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Abstract: Epicardial adipose tissue (EAT) is a potential imaging biomarker of cardio-
vascular risk. Manual EAT quantification is time-consuming and subject to observer
variability. Deep learning (DL) offers tools for faster and more consistent measurements.
This narrative review examines DL approaches to EAT quantification, their anatomical
foundations, imaging applications, and clinical validation. We start with the definition
of EAT to establish the clear anatomical and embryological differences between EAT and
other fat depots (paracardial fat) to ensure accurate AI model construction. We then
outline the advancements made in DL architecture development, from traditional U-Net
models to advanced ones combining CNN and Transformers with regard to global
features acquisition, including new models such as Mamba, which enables higher com-
putation efficiency. Finally, we analyze how these models perform in different imaging
techniques, focusing specifically on CT and MRI imaging. Reported segmentation
performance varies with the imaging modality, anatomical target, dataset, and evaluation
protocol. Although several models show good agreement with expert annotations,
external validation and integration across hospital systems remain important challenges.
Beyond volume, EAT attenuation and tissue characteristics may provide complementary
information for cardiovascular risk assessment. Their clinical use requires reproducible
measurements and validation in the intended patient population.

Keywords: epicardial adipose tissue (EAT); deep learning; cardiovascular risk; image
segmentation; artificial intelligence; clinical workflow

1. Introduction

Cardiovascular diseases (CVDs) are the top cause of death internationally [1]. Recent research demonstrates
that the risk of CVD is linked not only to total body fat, but also to the site and physiological functions of fat [2].
One of the tissues depositing fat in the heart is EAT, which has become the object of research due to its specific
location. EAT is situated between the heart muscle and the visceral pericardium, directly contacting both myocardium
and coronary arteries. In the absence of a separating fascia [3], EAT directly modulates cardiac function through
paracrine and vasocrine pathways, thereby playing a critical role in both physiological and pathological processes [4].

EAT has metabolic, mechanical, and thermogenic functions [5]. Human EAT expresses uncoupling protein 1
(UCP1) and exhibits beige adipose tissue features, suggesting a potential role in local thermogenesis [6,7]. These
properties should be distinguished from its roles in lipid handling and mechanical cushioning.

Metabolic disorders can alter the phenotype and secretory profile of EAT [8]. In obesity and related conditions,
pro-inflammatory signaling and adipose tissue remodeling may impair its physiological functions [9,10]. EAT
abnormalities have been associated with coronary atherosclerosis, atrial fibrillation, and heart failure [11–13].

Because of its important role in health problems, the precise measurement of EAT volume and density has
emerged as an essential tool for estimating cardiovascular risk. Knowing the EAT amount helps to identify the
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pathogenetic mechanisms involved and provides reliable biomarkers for risk classification in clinical practice [14].
Even though CT and MRI are among the most widely used imaging methods, EAT quantification has relied on
manual segmentation as a method that is time-consuming and subject to intra- and interobserver variability [15]. Deep
learning-based automated analysis can provide precise and accurate EAT quantification techniques. Compared with
manual analysis, deep learning-based methods can improve consistency and reduce variability among analysts [16]. For
example, the work by Commandeur et al. shows that the fully automated framework gives high agreement with
experts’ quantifications (median Dice score of 0.823), thus demonstrating its accuracy [17].

Automated EAT measurements may support research on cardiovascular and metabolic risk, although clinical
decision-making requires validation beyond segmentation performance [18,19]. Studies suggest the possibility
of using EAT amount and density for improving the accuracy of coronary artery calcium scores and determining
cardiovascular risk [20]. Findings gathered during the COVID-19 pandemic suggest that EAT might play an
important role in damage to the heart caused by the virus [21]. This shows that EAT is an important target for both
cardiovascular and metabolic diseases.

Recent studies have reported promising performance for automated EAT segmentation, including deep attention
networks for CCTA and dedicated methods for non-contrast CT [22, 23]. Their accuracy and computational
requirements should be assessed separately for each dataset and deployment setting; results from a single study do
not establish a universal performance threshold.

