly LSTM and BiLSTM
models, have shown strong performance in modeling the temporal
progression of cardiac motion in dynamic cardiovascular imaging. Un-
like CNNs, which primarily learn spatial patterns, RNNs capture
sequential dependencies across frames in cine MRI and CMRI, allowing
accurate reconstruction and interpretation of time-resolved cardiac dy-
namics. Convolutional RNN architectures, such as CRNNs, effectively
integrate spatial encoding with temporal modeling and have shown
improved reconstruction quality in dynamic MR sequences [192].
Hybrid CNN-RNN frameworks further improve performance in cardiac
segmentation and function analysis. For example, residual CNN-RNN
combinations improve cardiac image segmentation and disease classi-
fication by using both spatial features and temporal continuity [136].
Densely connected and dual-path recurrent models have also been
applied to CMRI for left-ventricular segmentation, enabling more
consistent tracking of myocardial wall motion across the cardiac cycle
[193].

RNN-based architectures are very effective at capturing long-range
temporal dependencies and subtle morphological changes across
frames, thereby improving robustness to noise and generalization in
clinically variable cardiac datasets. Bidirectional recurrent units have
shown improved accuracy in identifying cardiac abnormalities by pro-
cessing temporal sequences in both forward and backward directions
[194]. Attention mechanisms are increasingly incorporated into recur-
rent models to focus on physiologically meaningful phases of the cardiac
cycle. Densely gated recurrent networks have been used to detect car-
diac phases in echocardiographic sequences, improving temporal
localization and supporting automated functional assessment [195].
Attention-improved recurrent architectures for CMRI segmentation
have also been reported, demonstrating improved tracking of motion-
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salient regions across dynamic sequences [196].

3.7. Transformer-based and attention models

Transformer-based and attention-guided architectures have become
increasingly important in cardiovascular imaging by modeling long-
range dependencies, emphasizing clinically relevant anatomy, and
improving robustness across modalities. In IVUS, transformer-driven
segmentation models accurately define the lumen and media-
—adventitia boundaries, supporting coronary plaque assessment and
stenosis quantification [197]. Vision Transformer (ViT) models have
shown strong performance in CMRI, where global self-attention captures
long-range spatial context, thereby improving the segmentation of
myocardial structures. Feature-recombination and distillation strategies
used in ViT-FRD improve boundary localization and segmentation ac-
curacy in CMRI [198]. Hybrid ViT-CNN frameworks further strengthen
cardiac image analysis by combining global transformer attention with
local convolutional priors, enabling improved delineation of ventricular
cavities and myocardial tissues [198].

Transformers also contribute to cross-modality adaptation in CMRL
For example, ST-GAN employs Swin Transformer blocks to support un-
supervised domain adaptation and to improve segmentation consistency
during transfer between MRI sequences [199]. In CT-based cardiac im-
aging, transformer-augmented architectures such as shape-aware con-
tour attention networks and axial-attention fusion models provide more
precise cardiac structure delineation, even under challenging acquisi-
tion conditions [200-202]. Fusion-attention Swin Transformer models
similarly improve CMRI segmentation by integrating multi-scale
contextual features [203]. Transformer-enhanced encoder—decoder
networks, such as RotCAtt-TransUNet++ and MSF-TransUNet, improve
segmentation accuracy in both cardiac CT and CMRI by modeling intra-
and inter-slice dependencies and fusing hierarchical features [204,205].
Federated self-supervised transformer models further advance cine MRI
analysis by learning temporal and spatial patterns from large amounts of
unlabeled multi-center data, enabling accurate 4D cardiac segmentation
while preserving data privacy [206].

In echocardiographic video analysis, advanced spatiotemporal DL
models with attention mechanisms improve beat-to-beat functional
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assessment, enabling accurate estimation of ejection fraction and wall-
motion abnormalities [207]. For chest X-ray-based cardiac disease
detection, ViT models improve multi-label classification by capturing
global contextual cues and outperforming CNNs in identifying cardiac
abnormalities such as cardiomegaly [208]. Fig. 4 illustrates the
comprehensive process of cardiovascular disease diagnosis, integrating
traditional imaging techniques, radiological evaluation, and Al-driven
analysis. It shows the collaborative role of medical professionals and
advanced technology in enhancing diagnostic accuracy and treatment
decisions.

3.8. Explainable and language-driven Al approaches

XAl is essential for safe and transparent integration of DL into car-
diovascular imaging. Conventional models often function as opaque
“black boxes,” creating uncertainty for clinicians. XAI techniques such
as Grad-CAM, SHAP, and saliency mapping help address this limitation
by highlighting image regions that drive predictions, allowing physi-
cians to verify whether model decisions align with cardiac pathology
[209-211]. In myocardial perfusion imaging (MPI), XAI has been shown
to improve interpretation by localizing perfusion defects and identifying
areas contributing to risk estimation [212,213]. These visualization
methods increase clinician confidence and support reliable deployment
of Al systems in routine cardiac practice. Explainability has also been
incorporated directly into clinical workflows. For example, XAI-
enhanced SPECT analysis for CAD provides interpretable outputs dur-
ing real-world assessments, improving diagnostic trust and user accep-
tance [210]. Integrated systems such as CardioNetFusion combine DL
with structured explanation modules, offering patient-specific insights
that clarify how cardiac imaging features contribute to disease detection
[214]. Reviews of evaluation strategies emphasize that trustworthy ex-
planations are essential for regulatory approval and responsible use of Al
in cardiology [209,215].

Language-driven approaches enhance interpretability by linking vi-
sual cardiac features to semantic clinical descriptions. Vision-language
foundation models trained on echocardiography can generate structured
summaries, highlight abnormal regions, and translate image patterns
into clinically relevant narratives [216]. Broader analyses of large
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Fig. 4. Complete Workflow for cardiovascular diseases diagnosis: Integration of traditional imaging techniques, radiological evaluation, and Al-Enhanced clinical

analysis. Created in BioRender. Huang, B. (2025) https://BioRender.com/1dvgh3g.
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language models (LLMs) show their ability to support diagnostic
reasoning by linking patient history, imaging findings, and clinical risk
factors in cardiovascular contexts [217,218]. Early multimodal systems
have also used language-guided representations to enhance interpret-
ability in IVUS analysis [219]. Recent multimodal and contrastive
learning frameworks offer additional interpretability. Medical founda-
tion models that align cardiac images with clinical text improve se-
mantic consistency and allow image features to be understood in
relation to domain-specific clinical terms [220]. Meta-learning strate-
gies further enhance robustness by adapting explanation mechanisms
across patient subgroups and imaging domains, ensuring consistent
interpretability in diverse cardiac populations [221,222]. Multimodal
generative models can also provide intuitive, text-linked visual expla-
nations for 3D cardiac images and videos, improving transparency in
structural and functional assessments [223].

3.9. Comparative analysis of CNN and ViT architectures

A comparative analysis of CNNs and ViT architectures reveals com-
plementary strengths in cardiovascular imaging. CNNs capture local
spatial features efficiently and perform well on small or moderately
sized clinical datasets. ViTs, through global self-attention, model long-
range dependencies and complex spatial relationships, showing advan-
tages when pretrained on large or multimodal data. The main distinc-
tions between these architectures, including their data requirements,
learning behavior, and clinical relevance, are summarized in Table 1
[216,224-228].

4. Deep learning applications for CVDs diagnosis across imaging
modalities

This section reviews studies that use DL techniques to detect, classify,
segment, and diagnose CVDs across various imaging modalities. Quan-
titative results summarized in later sections are compiled from pub-
lished studies rather than reproduced under a unified experimental
setup; therefore, the comparisons represent indicative performance
trends rather than direct benchmarking.

Fig. 5 links major cardiovascular imaging devices, such as echocar-
diography, CCTA, nuclear imaging, CMRI, and X-ray Angiography, to
their primary anatomical targets, including coronary arteries, aorta,
cardiac chambers, and myocardium. Example outputs demonstrate the
diversity of modalities and their complementary roles in diagnosis.

4.1. Deep learning for echocardiography-based diagnosis

DL has increasingly been applied to echocardiography for automated
diagnosis of CVDs. These models address the challenges of subjectivity,

Table 1
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operator dependence, and image quality variability. Early studies used
established CNNs, such as VGG16 and EfficientNet, to classify conditions
including angina, CAD, hypotension, and prosthetic valve identification.
Techniques such as batch normalization, dropout, and transfer learning
improved generalization, especially with limited data and class imbal-
ance [67,229]. For smaller datasets, CNNs trained with cross-validation
on multi-view echocardiography achieved high accuracy in dis-
tinguishing between apical and parasternal views, thereby addressing
mislabeling across imaging systems [44,230]. Moreover, CNNs applied
to 2D still images, Doppler sequences, and cine loops improved classi-
fication of normal versus abnormal cases, reducing reliance on manual
interpretation [231]. In transthoracic echocardiography, including color
Doppler views, models further enhanced cardiovascular assessment,
with a video-based R(2 + 1)D network automating apical 4-chamber
view classification and tricuspid regurgitation grading, reducing inter-
observer variability [232]. Multi-task DL models have been developed
for real-time view recognition and image-quality assessment, mini-
mizing operator dependence and improving workflow [132]. Al-assisted
systems for STEMI evaluation have shown expert-level performance,
reduced clinician workload, and ensured accurate functional measure-
ments [233].

3D-CNNs trained on cine-loop sequences from transthoracic echo-
cardiography automatically classified ejection fraction -categories
without manual segmentation, effectively capturing temporal dynamics
[113]. Hybrid models combining LSTMs with CNNs or VAEs extracted
both spatial and temporal features, aiding the classification of valvular
regurgitation [231]. Fusion networks that integrate spatial features with
temporal optical flow cues enhanced view classification across chal-
lenging echocardiographic video clips [234].

A 3D multi-decoder residual U-Net with separate decoder paths for
the mitral annulus and leaflets helps mitigate ultrasound noise, irregular
leaflet geometry, and inconsistent manual contours. The decoders and
post-processing pipeline improve automated mitral valve assessment by
accurately reconstructing anatomical landmarks and surface geometry
[235]. Encoder-decoder frameworks, especially U-Net and its variants,
have been widely used for segmenting cardiac structures. These models
have enabled the automated delineation of left ventricular endocar-
dium, myocardium, and atrial structures, even in the presence of noise
and contrast variability. Prominent innovations such as VDS-UNet
(VGG16 + deep supervision), MFP-UNet (feature pyramid integra-
tion), and ResU-Net (residual encoder) have improved segmentation
accuracy and robustness across various challenges, including poor-
quality images and operator variability [66,68,88,236,237]. For left-
ventricular analysis, a 3D nnU-Net framework uses CMR-derived la-
bels to address low resolution, speckle patterns, and labeling in-
consistencies in 3DE. This approach enables more reliable boundary
recovery and reduces variability in functional measurements [238].

Comparative characteristics of CNN and ViT architectures in cardiovascular imaging [216,224-228].

Aspect CNNs ViTs Relevance to Cardiovascular Imaging
Feature Encode local spatial hierarchies using Model long-range spatial dependencies CNN s capture detailed vessel and tissue textures; ViTs
Representation convolutional filters and pooling. through global self-attention. integrate global cardiac geometry and motion context.

Data Requirement

Training Efficiency

Generalization
Ability

Explainability and
Interpretability

Performance Trends

Perform reliably with small or medium
datasets and limited annotations.

Training is computationally efficient and
converges faster on smaller datasets.
Strong with appropriate augmentation but
may struggle with cross-domain shifts.

Well-established visualization tools (Grad-
CAM, LRP, SHAP) provide interpretable
feature maps.

Maintain competitive or superior accuracy
on small-scale datasets.

Require larger datasets or pretrained
weights (transfer learning) for stable
convergence.

Training is more resource-intensive and
sensitive to hyperparameter tuning.
Capture global context, improving cross-
modality and domain adaptation when
sufficiently trained.

Attention maps offer coarse interpretability
but lack standardized clinical validation.

Match or exceed CNNs on large, balanced,
or multimodal datasets when pretrained.

CNNs remain the preferred choice for limited clinical
datasets; ViTs benefit from large or publicly pretrained
models (e.g., ImageNet-21 K, Med-ViT).

CNNs are practical for routine experiments; ViTs demand
higher GPU memory and longer training cycles.

Hybrid CNN-ViT models show enhanced robustness across
imaging modalities (CT, MRI, Echo).

CNNs currently provide clearer visual explanations for
clinicians, while ViTs are advancing in explainable attention
modeling.

ViTs show promising results in CMRI segmentation,
echocardiographic view classification, and coronary plaque
analysis.
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Combining detection and segmentation, such as using YOLOv7 for
chamber localization with U-Net for detailed segmentation, further au-
tomates chamber quantification [66].

A Dual-Branch TransV-Net, integrating a V-Net backbone with an
edge-enhancement branch and a transformer-based context module,
strengthens boundary delineation and suppresses noise. This model also
compensates for missing ventricular regions due to probe blind zones,
thereby improving the geometric reconstruction of both ventricles
[239]. Comparative studies of U-Net3D, ResU-Net3D, MultiResU-Net3D,
and nnU-Net have shown that adaptive configurations like nnU-Net
handle low contrast, noise, and complex ventricular anatomy more
effectively. Automatic preprocessing and augmentation optimization
further enhance stable ventricular geometry extraction from 3DE [240].
Attention-augmented residual V-Net (ARVNet) and hybrid ResNet-U-
Net++ models have been applied to small lesion segmentation,
addressing inter-class imbalance and inter-observer variability in hy-
pertrophy and fetal cardiac tumor diagnoses [90,241]. Al-driven models
for right-ventricular (RV) segmentation have addressed challenges such
as incomplete RV capture, irregular chamber shape, and operator-
dependent variation. By learning full-volume endocardial patterns,
these models automate boundary detection and derive volumetric and
functional metrics, offering more consistent RV evaluation [242].

Multi-task architectures that combine 3D segmentation with motion
tracking utilize shared features and shape-consistency constraints. This
approach effectively manages low SNR, weak boundaries, and out-of-
plane motion, improving temporal coherence, myocardial strain esti-
mation, and motion-based functional indices [243]. Besides segmenta-
tion, DL has been applied to functional analysis. Models like EchoNet,
trained on millions of echocardiographic images, automate tasks such as
chamber identification, volume estimation, and ejection fraction
calculation. These models also predict systemic features like age and sex
[244]. EchoPWC-Net, using optical flow-based motion estimation and
ultrasound-specific augmentations, performs robust myocardial strain
analysis, despite noise and vendor variability [245]. CNN- and ResNet-

based classifiers outperform junior clinicians in identifying regional wall
motion abnormalities, valve types, and hypertrophy, reducing inter-
observer variability [90,115]. Applications of DL have extended to
specialized domains. Zebrafish echocardiography validated segmenta-
tion frameworks with EfficientNet encoders and U-Net/U-Net++ de-
coders, achieving accurate ventricle boundary detection and automated
ejection fraction estimation [246]. Clinical applications included fetal
echocardiography for detecting cardiac rhabdomyomas using attention-
based segmentation [241], transesophageal echocardiography during
CPR for robust left ventricle segmentation [247], and pediatric echo-
cardiography for congenital heart disease detection using ResNet50-
based classifiers across multiple views [248].

Table 2 reviews DL models for diagnosing CVDs in the Echocardi-
ography imaging modality. Only studies with clearly reported and
comparable performance metrics are included. Supplementary models
are discussed in the text for the broader context.

4.2. Deep learning for CT-based cardiovascular diagnosis

DL has been widely applied to the diagnosis of CVDs from CT images,
particularly for segmentation and classification tasks. Early work using
patch-based CNNs enabled accurate segmentation of cardiac chambers
from chest CT scans, resolving issues of anatomical variability and
eliminating the need for deformable atlas registration [45]. Extending
this concept, U-Net variants, including 2D, 3D, and inception-enhanced
designs, have been extensively used for coronary artery and aorta seg-
mentation. The 3D Inception U-Net incorporated volumetric context and
multi-scale feature extraction, addressing the discontinuity and frag-
mentation problems common in 2D approaches [249]. Similarly,
modified 2D U-Net models with dropout and batch normalization pro-
vided efficient coronary artery segmentation with reduced overfitting,
while maintaining fast computation suitable for clinical environments
[46]. Enhanced architectures further incorporated squeeze-and-
excitation blocks, deformable decoders, or UNet++ frameworks
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Table 2 Table 2 (continued)
Summary. of deep learning models for the diagnosis of cardiovascular diseases in Study  Task DL Model Dataset Model
echocardiography.
Performance
Study  Task DL Model Dataset Model
valves, 447
Performance prosthetic valves)
[229]  Classification Modified Kaggle Accuracy: [236]  Segmentation =~ MFP-U-Net Public dataset and DSC: 0.953,
VGG16 echocardiogram 94.92%, F1- a prepared dataset ~ HD: 3.49,
dataset (2404 score 94.50% from Rajaie MAD: 1.12
images annotated Cardiovascular
by Marian Cardiac Medical and
Centre, Poland) Research Center
[44] Classification CNN 340 patients, Accuracy: and Intelligent
17,000 labelled 98.1% Imaging
images, five Technology
standard views Research Center
[113]  Classification 3D-CNN 5600 TTE exams Accuracy: [234]  Classification Fused CNNs 432 video images Precision:
(Apical 4-chamber ~ 78%, F1 Score of 92.1% for
view); 30 frames 54.6% — echocardiography fused CNNs,
per exam; 72.3% collected from 89.5% for
[286]  Classification PRCNN An open-source Accuracy: Tsinghua spatial CNN
multivariate 99.5% University Hospital ~ network
dataset contains and Fuzhou alone
132 instances with University
12 attributes from Hospital,
the UCI Machine comprising 93
Learning different patients
Repository. [237]  Segmentation U-Net 2 AMUS dataset — LVEndo DSC:
[66] Segmentation ~ YOLOv7 and The CAMUS DSC: LVendo: 500 patients with ~0.92 (ED),
U-Net dataset of the 92.63%, 2D ~0.89 (ES).
University Hospital ~ LVepi: echocardiography LVEF MAE:
of St. Etienne, 85.59%, LA: (apical 2-chamber 5.6%.
consisting of 87.57% and 4-chamber LVEDV/ESV
echocardiographic views) MAE: ~9.5ml
images from 450 [114] Detection YOLOvV5s 61 Precision
patients echocardiographic 95%, Recall
[230]  Classification CNN 267 TTE studies Accuracy images from 41 100%, F1-
from UCSF clinical ~ 91.7%, F1- patients. LOGIQ S8  score 0.98
database, Total ~ score: 0.904 ultrasound device
834,267 images + 0.058 for [115] Assessment of Deep CNN 300 patients with AUC for
(still and video still images RWMA using ResNet, myocardial RWMA
frames) DenseNet, infarctions and 100  detection:
[231]  Classification LSTM and 120 patient data Accuracy of Inception- age-matched 0.99 and 0.97
VAE-CNN from Hope Clinic, LSTM:100%, ResNet, control patients for ResNet
Shillong, India, VAE-CNN: Inception, and with normal wall
including 2D echo 98% Xception motion
images, 3D [245]  Motion PWC-Net Simulated data Average
Doppler images, estimation architecture from an access endpoint
and videographic database, in vivo error of (0.06
images data from 30 + 0.04) mm
[239]  Segmentation  Dual-Branch 120 pediatric 3DE  DSC: 0.91 patients per frame
TransV-Net images from SCMC (LV), 0.880 [241] Detection and ARVNet AIIMS (All India Accuracy
(DBTV) (RV) segmentation Institute of Medical ~ 0.99,
[238]  Segmentation nnU-Net (self- MITEA (MR- DSC for Sciences), New Precision
configuring 3D Informed Three- myocardium: Delhi. Total 1,000 0.98, Recall
U-Net) dimensional 0.77, cavity: fetal 0.97, DSC
Echocardiography 0.87 echocardiographic 0.99
Analysis) dataset; images
536 annotated 3DE [246] Segmentation EfficientNet-b4 B-mode DSC 0.967,
images + prediction (encoder), echocardiography IoU 0.937,
[88] Segmentation ~ VDS-UNet 153 DSC: LA Unet++ (sagittal plane),
(combination echocardiographic ~ 0.935, LV (decoder) Adult zebrafish,
of UNet and videos, 2183 0.92, MV [68] Segmentation ResDUnet CAMUS from the DSC 95.1%,
VGG16) images from 49 0.757 University Hospital ~ HD 4.21 £
subjects of St. Etienne, 1.23 mm,
[89] Classification ConvNet 356 2D Accuracy of France. Patients MAD 1.31 +
and transthoracic iPhCH 95%, 500, images 4000 0.43 mm
segmentation echocardiographic ConvNet [247] Segmentation Custom TEE images from DSC 0.899,
sequences from 94%,. encoder- the ICARUS IoU 0.822,
114 subjects DSC: SDM decoder based project, conducted Recall 0.904,
9.4%, on U-Net at Wonju Precision
ConvNet Severance 0.901
12.8% Christian Hospital,
[671 Recognition EfficientNetB3 2044 transthoracic ~ AUC: 0.99 Korea. The count of
(A4Cview)and  echocardiographic patients is 9.
EfficientNetB4 studies (1597 [248] Detection CNN echocardiographic AUC: 0.91,
(PLA view) natural mitral Videos of 1411 Accuracy:
children from the 92.3%
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Hospital of

(continued on next page)
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Table 2 (continued)

DL Model Model

Performance

Study  Task Dataset

Zhejiang
University; the
final number
included: 1376

optimized with metaheuristics, improving detection of aortic dissection
and CAD under challenging imaging conditions [61,92]. These studies
demonstrated the versatility of U-Net derivatives in handling vessel
structures of varying size and complexity across different CT datasets.