The scope and organization of this review are summarized in Figure 1.

Figure 1. Overview of the research framework for deep learning-based EAT quantification. Abbreviations:
BMT-UNet, boundary-enhanced multi-scale U-Net with a convolutional Transformer; ConvLSTM, convolutional
long short-term memory; DAU-Net, 3D deep attention U-Net; EAT, epicardial adipose tissue; EAT-Seg, epicardial
adipose tissue segmentation network; MRA-UNet, multiscale residual channel attention U-Net; MultiResUNet,
multi-residual U-Net; nnU-Net, no-new-U-Net; PoinUNet, Poincaré-guided geometric U-Net; RNN, recurrent neural
network; UNet++, nested U-Net architecture; U-Net, U-shaped convolutional network; ViT, vision Transformer.

2. Cardiac Adipose Tissue: Anatomical Definitions and Distinctions
2.1. Anatomical Definitions of Cardiac Fat Depots

Terminology for adipose tissue surrounding the heart has varied across anatomical and imaging studies [24,25]. In
particular, pericardial fat has been used for different combinations of epicardial and extra-pericardial depots [26,27].
A study’s anatomical definition and segmentation boundary should therefore be stated explicitly.

Imaging also contributes to this ambiguity because the thin pericardium can be difficult to delineate, particularly
when little surrounding fat is present [28,29]. Carr and Ding discussed the use of pericardial fat for a combined
depot and reported a strong correlation with EAT volume [24]. Correlation between these measures does not make
their anatomical definitions interchangeable.

In this review, EAT denotes adipose tissue between the myocardium and the visceral pericardium; paracardial
fat denotes extra-pericardial adipose tissue outside the parietal pericardium [30,31]. To avoid ambiguity, PAT is
used for pericardial adipose tissue only when reporting studies that explicitly use this term, and the measurement is
specified. EAT and paracardial fat differ in anatomical relationships and biological characteristics [31]. Figure 2
illustrates these compartments.

https://doi.org/10.53941/aim.2026.100008 2 of 15

https://doi.org/10.53941/aim.2026.100008


Teng et al. AI Med. 2026, 3(2), 8

Figure 2. Manual segmentation protocol and 3D anatomical distribution of cardiac adipose depots. (A) Representative
2D axial non-contrast CT slice. (B) Enhanced visualization of the pericardium using a Hounsfield Unit (HU)-attention
window (window width/level: 350/40 HU); arrows indicate the pericardium in the inferior region. (C) Magnified
view of the red ROI in panel (B). (D) Expert manual tracing of the pericardium boundary (green contour). (E)
Final segmentation of epicardial adipose tissue (EAT, blue mask) derived by thresholding interior voxels within the
standard fat attenuation range ([−190, −30] HU). (F) Supplementary sagittal view for disambiguating pericardial
borders in challenging regions. (G) 3D spatial rendering illustrating morphological distinctions among cardiac fat
depots: EAT (cyan) strictly bounded by the pericardial sac (transparent white), paracardial fat (yellow) located
extra-pericardially, and periaortic fat (light brown) surrounding the thoracic aorta (red) [23].

2.2. Embryological Origins and Structural Differences

EAT and extrapericardial fat have entirely different embryonic origins. EAT develops from the splanchnopleuric
mesoderm making it an extension of visceral fat since both tissues originate from the same embryonic origin.
This is the reason for the ability of EAT to have brown/beige adipose tissue-like qualities giving it high metabolic
activity and thermogenic ability [32]. On the other hand, the extra-pericardial fat arises from the primitive thoracic
mesenchyme and falls under the category of white adipose tissue making it more similar to subcutaneous fat
regarding its metabolic characteristics [33].

EAT directly contacts the myocardium and epicardial coronary arteries without an intervening fascial barrier,
enabling local biochemical signaling [34]. Pericoronary adipose tissue (PCAT) is the regional portion of EAT
immediately surrounding the coronary arteries, rather than a separate outer layer. More generally, perivascular
adipose tissue refers to fat adjacent to blood vessels and is not restricted to the heart. Outside the parietal pericardium
lies paracardial fat. These spatial relationships should guide imaging labels and quantitative measurements [30].