Besides segmentation, CNN-based models have been applied for
fibrosis detection, CAD identification, and coronary artery lumen anal-
ysis. Myocardial fibrosis, typically assessed by late gadolinium-
enhanced MRI, was directly detected from early contrast-enhanced
cardiac CT using CNNs, reducing patient exposure and broadening
diagnostic availability [250]. In CAD diagnosis, DenseNet-based CNNs
(PCNN) combined with feature selection algorithms reduced redun-
dancy in high-dimensional CT data, enabling robust disease classifica-
tion across multi-institutional datasets [47]. Other pipelines integrated
YOLOV? for feature extraction, with hyperparameter-tuned UNet++ for
improved CAD detection, and supported fuzzy image enhancement for
low-quality scans [92]. Meanwhile, 3D U-Net segmentation of the cor-
onary artery lumen employed preprocessing strategies such as patch-
based cropping, subject-specific normalization, and augmentation to
overcome noise and small-vessel-size challenges, yielding superior re-
sults compared to traditional graph-cut or level-set methods [93]. In
parallel, the CT-FFRAI framework applied DL to curved multiplanar
reconstructions of CCTA, integrating stenosis and calcification cues to
handle tortuous and calcified vessels and enabling rapid vessel-specific
ischemia prediction without computational fluid dynamics, thereby
markedly improving functional CAD assessment [251].

Several frameworks extended segmentation tasks to encompass
multiple cardiovascular structures. U-Net architectures on multicenter
CCTA datasets successfully delineated eight structures, including aorta,
vena cavae, pulmonary artery, and coronary sinus, achieving clinically
acceptable Dice scores and reducing manual effort [60]. Whole-heart
segmentation pipelines integrated regression CNNs with Dense V-Net
models to automate delineation of ten cardiovascular structures in
transcatheter aortic valve implantation (TAVI) planning, offering
reproducible accuracy within seconds [252]. Similarly, CNNs trained on
dual-energy CT datasets exploited virtual non-contrast (VNC) and CCTA
alignment to generate reliable whole-heart segmentations transferable
to standard non-contrast-enhanced CT, expanding applicability across
imaging protocols [94].

DL has also been utilized for plaque detection and stenosis quanti-
fication. Automated CCTA-AI systems reconstructed coronary branches,
classified plaques, and detected significant stenosis, achieving higher
diagnostic accuracy than conventional CCTA while reducing analysis
time by up to 85% [62]. Complementary approaches integrated U-Net
segmentation with 3DNet classification to reconstruct artery trees and
classify CAD cases, combining anatomical and clinical data for improved
diagnosis [95]. Coronary artery calcium (CAC) scoring systems based on
U-Net enabled automated heart localization and quantification across
multi-cohort datasets, overcoming the labor-intensive manual process
and supporting scalable cardiovascular risk assessment [64]. Supple-
mentary classification frameworks using ResNet-50, VGG, and Inception
ResNet v2 achieved high performance in detecting small calcifications
by preprocessing CT scans into cropped subregions, enhancing sensi-
tivity to localized features [253].

Further applications include pulmonary vascular tree analysis and
perfusion imaging. A 3D CNN with graph-cut refinement classified ar-
teries and veins in chest CT scans, handling dense pulmonary vascula-
ture with higher accuracy than random forests or 2D CNNs [254]. In
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myocardial CT perfusion (CTP), CNN-based models processed rest and
stress datasets to detect functionally significant CAD, achieving high
diagnostic accuracy and reducing interpretation time to under one
minute compared to expert review [255]. Moreover, a hybrid CNN-
LSTM model learned both spatial plaque morphology and temporal
slice progression patterns from CT data, enabling early CVDs prediction
and outperforming traditional approaches through enhanced spatio-
temporal representation learning [256]. DL image reconstruction (DLIR)
further improved image quality in CCTA by significantly reducing noise
while preserving diagnostic fidelity, offering clearer visualization than
iterative reconstruction methods [63]. Complementary to DLIR, a deep
super-resolution network for ultra-low-dose CCTA significantly
enhanced vessel sharpness and reduced noise, enabling reliable stenosis
and plaque assessment at greatly reduced radiation exposure, thereby
supporting safer high-quality CAD imaging [257]. Other models focused
on quantifying epicardial adipose tissue volume (EATV), correlating
with coronary disease risk. CNN-based vessel segmentation frameworks
provided accurate EATV measurements with superior sensitivity and
specificity compared to classical algorithms [96]. Similarly, fully con-
volutional networks (FCNs), such as FCN-all-at-once-VGG16, are effi-
cient for left ventricular myocardial segmentation in large-scale CT
datasets, significantly reducing time requirements compared to manual
delineation [258].

A review of DL Models for diagnosing CVDs in the CCTA images is
presented in Table 3. Only studies reporting clear, comparable perfor-
mance metrics are included, while supplementary models are described
in the text for a broader context.

4.3. Deep learning for cardiac MRI-based diagnosis

DL is now central to CMRI analysis, particularly for automated seg-
mentation and functional assessment. FCNs, including VGG-16-based
architectures, demonstrated strong performance on large population
datasets such as UK Biobank, delivering fast, reproducible segmentation
of ventricular and atrial structures [26]. Dual-stage FCN pipelines
further improved segmentation accuracy by combining cavity localiza-
tion with myocardium delineation and applying radial loss to reduce
contour mismatch, which enhanced estimates of end-diastolic and
stroke volumes [117]. Extensions of FCN models using residual and
dilated blocks improved gradient flow and multi-scale feature extrac-
tion, which strengthened segmentation of small or irregular myocardial
regions [49,116,124,125]. The nnU-Net has been successfully adapted
from cine MRI to free-breathing real-time MRI. It showed good perfor-
mance compared with commercial tools and reduced manual correc-
tions under motion and stress-related artifacts [259]. For 4D flow MRI, a
3D U-Net achieved rapid, fully automated segmentation of cardiac
chambers and great vessels, overcoming low contrast and cardiac mo-
tion and enabling reliable flow-based assessment within seconds [260].

Dense architectures also helped address data scarcity and class
imbalance. Multi-scale residual DenseNet models, equipped with
inception-style features and Dice-cross entropy loss, achieved state-of-
the-art segmentation results on ACDC-2017, LV-2011, and the Kaggle
Data Science Bowl datasets [171]. Region-of-interest cropping reduced
background noise and improved segmentation of underrepresented
classes. A Dense U-Net for phase-contrast MRI enabled automatic left
atrial segmentation and flow quantification in atrial fibrillation,
improving contrast handling and beat-to-beat reproducibility [261].
Hybrid approaches combined CNNs with deformable models or
autoencoder-based strategies to improve robustness. Error-corrected
CNNs reduced misclassification during myocardial infarction detection
and right ventricular segmentation, while combined CNN-deformable
model frameworks produced anatomically consistent left-ventricular
contours in challenging datasets [50,98,131,171]. GANs expanded
CMRI capabilities by augmenting datasets and refining segmentation.
Progressive GANs synthesized CMRI images of congenital heart disease,
addressing limited annotated data and privacy concerns [123].
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Table 3
Summary of deep learning models for the diagnosis of cardiovascular diseases in
CCTA images.
Study  Task DL Model Dataset Model
Performance
[45] Segmentation CNN Chest CT images  Total accuracy of
from 11 patients ~ 87.2% =+ 3.3%,
acquired at individual
baseline priorto  chamber
radiotherapy accuracy: LV:
87.8%, RV:
82.9%, LA:
88.6%, RA:
83.0%
[250] Segmentation 3D 51 annotated DSC 0.917, HD
Inception 3D CCTA 2.53
U-Net volumes
[46] Segmentation 2D U-Net CTCA scans of DSC: 91.20% for
69 subjects with  aorta and
chest pain from coronary
University arteries, 88.80%
College for coronary
Hospital arteries alone
London and
Barts Health
NHS Trust
[251] Segmentationand Two-stage Private dataset Segmentation
detection 3D U-Net, from Peking DSC 87.65%.
MFPN University First Stenosis
Hospital. 600 Detection
CCTA cases. accuracy:
Images Siemens 92.00%, F1 Score
SOMATOM 89.61%
Force dual-
source CT
scanner
[47] Detection CNN Dataset 1 Accuracy: 99.2%,
contains 500 98.73%; F1
patients,Dataset score: 98.95,
2 has 200 98.82; AUC
patients (ROC): 0.92,
0.91; AUC (PR):
0.96, 0.90
[92] Detection U-Net++ Dataset 1: 500 Accuracy:
with patients (2364 Dataset 1 is
YOLOv7 images). 99.4%, Dataset 2
Dataset 2: 1000 is 99.5%. F1
patients (3D score: Dataset 1 -
CCTA images) 98.60, Dataset 2 -
98.95
[93] Segmentation 3D U-Net Dataset 1: 34 DSC of Dataset 1
subjects. is 0.7146 and
Dataset 2: 18 Dataset 2 is
subjects, 0.7406
segmented
CTCA images
[61] Segmentationand U-Net 20 contrast- Sensitivity:
detection enhanced CT 90.00%,
datasets (10 Specificity:
with aortic 80.00%,
dissection) Accuracy:
85.00%
[62] Detection CNN 150 patients Accuracy: 92%,
with confirmed Precision: 91%,
coronary artery Recall: 93%
stenosis
[255] Classification 3D CNN COPDGene: 21 Accuracy 93.6%
non-contrast CT on COPDGene,
scans. CTEPH: 89.1% on CT
33 contrast-
enhanced CT
scans (18
CTEPH patients,
15 controls).
[63] Image restoration DLIR 43 patients sensitivity 92%,

undergoing
CCTA and ICA

specificity 73%,
accuracy 82%
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Table 3 (continued)

Study  Task DL Model Dataset Model
Performance
[259] Segmentation FCN 1100 subjects Sensitivity:
with CAD, data 91.2%,
obtained during  Specificity:
end-diastolic 99.7%, DSC: 88.3
phase +6.2%
[94] Segmentation 3D CNN 18 patients DSC: 0.897 +
scanned with a 0.034, ASSD:
dual-layer 1.42 £+ 0.45 mm
detector CT
scanner, 290
single-energy
NCCT images
from different
vendors
[256] Prediction CNN 112 AUC of CCTA
symptomatic alone is AUC
patients 0.67,CCTA +
undergoing stress CTP is
CCTA, stress 0.87, CCTA +
CTP, and ICA CTP-DLrest is
with FFR 0.96, CCTA +
CTP-DL stress is
0.98
[95] Segmentation and U-Net, 443 patients DSC: 0.771 +
diagnosis 3DNet with CCTA 0.021, Accuracy:
images 0.750 + 0.056,
AUC: 0.737
[253] Segmentation CNN 71 patients DSC: 0.920 (IQR:
undergoing 0.906-0.925);
TAVI, data split computing time:
into training 13.4s (range
(55), validation 11.9-14.9s)
(8), and test (8)
sets
[64] Prediction CNN 30,286 LDCTs AUC: 0.871 on
from NLST for NLST test set,
training; 2,085 0.924 on MGH
subjects for dataset
validation;
independent
MGH dataset
with 335
subjects
[96] Prediction Deep CNN 150 patients (83  Sensitivity:
with vascular 0.8512,
stenosis, 67 Specificity:
without) 0.9899,
Accuracy:
0.9623, AUC:
0.9813
[254] Detection Inception 2400 CT images  Accuracy 98.52%
Resnet v2, (1200 normal,
VGG, 1200 with
ResNet-50 calcium)

Conditional and dilation-based GAN variants improved ventricular
boundary delineation, reconstructed corrupted slices, and stabilized
performance under variable image quality [48,49,262].

DL-accelerated reconstruction methods have significantly improved
4D flow MRI. These approaches reduced scan time, enhanced spa-
tial-temporal fidelity, and generated cleaner velocity fields, facilitating
reliable assessment of valvular disease, diastolic dysfunction, shunt le-
sions, and pulmonary hypertension [263]. U-Net and its derivatives
remain dominant in CMRI segmentation. Residual connections, gener-
alized Dice or Jaccard losses, and batch normalization improved seg-
mentation of the left ventricle and myocardium in the Sunnybrook and
ACDC datasets, addressing intensity heterogeneity, papillary muscle
interference, and motion artifacts [99,124,125]. Specialized extensions
such as DeepWF performed water—fat separation and parametric map-
ping directly from multi-echo MRI, reducing artifacts produced by
conventional reconstruction workflows [100]. Some frameworks
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integrated U-Net with atlas-based localization or deformable constraints
to enhance segmentation of anatomically variable chambers, including
the left and right ventricles [50,131]. A late-fusion U-Net that combined
magnitude and velocity information improved left-ventricle segmenta-
tion from 4D flow MRI, reduced dependence on cine MRI, and produced
accurate volumetric and flow biomarkers [264].

DL also supports classification and regression tasks. CardioViewNet
used transfer learning to perform cardiac view recognition and replaced
inconsistent DICOM metadata with automated plane identification
[265]. Multi-view CNN regression models estimated ventricular vol-
umes and ejection fraction directly from slices, improving efficiency
relative to segmentation-dependent workflows [266,267]. Indices-Net
combined autoencoder-based features with multi-output regression to
estimate wall thickness and cavity areas across the cardiac cycle [268].
Video-based Swin Transformers integrated cine and LGE sequences to
classify multiple CVDs phenotypes and achieved diagnostic performance
comparable to that of expert cardiologists [102].

Supplementary applications demonstrate the expanding role of DL in
CMRI. Automated pipelines for 4D flow MRI performed static-tissue
detection and phase-offset correction, improving pulmonary and sys-
temic flow estimation and aligning closely with invasive measurements
[269]. CNN-based detectors accurately identified end-diastolic and end-
systolic frames in free-breathing cine MRI, reducing manual workload
[120]. DL-ESPIRIT accelerated cine reconstruction up to 12-fold while
preserving image fidelity [270]. DL classifiers of myocardial delayed
enhancement detected fibrosis patterns with high diagnostic accuracy
[70]. Mask R-CNN architectures further improved the segmentation of
thin structures such as the right ventricle [271]. Multi-modal learning
using a 3D U-Net on paired MRI/CT datasets enhanced the segmentation
of chambers and pulmonary veins, supporting improved radiotherapy
planning [101]. Besides segmentation and -classification, DL has
advanced CMRI-based functional assessment. Networks trained on tag-
ged MRI estimated myocardial strain by jointly learning motion and
deformation, achieving expert-level accuracy in large population data-
sets [272]. Cine-based models such as DeepStrain extended strain esti-
mation to routine cine MRI and produced global and regional strain
metrics that showed strong agreement with tagging-based references
[36,273].

A summary of DL models for diagnosing CVDs in CMRI is provided in
Table 4, focusing on studies with clearly reported and comparable
metrics, whereas other relevant models are discussed in the text.

4.4. Deep learning for nuclear imaging-based diagnosis

DL has addressed multiple challenges in nuclear cardiology, partic-
ularly noise reduction, radiation exposure, and attenuation artifacts. A
3D convolutional autoencoder reconstructed standard-dose quality from
low-dose SPECT-MPI images of 930 patients, enabling imaging at one-
sixteenth of the clinical dose without compromising diagnostic fidelity
[71]. Complementary approaches using DCNNs and GANs directly cor-
rected attenuation and scatter artifacts from non-corrected SPECT,
eliminating the need for CT-based correction, reducing misregistration
errors, and producing clinically reliable reconstructions within seconds
[42,52,74,76,122,274]. Recently, a 3D U-Net-based Feature Alignment
Attenuation Correction Network (FA-ACNet) aligned SPECT features
with CT guidance during training, so far operated CT-free at inference,
reducing soft-tissue attenuation artifacts and improving perfusion defect
detection without extra radiation exposure [146].

CNN-based architectures achieved strong diagnostic performance
across different datasets for CAD detection and ischemia classification.
VGG16 trained on 216 polar maps with transfer learning and augmen-
tation improved accuracy compared with semi-quantitative polar map
analysis [41]. Slice-based CNNs on 1,413 SPECT images retained
anatomical and pathological features lost in polar maps, enhancing CAD
detection [126]. Three-dimensional CNNs applied to 979 CZT SPECT
scans combined with preprocessing pipelines (cropping, alignment, and
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Table 4
Summary of deep learning models for diagnosing cardiovascular diseases in
CMRI
Study  Task DL Model Dataset Model
Performance

[26] Segmentation FCN UK Biobank DSC of LV cavity

+ diagnosis dataset consisting ~ 0.94, LV
of 4,875 subjects myocardium
with 93,500 pixel-  0.88, RV cavity
wise annotated 0.90
images

[99] Segmentation FCN Sunnybrook DSC: 0.92 (SGD),
Database with 0.90 (RMSProp);
805 images HD: 4.48 (SGD),

5.43 (RMSProp);
Jaccard: 0.97
(SGD and
RMSProp);
Sensitivity: 0.92
(SGD), 0.90
(RMSProp);
Specificity: 0.99
(SGD and
RMSProp)

[262] Segmentation CCGAN ACDC 2017 Dice index:
dataset (150 0.951 (LV),
cases) 0.921 (RV),

0.909 (MYO)

[265] Classification Fine-tuned Two cardiac Average F1

CNN studies (200 score: 97.66%;
patients and 15 Precision:
healthy 97.82%; Recall:
volunteers) 97.62%

[266]  Prediction Deep CNN Data Science Bowl ~ RMS Error: EDV
Cardiac Challenge (10.6 ml), ESV
Data (1140 (7.56 ml), EF
subjects, 102,600 (4.98%)
images)

[124] Segmentation Residual ACDC training DSC: 0.919 (LV),

Block-based data (100 0.806

DLN subjects) and free- (myocardium),
breathing CMR 0.818 (RV)
data (12 subjects)

[125] Segmentation Modified U- Sunnybrook DSC: 0.9001,

Net Cardiac Dataset MAE: 0.0094,
(45 cine-MRI MSE: 0.0093
images)

[120] Detection CNN Free-breathing Sensitivity: 90%,
CMR data from 10 Specificity: 99%,
healthy subjects Dice Index: 0.90

[287] Detection and CNNEC MRI images from Accuracy:
quantification MI patients and 95.3%,

healthy controls Sensitivity:
95.33%,
Specificity:
98.70%

[116]  Segmentation FR-Net Sunnybrook DSC: 0.93; APD:
public dataset (45  1.41 mm
cases)

[117] Segmentation FCN ACDC-2017 DSC: 0.96; HD:
and dataset and local 6.31 mm
quantification dataset

[121]  Detection CNN with Multi-resource Accuracy:

YOLOv3 fetal 94.84% and
echocardiogram ADE: ES (1.25
dataset (Shenzhen  frames)
Maternal and
Child Health
Hospital)
[131]  Segmentation CNN and MICCAI 2009 LV DSC: 0.94 and
deformable segmentation APD: 1.81 mm
models challenge (45
datasets)
[171] Segmentation FC- ACDC-2017, LV- DSC: 0.96 (LV),
DenseNets 2011, Kaggle Data 0.90 (RV), 0.91
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(MYO);
Accuracy: 100%

(continued on next page)
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Table 4 (continued)
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Table 4 (continued)