The differences in blood supply further strengthen the functional distinction between epicardial adipose tissue
(EAT) and extra-pericardial fat. The blood supply of EAT is directly provided by the branches of the coronary
arteries, and it shares the same microcirculatory network as the myocardium [5]. This structural feature establishes
the foundation for EAT to directly influence the myocardium and coronary arteries through paracrine and vasocrine
mechanisms. Extra-pericardial fat gets its blood supply from non-coronary sources, mainly the pericardiophrenic
artery, a branch of the internal mammary artery. This means that the impact of extra-pericardial fat on the heart is
expected to occur through the general mechanisms rather than by means of direct local actions [32,35].

2.3. Imaging Differentiation and Functional Pathophysiology

Imaging differentiation of these depots depends on identifying the pericardium. Echocardiography measures
EAT thickness over the right ventricular free wall, but limited visualization of the pericardial boundary may lead
to confusion with paracardial fat [24,29]. CT provides high spatial resolution, while CMR offers complementary
soft-tissue contrast. Both can quantify EAT when the relevant boundaries are delineated; the preferred method
depends on the acquisition protocol and clinical objective.

EAT provides mechanical cushioning around the coronary arteries [36]. It also participates in local lipid
metabolism: hydrolysis of stored triglycerides releases free fatty acids that can be used by the myocardium. EAT
secretes adipokines, including adiponectin, whose effects depend on the tissue’s metabolic and inflammatory state [37].
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These physiological functions should be distinguished from altered signaling in cardiometabolic disease.
In metabolic disorders like diabetes and obesity, EAT’s role as a protector turns into a pathological one. EAT

starts secreting high amounts of pro-inflammatory cytokines and adipokines that invade the walls of coronary blood
vessels, causing atherosclerosis, fibrosis, and arrhythmias development [38]. Numerous studies have indicated
that EAT’s thickness or volume has an independent correlation with coronary artery calcification, serious adverse
cardiovascular incidents, and heart failure [39].

The interpretation of extra-pericardial fat should account for its relationship to overall adiposity and the
covariates included in a study’s analysis [40,41]. Its clinical associations should not be assumed to be identical to
those of EAT.

These distinctions matter for biomarker development: EAT has a local anatomical relationship with the
myocardium and coronary vessels, whereas extra-pericardial fat represents a different depot. The incremental value
of either measurement must be evaluated for the specific population and clinical outcome.

In imaging quantification, it is critical that annotations and model results take into account anatomical boundaries.
Combining intra- and extra-pericardial fat into a generic “pericardial fat” class runs the risk of reducing crucial
pathophysiological information from epicardial fat and resulting in algorithms focusing on general obesity instead
of specific cardiac risk. Through the use of accurate pericardial outlines in annotation and limiting AI models to
epicardial depots, automatic EAT measurement keeps a clear biological significance that improves the understanding
of AI-derived metrics as well as their applicability in cardiovascular risk assessment and prediction of outcomes.

3. Imaging Techniques and Clinical Applications
3.1. Imaging Modalities and Quantitative Metrics

Epicardial adipose tissue (EAT) has gained significance as a useful imaging biomarker in heart diseases, as
accurate quantification is useful in risk stratification, diagnosis and prognosis. Various imaging methods can be used
to measure EAT, but computed tomography (CT) is the most dominant due to its excellent spatial resolution and
reliable anatomical outline.

CT can quantify three-dimensional EAT volume and attenuation using protocol-specific segmentation
boundaries and fat thresholds, commonly −190 to −30 HU. EAT attenuation is influenced by tissue properties and
image acquisition, and should not be treated as a direct measurement of inflammation. In patients with COVID-19,
higher attenuation was associated with adverse outcomes [42]. Volume and attenuation should be interpreted
together with the imaging protocol and clinical context.