Study  Task DL Model Dataset Model Study  Task DL Model Dataset Model
Performance Performance
on ACDC-2017 Correlation:
test set 0.758 (wall
[48] Image c¢GAN UK Biobank (4848  SSIM: 0.872, thickness), 0.903
imputation subjects), ACDC PSNR: 26.88; (areas)
Correlation: [123] Image PG-GAN and 303 patients for DSC: ~0.98 for
0.991 (LV generation U-Net PG-GAN training; PG-GAN, ~0.99
volume), 0.977 for actual data
(LV mass), 0.961
(RV volume)
[49] Image CNN, U-Net 90 cardiac MR SSIM: 0.91 sequence selection) improved classification and interpretability [103].
reconstruction exan‘{s‘(‘120? Ez"a)te;)’ 0.90 Lightweight models, such as RGB-CNNs trained on 224 SPECT MPI scans
t t); ? e pe .
acquisttions C;relazzr;f);; and CNN classifiers trained on 3,318 polar maps, reduced observer de-
> 0.97 pendency and improved recognition of ischemia, infarction, and normal
[100]  Quantitative CNN 175 subjects (350  DSC: 0.93 cases [43,51].
analysis MRI scans) (bounding box), Hybrid and knowledge-based strategies were applied to small and
?f}?ocar dial imbalanced datasets. DL models incorporating VGG-16, VGG-19, and
segmentation); ResNet-18 with SVM achieved accuracies close to those of expert readers
ICC: 0.89 over 192 patient datasets, while heuristic methods based on color
[50] Segmentation ~ CNN and MICCAI 2012 RV~ DSC: 82.5%, HD: thresholding and segmentation complemented variability reduction
Sta:ked . z‘;g'lTl‘ema“(i‘; 7.85 mm [275]. On large-scale cohorts, CNNs trained on 37,243 stress-only
autoencoder Su;jeige SPECT scans learned directly from circumferential count profiles
[101]  Segmentation 3D U-Net 39 left-sided DSC: 0.88 without reliance on population-specific normal databases [75]. Multi-
whole-breast (chambers), 0.85 center studies such as REFINE-SPECT (1,160 patients) demonstrated
cancer patients (great vessels), higher sensitivity and reproducibility than conventional perfusion
(36 datasets) &ng?;&gzary deficit scoring, while ANN models trained on 1,001 Japanese multi-
“2.0mm center SPECT studies improved ischemia detection by integrating
[270]  Image (2+1)DDL- 2D cardiac cine PSNR: perfusion, motion, and wall-thickening features [75,77].
reconstruction  ESPIRIT MRI: 22 healthy Significantly DL has also been applied to auxiliary nuclear imaging tasks. CNN-
""(li‘f“te_ers’ two g‘g};;rgmi based spatial transformer networks trained on 6,762 datasets auto-
t tient: .01), : . . -
peciatric patients Significantly mated reorientation, reducing operator dependence [276]. U-Net and
higher (P < DuRDN architectures generated attenuation p-maps for dedicated and
0.01) general-purpose cardiac SPECT, improving image reconstruction in
[70]  Detectionand  GoogleNet, 1995 MDEimages Accuracy: 79.5% scanners without CT capability [274]. Virtual attenuation correction
classification 11::};111?152 from 200 patients ;(;oggLeNet)’ models, such as DLAC polar maps trained on 11,532 studies, further
(AlexNet), enhanced diagnostic accuracy by learning spatial relationships between
82.1% (ResNet- NAC and CTAC data [76].
152); AUC: In PET imaging, DL extended diagnostic capabilities. Modified
s ) Mok RONN 16200 NMR OD-SE’SS(;%;)“(iV) ResNet-50 with multi-task learning applied to 944 PET polar maps
egmentation ask R- , : 0. 3 . . . . . . . .
with images from 128 0.89 (RV); HD: 1mprove?d impaired r.nyocarfilal flow res.erve.predlctlon and stratification
ResNet101 patients 4.78 mm (LV), of cardiovascular risk traits [78]. Likewise, an nnU-Net V2 model
+ FPN 7.03 mm (RV) trained on multi-tracer cardiac PET images performed robust heart-
[102]  Diagnosis VST Multi-center CMR  AUC: 0.988 structure segmentation without CT, overcoming PET-CT misalignment
sataS?tI_I(BeU,‘t"f (()S;rgelem"g)’ and motion artifacts by learning directly from PET uptake patterns,
‘uwal Hospital 5 N . . .
and 7 Uthe[r)s in (diagnosis); F1 thereby strengthening functional cardiac assessment [277]. Sequential
China). Total score: 0.977 hybrid imaging strategies combining CTA with selective PET MPI in 864
subjects 9,719 (screening), atients resolved CTA’s limited predictive value by identifying func-
p p y ying
?&?06 9 tionally significant stenoses [72]. Moreover, convolutional models such
1agnosis, . .
[267]  Prediction Multi-View Data Science Bowl  Volume a§ (.JAcla.ssNet trained on [18F]—Flo.rbet.aben PET scans of 47 patlefm.s
Fusion CNN  Cardiac Challenge  prediction distinguished AL and ATTR amyloidosis subtypes from early acquisi-
with VGG20-  Dataset (1140 accuracy with an tions, addressing diagnostic challenges where visual interpretation was
BN subjects) RMSE of 9.6 ml unreliable [79].
architecture andﬁfio,rrelta(tl‘gn ; Table 5 reviews DL Models for diagnosing CVDs in nuclear imaging
coeftfcien O! . . P
0.974 for EDV, techniques, such as Single-Photon Emission Computed Tomography
7.1 ml RMSE (SPECT) and Positron Emission Tomography (PET) modalities.
and R of 0.976
for ESV, and . . . .
4.71% RMSE 4.5. Deep learning for X-ray angiography-based diagnosis
with a
correlation of DL has been widely applied to X-ray coronary angiography for vessel
o ) 0.828 for EF. segmentation, stenosis detection, image enhancement, and motion
[268]  Prediction DCAE and 145 subjects MAE: 1.44 + correction. Vessel segmentation has been addressed with multiple ar-
CNN (2900 images) 0.71 mm (wall

thickness), 204
+ 133 mm?
(areas);
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chitectures. Lightweight networks such as BRU-Net integrated bottle-
neck residual blocks, attention modules, and preprocessing (CLAHE,
top-hat transforms) to handle noise, low contrast, and complex back-
grounds [129]. DenseNetl21-based U-Nets with penalty generalized
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Table 5

Summary of deep learning models for diagnosing cardiovascular diseases in

nuclear imaging.

Study  Task DL Model Dataset Model
Performance
[41] Classification VGG16 216 patient cases Accuracy:
with AC and NAC 74.53%,
polar maps Sensitivity:
75.00%,
Specificity:
73.43%
[126]  Diagnosing VGG-based 1413 SPECT Accuracy:
network images (772 86.14% for slice
CAD, 641 non- images, 82.57%
CAD) for polar map
images
[122] Image DeepAC 4,886 training AUC for CAD:
translation images from Yale  0.79 (DeepAC) vs.
University, 604 0.70 (NC) and
testing images 0.81 (AQC)
from the
University of
Zurich, and the
University of
Calgary
[42] Image CNN 100 SPECT/CT Voxelwise
reconstruction datasets correlations:
97.7%
(SPECTDL),
92.2%
(SPECTNC)
[103] Classification 3D-CNN 979 subjects’ Accuracy:
images (70x70 87.64%,
pixels) from sensitivity:
Kaohsiung Chang  81.58%,
Gung Memorial Specificity:
Hospital, Taiwan 92.16%
[43] Diagnosis CNN 224 patients' Accuracy:
SPECT MPI scans 93.47%, AUC:
(stress and rest 0.936
images)
[51] Classification CNN SPECT Accuracy:
Myocardial 75.62%, AUC:
Perfusion 0.845, sensitivity:
Imaging (MPI): 78.56%,
3318 images specificity:
(67% women, 74.34%
33% men)
[275] Classification Transfer 192 patients' Accuracy 86%,
Learning SPECT MPI sensitivity 100%,
(VGG-16) images specificity: 71%
[72] Prediction CNN 864 patients' data AE rate of normal
from Turku perfusion is 0.5%,
University reduced perfusion
Hospital is 2.5%
[71] Image 3D CAE 930 patients' Improved image
denoising SPECT MPI quality: p-value
images < 0.01)
[52] Image ResNet, 99 patients' MPI- ResNet: ME
reconstruction UNet SPECT images —6.99, SSI 0.99;
UNet: ME —4.41,
SSI 0.98
[73] Diagnosis ANN 1001 training ANN AUC: 0.92
images, 364 (stress defects),
validation images ~ 0.90 (stress-
induced
ischemia)
[74] Image cGAN 65 patients' NMAE: 3.60% +
generation SPECT/CT scans 0.85%, MSE:
1.89e-4 + 0.89%-
4
[75] Diagnosis Deep-CNN 37,243 patients' AUC: 0.872 +

stress-only MPI
scans

0.002, Accuracy:
83.0%,
Specificity:
85.6%,
Sensitivity: 75.0%
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Table 5 (continued)

Study  Task DL Model Dataset Model
Performance
[274] Image U-Net, 270 clinical Dedicated SPECT:
reconstruction DuRDN studies NMSE: 1.20 +
(dedicated), 400 0.72% (full
clinical studies p-maps), 1.69 +
(general) 0.82% (truncated
p-maps); General-
purpose SPECT:
NMSE: 1.37 £
1.16% (indirect),
2.57 + 1.06%
(direct)
[76] Image U-Net- 11,532 patients' DLAC TPD
reconstruction based DLAC  stress SPECT MPI  correlation with
exams CTACTPD: R2 =
0.85, AUC: 0.827
[276]  Image CNN + STN 322 patients R up to 0.994,
transformation (augmented to RD-all = 2.47%
6762 samples), (Center A)
Center A. 52
patients (Center
A), 23 patients
(Center B)
[77] Prediction Deep CNN 1,160 patients' AUC: per-patient
stress MPI scans 0.81 vs. TPD 0.78,
per-vessel 0.77 vs.
TPD 0.73
[78] Multi-task ResNet-50 1,185 patients' AUC for impaired
learning PET MPI scans MEFR: 0.94; AUC
for sex: 0.81; AUC
for smoking: 0.71
[79] Classification CNN, 47 subjects' PET/ Accuracy:
CAclassNet CT scans 95.49%,
Sensitivity: AL-CA
1, ATTR-CA
0.935, CTRL
0.809

dice (pGD) loss further improved segmentation on large-scale datasets
by reducing false positives/negatives, outperforming conventional dice
loss in cases of vessel overlap and catheter interference [81]. Other CNN-
based pipelines, including dual-channel and patch-based designs,
enhanced vessel delineation in noisy images [58,130], while U-Net de-
rivatives enabled specialized applications such as vessel geometry
reconstruction in TAVI [56], 3D artery reconstruction using ResNet
backbones [106], and hybrid frameworks integrating XA with CTA for
multimodal registration and depth recovery [82]. Spatio-temporal
models (ST-FCN, OSVOS) used angiographic sequences to improve
vessel continuity across motion phases, reducing segmentation errors
compared to U-Net or multiscale CNNs [82,278]. Attention-based and
multi-channel frameworks such as ASCARIS, EfficientUNet+-+-based
pipelines, and MSN-A further improved robustness under contrast
variability, = motion artifacts, and overlapping structures
[84,109,111,279]. A double-head ResUNet-18 architecture further
enhanced angiographic interpretation by pairing contrast and non-
contrast frames to improve calcification visibility under low contrast
and in the presence of motion artifacts, enabling more reliable identi-
fication of tiny calcified lesions for CAD assessment [280].

Automated stenosis detection has also progressed considerably. Ar-
chitectures such as Inception-V3 with self-attention improved diagnostic
reproducibility by automating frame selection, grading stenosis > 50%,
and lesion localization with Grad-CAM [80]. Object detectors such as
YOLOVS8 achieved high precision and recall on the Mendeley and AR-
CADE datasets, localizing stenotic regions even in poor-quality images
[54,86], while EfficientDet D3, using BiFPN, reduced false negatives and
enhanced multi-scale feature representation [118]. Lightweight alter-
natives such as LRSE-Net, with depthwise separable convolutions and
squeeze-excitation modules, enabled efficient and explainable stenosis
classification [57]. CNN-RNN frameworks and CNN-transformer
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hybrids improved automation by eliminating manual frame selection
and capturing both temporal and global vessel features, thereby
enhancing stenosis classification and myocardial bridge detection
[85,105]. Complementarily, DenseNet-169-based learning on angiog-
raphy predicted physiologically significant stenosis by capturing subtle
patterns in intermediate lesions, reducing dependency on subjective
visual reading and invasive FFR evaluation [281]. Despite limitations in
projection, traditional computer-aided frameworks that combine Hes-
sian enhancement, skeletonization, and lumen measurement also
contribute to stenosis grading [107].

Supplementary advances targeted motion correction, radiation
reduction, and noise suppression. LSTM-based models predicted cardio-
respiratory motion from simulated and real sequences with sub-
millimeter accuracy, reducing artifacts during interventions [104].
Super-resolution methods such as ASRNet reconstructed intermediate
frames in rotational angiography, reducing radiation exposure while
preserving diagnostic quality [53]. Image denoising models like SAID
applied spatially adaptive optimization and dual-domain filtering to
suppress Gaussian noise while preserving small vessels [119].

Expanding beyond angiography, integrated frameworks have com-
bined segmentation and classification pipelines. ASCARIS, which
coupled preprocessing with nested U-Net segmentation and VGG-16
classification, improved vessel delineation and categorization [279].
DenseNet121-InceptionResNet-v2  backbones achieved accurate
external validation for segmentation and stenosis identification [111]. A
multimodal learning framework combining ResNet-50 features from XA
images with C-arm angulation data enabled robust classification of
coronary anatomy despite motion blur and low-contrast conditions,
supporting automated view selection and safer angiographic workflows
[282]. Cardiovascular border analysis on chest radiographs (CB_auto)
automated measurements linked with valvular disease indices [110],
while multimodal fusion of retinal fundus and DXA data offered com-
plementary vascular and systemic biomarkers for CVDs risk stratifica-
tion [87].

In addition to angiography, CXR imaging has increasingly been used
with DL to detect cardiomegaly, elevated pulmonary artery wedge
pressure (a surrogate of heart-failure burden), and signs of pulmonary
congestion on chest radiographs, which offers a rapid, low-cost
screening tool for early cardiovascular assessment [283-285].

A review of DL Models for diagnosing CVDs in X-ray angiography
modalities is presented in Table 6. Studies with clearly defined, com-
parable performance metrics are presented here, whereas supplemen-
tary models are discussed in the main text to provide a broader context.

4.6. Strengths and limitations of deep learning across cardiovascular
imaging modalities

The following are the strengths and limitations of DL reported in the
reviewed literature across various cardiovascular imaging modalities,
including echocardiography, coronary CCTA, CMRI, nuclear imaging,
and X-ray angiography.

4.6.1. Strengths of deep learning in cardiovascular imaging

DL models have demonstrated considerable strengths in cardiovas-
cular imaging, particularly in automating segmentation, classification,
and disease detection. In echocardiography, CNNs and transfer learning
approaches have achieved excellent accuracy in disease classification,
effectively reducing observer variability and increasing diagnostic con-
sistency [44,229]. Similarly, CCTA analysis has benefitted from U-Net-
based architectures, which have provided robust segmentation of car-
diac chambers and coronary vessels, achieving Dice scores above 0.8
and minimizing manual annotation [45,46,249]. In CMRI, DL models
like fully FCNs have shown impressive performance, achieving Dice
scores exceeding 0.9 for ventricular segmentation, which enables near-
expert agreement and reduces processing times from minutes to sec-
onds [26,116]. Nuclear imaging has also benefited from CNN-based

Table 6
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Summary of deep learning models for diagnosis of cardiovascular diseases: X-ray
angiography images.

Study  Task DL Model Dataset Model
Performance
[80] Detection and GoogleNet 452 right Frame-wise
localization Inception-V3 with  coronary AUC 0.971,
self-attention artery accuracy
mechanism angiography 0.934; clip-
clips, internal wise accuracy
and external 0.965; external
validation validation AUC
datasets 0.925 (single)
and 0.956
(ensemble).
[54] Detection YOLOv8 1934 images Precision:
from 99.4%, Recall:
Mendeley 100%, mAP:
99.5%, F1
Score: 99.7%
[55] Image Multi-view CNN, Synthetic 3D Chamfer
reconstruction TDAEn Dense, En dataset of Distance:
LSTM Dec 10,000 models MvFCNN
from real 0.0099, TDAEn
subjects Dense 0.0328,
En LSTM Dec
1.544. MSE for
radius:
MvFCNN
0.0000058,
TDAEn Dense
0.000146, En
LSTM Dec
0.291
[81] Segmentation DenseNet121 Angiographic DSC: 91.9 £
with pGD images of 8.7%,
major vessels Precision: 91.3
from 1980 + 8.8%, Recall:
patients 92.6 + 9.6%
[130]  Segmentation Multiple CNNs 120 X-ray Precision:
angiographic 83.03%,
images were Sensitivity:
acquired from 77.74%,
a Specificity:
collaborating 99.34%, F1
hospital. Score: 0.8007
[118] Detection EfficientDet-D3, Invasive EfficientDet:
RetinaNet with coronary Precision 0.55,
ResNet-50 + FPN,  angiography Recall 0.79, F1
Faster R-CNN sequences 0.64, mAP
with ResNet-101 were collected 0.67;
from 438 RetinaNet:
patients from Precision 0.58,
a hospital in Recall 0.69, F1
Portugal. 0.63, mAP
0.45; Faster R-
CNN: Precision
0.58, Recall
0.70, F1 0.63,
mAP 0.57
[56] Identification U-Net 2827 frames D1: 0.91 +
from 50 0.86, D2:
angiographic 138.48 +
sequences 75.76,
Accuracy: 0.99,
Precision: 0.73,
Recall: 0.87,
Dice: 0.15,
Jaccard: 0.74,
AUROC: 0.94
[82] Segmentation EfficientNet- 394 XA series Precision:
based U-Net from 68 0.7563, Recall:
patients, CTA 0.6922, F1:
images from 0.7176; ADD:
38 patients 0.8705 mm,
1.06 mm
(markers),

(continued on next page)
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Table 6 (continued)
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Table 6 (continued)

Study  Task DL Model Dataset Model Study  Task DL Model Dataset Model
Performance Performance
1.5706 mm Accuracy:
(bifurcation 92.7%
points) [86] Diagnosis U-Net, YOLOVS ARCADE DSC: 0.75 (U-
[57] Detection LRSE-Net Deep stenosis Accuracy: dataset Net), Precision:
detection 0.9549/ 0.53 (YOLOVS8)
dataset, 0.9543, [111] Segmentation U-Net, 3302 images F1: 0.917,
angiographic Sensitivity: ResNet101, from 2042 Recall: 0.921
dataset 0.6320/ DenseNet121, patients, 181 (DenseNet121)
0.8792, InceptionResNet- external
Precision: v2 images
0.5991/ [87] Diagnosis Hybrid (Multi- 500 best model:
0.8944, F1- modal) Model participants Accuracy
score: 0.6103/ (QBB dataset) 78.3%, F1-
0.8944, score 76.7%,
Specificity: MCC 0.566
0.9620/0.9733 [278] Segmentation 0OSVOS-based 50 training, 10 DSC: 0.88,
[58] Segmentation Deep CNN 44 X-ray Accuracy: CNN testing Accuracy:
angiograms 93.5%, sequences 95.67%
(512x512) Sensitivity:
90%,
Specificity: models for myocardial perfusion analysis, demonstrating diagnostic
z?/;:ypl;\:gv accuracy comparable to that of human experts and improving repro-
90'60/2’ ’ ducibility [41,43]. In X-ray angiography, DL models such as YOLOv8
[106] Image U-Net with 2,342 LAD, Accuracy: LAD have excelled at vessel segmentation and stenosis detection, achieving
reconstruction  ResNet encoder 1,907 LCX, 97.7% start and high precision and recall, thereby enhancing clinical utility for auto-
1,523 RCA 94.9% end, mated CAD diagnosis [54,118]. These models enable faster and more
i v . . . . . I T
1mages 25;(22'583 iﬁt consistent diagnostics by reducing human error and variability. More-
.8% N . . .
RCA 96.4% over, hybrid models that combine CNNs with temporal models such as
start and 94.6% LSTMs and attention mechanisms have achieved strong results in
end capturing dynamic features, including myocardial motion, thereby
[129]  Segmentation  BRU-Net DCAI: 134 SE: 0.8770, SP: enhancing performance in echocardiography and CMRI [113,231].
images, CCA: 0.9789,
150 images Accuracy: L . X . X
0.9729 4.6.2. Limitations of deep learning in cardiovascular imaging
[294]  Segmentation  ST-FCN 186 patients, DSC: 0.90, AC: Despite the remarkable advances, DL in cardiovascular imaging still
267 vessel 0.92, SN: 0.89, faces substantial challenges. Dataset limitations are a key issue, as many
segments (S)Pé;)'gz’ FL: models rely on small, often single-center datasets, limiting generaliz-
[108]  Detection VGG16, Synthetic Inception-v3: ability across diverse patient populations and imaging conditions. In
ResNet50, dataset of Accuracy 0.95, echocardiography, the lack of pediatric and fetal datasets restricts model
Inception-v3 10,000 Precision 0.93, generalization to these groups [241,247,248,286]. Similarly, CCTA
images, real Sensitivity studies often suffer from imbalanced datasets, particularly when
dataset of 250 0.98, . . s .
images Specificity analyzing small coronary branches or rare anatomical conditions, which
0.92, F1-score hampers model performance [45,47]. CMRI is also limited by the scar-
0.95 city of annotated data for rare diseases, affecting model performance in
[109]  Segmentation  Multichannel FCN 148 X-ray Precision: such cases [116,287]. Class imbalance remains a challenge across all
angiographic  0.923, modalities. In nuclear imaging, for instance, underrepresented condi-
image Sensitivity: . h id isch . d . h by d .
sequences 0.921, tions, such as mild ischemia, reduce sensitivity, thereby decreasing
Specificity: model performance in these scenarios [41,103]. This is also evident in
0.981, F1- echocardiography, where overfitting occurs in models trained on small,
score: 0.922 homogeneous datasets, diminishing model accuracy when applied to
[279] Segmentation ASCARIS: 130 X-ray Accuracy: 97%, . es e . . .
. A diverse conditions [231,246]. Overfitting and generalization issues are
Attention-based coronary Sensitivity: X o K ]
Nested U-Net, angiograms 95%, pervasive when training on imbalanced datasets, as seen in CMRI, where
VGG-16 (300x300 Specificity: models trained on homogeneous datasets struggle with generalization
pixels) 93%, DSC: across patient populations [26]. Image quality issues significantly affect
gg?&:}gfmd: DL model performance across all modalities. In CMRI, motion artifacts
2'7.2’ PSNﬁ: and low contrast in small structures such as the right ventricle degrade
35.2 model accuracy [99,116]. In CCTA, motion blur, calcification artifacts,
[110]  Segmentation U-Net, Mask R- 3 hospitals, Accuracy: and partial-volume effects complicate the accurate segmentation of
CNN public dataset;  93.9%, ICC: plaques and vessel morphology [61,92]. X-ray angiography faces similar
1555 CXR >0.98 . . .
images challenges, with overlapping anatomical structures, such as catheters
[84] Segmentation  EfficientUNet+ 123 regions Accuracy: and bones, making accurate vessel segmentation difficult [58,130].
with EfficientNet-  from 117 99.9%, Computational demands of DL models, particularly 3D models and
B5 images Sensitivity: transformer-based architectures, remain a major limitation. These
0 . . . o pe . . . .
gi';;” Dsc: models require significant computational resources, including high-
. 0 . . . .
(85] Detection CNNs, 80 patients, DSC: 0.917, memory GPUs and long training times, making them less feasible for
Transformer 262 stenoses ASD: 1.39, real-time use in clinical settings. Models such as 3D U-Net and
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transformer-based approaches face scalability issues in CCTA and CMRI,
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requiring substantial resources to process volumetric or high-resolution
data [249,262]. The complexity of models also limits their applicability
in echocardiography, where real-time analysis may be constrained by
the computational intensity of models like YOLOv7-U-Net and ensemble
architectures [66,68]. Interpretability remains a critical barrier to the
clinical deployment of DL models. Techniques like Grad-CAM and SHAP
can provide post-hoc explanations, but these methods do not fully
address the need for interpretable models that offer real-time feedback
in clinical settings. In CMRI, for instance, GAN-generated data, while
diverse, may introduce artifacts that are difficult for clinicians to
recognize, undermining the model’s reliability in clinical applications
such as myocardial infarction detection [48,123]. Similarly, X-ray
angiography models, despite their high precision, still struggle to pro-
vide clinically interpretable results for subtle lesions and small vessel
abnormalities, which are crucial for accurate diagnosis [54,86].