Multidetector CT supports EAT assessment with both non-contrast and contrast-enhanced protocols [43,44].
ECG gating can reduce motion, but neither gating nor contrast administration is required for every validated EAT
analysis workflow. Ionizing radiation remains a consideration when acquiring CT specifically for this purpose;
opportunistic analysis of existing scans does not require an additional acquisition.

Deep learning developments are now expanding the range of CT datasets suitable for EAT quantification. In
an AI-based assessment using data from the SCOT-HEART trial, EAT volume derived from coronary computed
tomography angiography (CCTA) was positively associated with future myocardial infarction in cardiometabolic
patients [45]. Moreover, deep learning approaches have proven feasible for extracting EAT metrics from low-dose
computed tomography (LDCT). In heavy smokers undergoing lung cancer screening, AI-derived EAT parameters
linked directly to cardiovascular risk, suggesting that LDCT could also be useful for opportunistic cardiovascular
risk evaluation [46]. Figure 3 shows a brief summary of a fully automated deep learning framework that applies
predefined attenuation thresholds (−190 to −30 HU) to non-contrast LDCT. Developments like these enable EAT
evaluation across large clinical CT datasets without additional image acquisition or radiation exposure.

CMR can quantify EAT without ionizing radiation, and dedicated non-contrast sequences support repeated
assessment [47]. Dixon water-fat separation provides complementary image contrasts for EAT segmentation and
reconstruction [48]. More specialized acquisition and signal-modeling methods can estimate fatty acid composition [49];
these measurements should not be equated with routine Dixon imaging or direct inflammatory biomarker assays.

Traditionally, studies of epicardial adipose tissue (EAT) have concentrated on its volume and composition;
however, recent work has begun to examine its intrinsic tissue characteristics using quantitative techniques originally
developed for the myocardium. For instance, T1 mapping is a standard method for quantifying diffuse myocardial
fibrosis and inflammation. Applying this parameter to cardiac fat, researchers have shown in a prospective
observational CMR registry that EAT T1 relaxation time is independently associated with a composite endpoint of
nonfatal myocardial infarction, heart failure hospitalization, and all-cause mortality [50]. These findings indicate that
characterization of EAT tissue properties provides valuable prognostic information beyond conventional volumetric
assessments [50].
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Figure 3. The fully automated deep learning framework for EAT quantification on non-contrast, low-dose lung
cancer screening CT scans. The process involves heart localization, pericardial sac segmentation (indicated by the
red line), and the extraction of epicardial fat based on predefined attenuation thresholds (−190 to −30 HU) [46].

Multiparametric CMR can evaluate different cardiac structures in the same examination. Skoda et al. used
a 3D late gadolinium-enhanced Dixon approach to assess left atrial fibrosis and EAT volume [51]. Zamani et al.
reported a correlation between fat area measured on a single horizontal long-axis cine image and three-dimensional
CT fat volume [52]. This association does not establish that a single-slice area measurement can replace volumetry
without error.

Transthoracic echocardiography (TTE) is an effective and affordable method of medical imaging that is often
employed to evaluate epicardial adipose tissue (EAT). As shown in Figure 4, EAT is visualized as an echo-free
region that can be found between the outer myocardium and the visceral side of the pericardium. Parasternally
measured end-systolic EAT thickness, perpendicular to the right ventricle’s free wall, is taken by averaging the
values of three cardiac cycles [53]. This technique can be performed easily without the need for radiation.

Echocardiographic measurements do have some limitations based on the dimensional aspect of echocar-
diography. Measurement of fat thickness alone does not give the complete measurements of body fat mass.
Moreover, operator’s skills, quality of the acoustic environment and the health condition of the patient affect
the use of echocardiography [54]. According to a study done by van Woerden et al. among patients with heart
failure, echocardiographic EAT thickness was poorly associated with EAT mass as determined by CMR (𝑅2 = 0.38,
𝑃 < 0.001) [55] indicating that measurement of thickness in a 2D plane is not enough for determining the amount of
tissue present. However, TTE can be very beneficial in on-site diagnostic and large-scale epidemiological survey.