4.7. Critical insights from reviewed studies

Recent studies show that greater model complexity does not neces-
sarily yield higher diagnostic accuracy. Performance depends primarily
on data quality, annotation precision, and task design rather than
network depth or parameter count. Foundation and hybrid models
provide benefits mainly through transfer learning, multimodal fusion,
and domain adaptation.

Because the reported metrics originate from heterogeneous datasets
and evaluation protocols, their numerical values should be interpreted
as approximate indicators of progress rather than absolute comparisons
across studies. This approach preserves fairness while highlighting the
collective evolution of DL methods in cardiovascular imaging. Although
comparing different architectures trained on diverse data sources and
dataset sizes is not entirely equitable, such analysis remains valuable for
identifying which models tend to perform better or converge faster
under specific imaging modalities and data conditions. Besides quanti-
tative performance, this review also synthesizes essential aspects of each
study, including dataset characteristics, methodological frameworks,
architectural innovations, identified challenges, and corresponding
solutions.

Many investigations are limited by small, single-center datasets,
where preprocessing quality, standardized labeling, and effective
augmentation often outweigh architectural differences. Simpler CNNs
sometimes outperform deeper or transformer-based networks under
these conditions due to stable training and clean annotations. Limited
external validation further restricts generalizability, emphasizing the
need for multicenter datasets and standardized acquisition protocols.

For classification tasks, accuracy typically plateaus after several
thousand well-labeled samples, whereas segmentation tasks require
fewer but more precise annotations. Transfer learning consistently im-
proves convergence and stability in small or imbalanced datasets, while
scratch training performs best only with large, diverse, and reliable data.
Models trained on balanced, high-quality, and multi-institutional data-
sets demonstrate superior robustness and clinical reliability.

Recent work also indicates that ViTs, especially when pretrained or
combined with convolutional backbones, can match or exceed CNN
performance in CMRI and echocardiography. Their strength lies in
capturing long-range spatial dependencies and integrating multimodal
information. Future cardiovascular Al systems are expected to favor
hybrid CNN-VIiT architectures optimized for data efficiency and
interpretability.

Performance metrics such as Dice, accuracy, and AUC are useful, but
their clinical value depends on how they improve diagnostic decisions,
quantification accuracy, and patient management [65]. Segmentation
accuracy matters only when it enhances estimation of parameters such
as ejection fraction, plaque burden, or perfusion defects, which guide
specific therapeutic actions [65,288]. Screening applications accept
moderate sensitivity if the negative predictive value remains high,
whereas confirmatory diagnostic tasks require near-expert precision to
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influence treatment [102]. Small numerical gains, such as a 2% Dice or
1% AUC improvement, are clinically meaningful only when they reduce
misclassification, improve workflow efficiency, or support more reliable
reporting [288,289].

5. Cross-Modality comparison of cardiovascular imaging and
Deep learning applications

This section compares the major cardiovascular imaging modalities
and reviews the application of DL in each. It first summarizes the clinical
roles and technical characteristics of echocardiography, CCTA, CMRI,
SPECT/PET, and X-ray angiography.

5.1. Clinical and technical comparison of cardiovascular imaging
modalities

Cardiovascular imaging modalities differ in both the type of infor-
mation they provide such as functional, anatomical, tissue, or physio-
logical, and in their technical trade-offs. Transthoracic
echocardiography is widely used as a first-line, noninvasive modality. It
enables real-time assessment of cardiac structure and function. How-
ever, image quality and measurement reproducibility depend strongly
on acquisition conditions and operator expertise [290]. CCTA provides
noninvasive visualization of the coronary arteries. It is primarily used
for the evaluation of coronary artery disease. However, its clinical use
requires exposure to ionizing radiation and typically the administration
of iodinated intravenous contrast [291]. CMRI provides multiparametric
assessment of cardiac structure and function. It also enables detailed
myocardial tissue characterization. It does not involve ionizing radia-
tion. However, examinations are typically longer and technically more
demanding than ultrasound-based assessments [292]. In contrast,
SPECT and PET use radiotracers to assess myocardial perfusion and
related physiological processes, such as metabolism and viability. These
modalities primarily provide functional rather than anatomical infor-
mation. However, they have lower spatial resolution than CT or MR and
rely on radioactive tracers [293]. Invasive X-ray coronary angiography
remains the reference standard for real-time assessment of the coronary
lumen and for interventional guidance. This is due to its high temporal
and spatial resolution. However, the procedure is invasive and involves
exposure to ionizing radiation [278,279]. Table 7 shows the core clinical
roles and technical characteristics of major cardiovascular imaging
modalities.

5.2. Comparison of Deep learning applications across modalities

Based on the detailed modality-specific discussions in Section 4, this
section provides a concise cross-modality synthesis of how DL is applied
across cardiovascular imaging modalities, focusing on representative
tasks, shared strengths, and recurring constraints rather than exhaustive
method-level coverage. In echocardiography, DL supports view classi-
fication, structural assessment, and functional estimation. Models ach-
ieve accurate view recognition across clinical settings and help reduce
operator variability during acquisition [44,230]. DL improves the
identification of prosthetic valves [67] and supports the recognition of
common cardiac abnormalities [231]. Segmentation networks such as
MFP-UNet enhance left-ventricular definition despite acoustic noise and
variable image quality [236]. Large-scale 2D echocardiography datasets
improve generalization, although strong dependence on operator skill
and heterogeneous acquisition protocols remains a limitation [237].
CCTA benefits from DL in vascular segmentation, plaque assessment,
and structural analysis. 3D Inception U-Net architectures provide ac-
curate segmentation of aortic and coronary structures [249]. DL im-
proves the detection of coronary calcium, supporting early risk
assessment [253]. DL techniques also assist in detecting myocardial
fibrosis in contrast-enhanced CT [250] and contribute to myocardial
perfusion analysis [255].
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Table 7

Core clinical roles and technical characteristics of major cardiovascular imaging modalities, as reported in the cited studies.
Modality Primary clinical information Spatial resolution Temporal resolution Invasiveness
Echo Cardiac structure, valve motion, function (real-time) Moderate High Noninvasive
CCTA Coronary anatomy and plaque/stenosis evaluation High Moderate-high Noninvasive
CMRI Function + tissue characterization (multiparametric) High Moderate Noninvasive
SPECT/ PET Perfusion / physiology; metabolism/viability with tracers Low-moderate Low-moderate Noninvasive
X-ray angio Coronary lumen (real-time), interventional guidance High High Invasive

CMRI provides high tissue contrast and detailed structural and
functional information. DL enhances myocardial segmentation, ven-
tricular quantification, and infarction assessment through convolutional
architectures and error-correcting networks [287]. DL models support
the identification and functional mapping of myocardial fibrosis in in-
tegrated CT-MRI workflows [253,258], though long scan times and high
computational demands remain significant challenges. DL-based
reconstruction and segmentation approaches improve efficiency and
enable more practical CMRI analysis for longitudinal studies [258,287].
Nuclear imaging benefits from DL in attenuation correction, low-dose
reconstruction, and perfusion classification. DL-based attenuation
correction improves SPECT image quality using both direct and indirect
strategies [274]. Classification models contribute to the automated
interpretation of perfusion abnormalities [275]. DL-based cardiac image
reorientation increases consistency and reduces manual intervention
[276]. X-ray angiography remains essential for real-time assessment of
coronary anatomy during interventions. DL enables vessel segmenta-
tion, coronary-tree extraction, and stenosis identification in fluoroscopic
sequences [278,279]. Spatio-temporal fully convolutional architectures
improve robustness in dynamic angiographic imaging [294]. Table 8
presents a comparison of DL applications across cardiovascular imaging
modalities: representative tasks, strengths, and constraints.

6. Multimodal Deep learning for cardiovascular imaging

Multimodal DL integrates heterogeneous data sources to improve
predictive performance and is particularly relevant in cardiovascular
medicine, where different imaging modalities capture complementary
pathological information, i.e., anatomy, tissue characterization, and
perfusion [295]. In this review, the scope is restricted to cardiovascular

Table 8

Comparison of deep learning applications across cardiovascular imaging mo-
dalities: representative tasks, strengths, and constraints, as reported in the above
cited studies.

Modality Representative DL tasks ~ Practical strengths Common
constraints
affecting DL
Echo Automated functional Scalable; automates Image quality
assessment; echo routine variability;
interpretation/ quantification acquisition
phenotyping dependence
CCTA Coronary High-detail Motion/artifacts;
segmentation; calcium anatomic modeling annotation burden;
scoring; CT-based and quantification radiation/contrast
fibrosis analysis constraints
CMRI Automated CMR Strong multi- Long/complex
analysis; structure structure workflows;
segmentation and segmentation; compute and
quantification supports large pipeline
cohorts complexity
SPECT / DL-based attenuation Reduces artifacts; Low spatial
PET correction; image improves resolution; tracer
quality/quantification consistency workflows; multi-
improvement center variability
X-ray Coronary segmentation  Potential for real- Domain shift;
angio with temporal info; time procedural invasive data limits

stenosis analysis

support

diversity
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imaging modalities, such as echocardiography, CCTA, CMRI, SPECT/
PET, and X-ray angiography. The following discussion summarizes
representative DL strategies for integrating information across these
imaging sources.

A well-established multimodal setting is hybrid nuclear-CT imaging,
where CT provides anatomical context (and attenuation information)
while PET/SPECT provides physiological/perfusion information. DL has
been applied to hybrid PET/CT myocardial perfusion imaging for
ischemia detection and interpretability, demonstrating the feasibility of
learning clinically meaningful patterns from combined perfusion PET
and CT data [296]. Related work has also shown the utility of DL in
quantitative PET myocardial perfusion analysis for coronary disease
assessment, supporting the broader role of learned models in PET-based
perfusion interpretation [297]. For SPECT workflows, DL has been
applied to attenuation correction and image quality enhancement. This
represents an important enabling step for SPECT/CT-style pipelines. It
supports more consistent perfusion assessment, especially when CT-
based correction is limited or variable [122].

A second major multimodal direction is multi-sequence CMRI fusion,
where multiple MR sequences provide complementary contrasts for
myocardial structure and pathology. The Multi-Sequence Cardiac MR
(MS-CMR) Segmentation challenge and subsequent analyses highlight
that jointly using auxiliary MR sequences alongside LGE can improve
robustness in LGE-related segmentation tasks [298]. More recent multi-
sequence pathology-focused networks explicitly combine multiple CMR
sequences (e.g., bSSFP, LGE, T2-weighted, mapping sequences) within a
unified architecture to segment myocardial pathology, demonstrating
practical DL fusion across CMR sequences [299].

Beyond within-modality fusion, CT and CMR can be complementary
in clinical risk assessment, motivating multimodal predictive modeling.
For example, a Radiology study showed that combining CCTA and stress
CMR using machine learning improved the prediction of major adverse
cardiovascular events compared with traditional risk scores, high-
lighting the value of multimodal integration for patient-level prognosis
[300]. At a broader level, current surveys note that most large-scale
studies still rely on single-modality data, and truly paired multimodal
datasets remain relatively limited [301].

Regarding X-ray angiography and CCTA, DL has achieved moderate-
to-high diagnostic accuracy when these modalities are analyzed sepa-
rately. However, despite the frequent combined use of these modalities
in clinical workflows, end-to-end fusion models that jointly learn from
angiography and CT remain relatively underexplored, as also noted in
recent systematic reviews and meta—analyses [302,303].

Across multimodal settings, the main technical strategies include
early, intermediate, and late fusion. Early fusion combines inputs when
spatial or temporal alignment is reliable, intermediate fusion integrates
modality-specific features through dedicated encoders and attention
mechanisms, and late fusion combines predictions from each modality.
In practice, multimodal cardiovascular imaging remains constrained by
the general challenges of data availability, alignment, and inter-
institutional variability discussed in Section 2. Addressing these issues
through standardized acquisition, harmonized data curation, and
multicenter validation will be essential for the clinical translation of
multimodal DL systems [295].
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7. Emerging trends and future research

The evolution of DL in cardiovascular imaging is moving toward
integrated, context-aware, and patient-centric frameworks. Methodo-
logical innovation is driven by hybrid architectures that combine con-
volutional precision with transformer-based global reasoning and graph-
based relational modeling. Cross-domain integration now links imaging
with clinical, genomic, and physiological data to achieve personalized
diagnosis and prognosis. Advances in real-time computing and FL are
enabling continuous analysis through telemedicine and wearable de-
vices while preserving data privacy. These converging trends emphasize
explainability, interoperability, and clinical translation, positioning DL
as a reliable assistant for cardiovascular decision support and individ-
ualized patient management. Fig. 6 illustrates the focal directions
shaping the future of DL in CVDs diagnosis, as summarized below.

i. Multi-Modal Data Integration: DL is moving apart from single-
modality analysis toward combining information from echocar-
diography, CT, MRI, nuclear imaging, and clinical or genomic
data. Such integration enables a more holistic and personalized
understanding of cardiovascular health.

ii. XAI: Developing transparent and interpretable models remains a
priority to strengthen clinician trust, support regulatory compli-
ance, and promote safe clinical adoption.

iii. Integration with Augmented and Virtual Reality (AR/VR): AR
and VR technologies enhance 3-D visualization of cardiovascular
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structures for improved surgical planning, training, and image-
guided interventions.

. Predictive Risk Modeling and Personalized Stratification: DL

models are increasingly used to integrate imaging with longitu-
dinal and real-time data to identify high-risk patients early, guide
preventive care, and support individualized treatment planning.

. Human-AI Collaboration: Combining human expertise with Al-

driven analytics improves decision-making in complex cases
and enhances workflow efficiency.

Novel and Automated DL Architectures: Next-generation archi-
tectures use GANs for image enhancement, data augmentation,
and synthetic data generation to overcome data scarcity. Hybrid
networks merge CNN precision with transformer attention and
graph-based relational reasoning. End-to-end learning frame-
works can learn directly from raw imaging data, reducing the
need for handcrafted features and revealing novel imaging
biomarkers.

Telemedicine and Wearable Integration: Continuous data streams
from wearable sensors, combined with imaging and clinical in-
formation, enable real-time cardiovascular monitoring and
remote diagnostics through federated and privacy-preserving
learning.

Point-of-Care (POC) Imaging Diagnostics: Portable, Al-driven
imaging devices such as handheld ultrasound and low-dose mo-
bile X-ray systems are advancing bedside diagnostics and
improving accessibility in resource-limited settings.
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Fig. 6. Emerging trends and future research directions in deep learning for diagnosing cardiovascular diseases. Created in BioRender. Huang, B. (2025) https://Bio

Render.com/ktfaubh.
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ix. Clinical and Commercial Integration: Major imaging vendors are
incorporating DL algorithms into scanners and analysis software
to automate acquisition, segmentation, and reporting, acceler-
ating clinical translation and standardization.

x. Functional and Physiological Assessment: Al-based CT-fractional
flow reserve (CT-FFR) and other physics-informed models extend
DL applications apart from static image interpretation to nonin-
vasive hemodynamic analysis and functional prediction. DL is
also being applied to myocardial motion tracking, tissue char-
acterization, and survival forecasting.

Biomedical Signal Processing and Control 119 (2026) 109899
8. List of acronyms and their full forms

Table 9 lists the acronyms and their full forms used in the preceding
sections.

9. Conclusion

This review provides a comprehensive and modality-oriented syn-
thesis of DL applications for CVDs diagnosis across echocardiography,
CCTA, CMRI, nuclear imaging, and X-ray angiography. Across these

xi. 3D Printing: Adv?nces in cardiac 3D prmtmg enable DL models to modalities, DL has demonstrated substantial potential to improve seg-
genera.te anatorr%lcally aclcuraFe.reconStrucu‘.’ns that s.u.ppo.rt pre- mentation, detection, classification, and functional assessment, thereby
qperatlve plan.mng', deylce sizing, and pa.tle.nt-spec'lﬁc sum.lla- enhancing diagnostic accuracy, efficiency, and reproducibility. CNNs
tions. Integrating 1n.1agm.g—d.r1ven DL predlctl(?ns W_lth phys1.cal remain the dominant and most reliable backbone for spatial feature
modells enhanctes visualization and per.sonallzed Intervention extraction in cardiovascular imaging, while transformer-based and
p%annmg, especially for complex congenital or structural heart graph-based architectures offer improved contextual modeling and
disease. structural reasoning, particularly for complex anatomy, multi-view data,

xii. AI Fairness, Safety, and Personalization: Ensuring fairness, and dynamic imaging sequences. However, their performance is
robustness,. a.nd transparency is essential as DL systems move strongly influenced by image quality, motion artifacts, acquisition pro-
closer to .clln'lcal deployn}ent. Futur'e.res'earch must address de- tocols, and dataset diversity, and no single architecture consistently
mograp.hlc blas,. ur}c?rtalnty quantlﬁcatlon, a.nd secure model outperforms others across all modalities and tasks. Hybrid models that
adaptanon to individual pat1e1.1ts. These directions §upport integrate convolutional, attention-based, and graph-based components
egultable care, regl'llatory compliance, and trustworthy integra- currently represent the most promising direction, as they balance local
tion of Al into cardiovascular workflows. precision with global contextual understanding and improved

adaptability.
Despite these methodological advances, several critical barriers
continue to limit clinical translation. These include limited and
Table 9
List of acronyms and their full form.
Acronym Meaning Acronym Meaning
3D-CAE 3D convolutional autoencoder HR Hazard ratio
AB Adaptive Boosting 1IE Interpolation error
ADE Average detection error IWNN Iterative weighted nuclear norm
APD Average perpendicular distance LR Logistic regression
ARVNet Attention-residual V-Net LRSE-Net Low-rank and sparse encoding network
ASRNet Angular super-resolution network LSTM Long Short-Term Memory
BiLSTM Bidirectional Long Short-Term Memory LV Left ventricular
BRU-Net Bottleneck Residual U-Net LVH Left ventricular hypertrophy
CA Classification accuracy MAD Mean absolute distance
CAE Convolutional autoencoder MAE Mean absolute error
CAMUS Cardiac acquisitions for multi-structure ultrasound segmentation MFPN Multiscale feature pyramid network
CBAM Convolutional block attention module MFP-U-Net Multi-feature pyramid U-Net
CCGAN Conditional convolution generative adversarial network MPE Mean prediction error
CCTA Cardiac computed tomography angiography MPI Myocardial perfusion imaging
cGAN Conditional GAN NB Naive bayes
CHD Coronary heart disease NN Neural network
CMRI Cardiac magnetic resonance imaging PCA Principal Component Analysis
CNNEC CNN system with error correction capabilities PET Positron emission tomography
CNNs Convolutional neural networks PG-GAN Progressive generative adversarial networks
COPD Chronic obstructive pulmonary disease PRCNN Pre-trained recurrent convolutional neural networks
CVDs Cardiovascular diseases PWC-Net Pyramid, Warping, and Cost Volume Network
DCAE Deep convolutional autoencoder R(2 + 1)D CNN Residual (2 + 1)D convolutional neural network
DL Deep learning RF Random forest
DLAC Deep learning attenuation correction R-FCN Region-based fully convolutional network
DLIR Deep-learning image reconstruction RNNs Recurrent neural networks
DLN Deep learning network RWMA Regional wall motion abnormality
DNN Deep neural network SAID Spatially adaptive image denoising
DSC Dice similarity coefficient SCGAN Semi-centralized generative adversarial network
DT Decision trees SPECT Single-photon emission computed tomography
DuRDN Dual squeeze-and-excitation residual dense network ST-FCN Spatio-temporal fully convolutional network
EATV Epicardial adipose tissue volume STN Spatial transformer network
ESPIRIT Eigenvector-based self-consistent parallel imaging reconstruction SVM Support vector machine
FC-DenseNets Fully convolutional multi-scale residual DenseNets TDA Topological data analysis
FCN Fully convolutional network TDAEn Topological data analysis encoder
FL Federated learning TL Transfer learning
FR-Net Focal residual neural network VAE Variational autoencoder
GB Gradient boosting VAE-CNN Variational autoencoder with a convolutional neural network
GCNs Graph convolutional networks VDS-U-Net VGG16-based deep supervision U-Net
GNNs Graph neural networks VST Video-based swin transformer
HD Hausdorff distance XAI Explainable AL
HF Heart failure XGB Extreme gradient boosting
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imbalanced annotated datasets, inter-institutional variability, domain
shift, and the persistent lack of interpretability and standardized eval-
uation protocols. Moreover, the integration of multimodal imaging with
clinical data remains underdeveloped, despite its clear potential to
support more comprehensive and personalized diagnosis.

The major future research directions and translational priorities for
cardiovascular Al are summarized in Section 7.
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