The equivalence of EAT metrics in imaging methods is a matter of concern in the clinical and research
settings. Although CT and CMR provide comparably good estimates of volumetric EAT, the absolute results may
vary due to differences in the imaging techniques and tissue contrast [47]. Meanwhile, echocardiographic wall
thickness provides a weak correlation with EAT volumes obtained via CT and CMR due to different measurements
and limitations of sonography [54]. Therefore, consistency in the method of imaging should be maintained for
longitudinal assessments to limit any systematic error.

Modality selection should be guided by clinical objectives, patient characteristics, and resource availability.
CT and CMR are preferred when precise volumetric quantification or tissue characterization is required. Conversely,
TTE is appropriate for initial screening, bedside assessment, or population-based studies where accessibility and
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feasibility are priorities [56]. As multi-modality imaging continues to advance, complementary strengths across
techniques may further enhance the clinical utility of EAT quantification.

Figure 4. CMR and echocardiographic assessment of EAT. (A, B) CMR examples in four-chamber and short-axis
views. (C, D) Echocardiographic thickness measurements in parasternal long-axis and short-axis views. (E)
Relationship between CMR-derived EAT mass (g, as labeled on the ordinate) and echocardiographic thickness (mm),
with a fitted regression line and prediction intervals. Adapted from van Woerden et al. [55]. Abbreviations: LA, left
atrium; LV, left ventricle; RA, right atrium; RV, right ventricle.

Manual annotation remains an important reference for evaluating automated EAT measurements, but requires
time and is subject to observer variability. Dedicated CT and CMR segmentation methods can reduce analysis
time [17,57]. Their performance must be evaluated for each modality and anatomical target rather than assumed to
generalize across all cardiac images.

The principal outputs, strengths, and limitations of CT, CMR, and TTE are compared in Table 1.

Table 1. Comparison of imaging modalities for epicardial adipose tissue quantification.

Modality Primary Output Strengths Limitations Citations

CT
EAT volume;
attenuation

High spatial resolution;
reliable pericardial delineation;
density-based characterization;
scalable automated analysis

Ionizing radiation;
protocol-dependent variation;
boundary ambiguity in
low-contrast or non-gated scans

[27,43]

CMR
EAT volume;
tissue composition

Radiation-free;
superior soft-tissue contrast;
longitudinal follow-up;
multiparametric
characterization

Longer acquisition time;
higher cost;
lower availability;
limited annotated datasets

[47]

TTE Linear EAT thickness

Widely available;
inexpensive;
bedside applicable;
suitable for screening and
epidemiological studies

Operator-dependent;
two-dimensional measurement;
limited agreement with true
volumetric EAT burden

[53,56]

3.2. Clinical Validation and Prognostic Efficacy

Aside from refining segmentation accuracy through engineering metrics, proper application of deep learning
techniques for EAT recognition depends on trials in multiple centers to assess the method’s prognostic significance,
which is needed for related cardiovascular risk assessment.

Automated EAT measurements have been evaluated in several clinical settings, including lung cancer screening
and the SCOT-HEART trial [45,58]. In a multicenter myocardial perfusion imaging cohort, Miller et al. found that
higher EAT volume and higher attenuation from low-dose CT were independently associated with the composite
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outcome of death or myocardial infarction [59]. This result should be interpreted within the population and
acquisition protocol studied.

In CMR, Guglielmo et al. evaluated an EAT volume index normalized to height in patients undergoing stress
CMR and reported an association with adverse cardiovascular outcomes [60]. The definition of the index and the
clinical endpoint should be retained when comparing prognostic findings across studies.

In addition, the clinical concept of opportunistic automated EAT assessment is now being applied in acute
systemic inflammatory processes. Automated low-dose chest CT protocols have successfully linked EAT attributes
to the severity pattern of pulmonary involvement and later clinical worsening while treating hospitalized cohorts with
acute pneumonia or COVID-19 [61]. These findings support further evaluation of automated EAT measurements as
imaging biomarkers; they do not establish autonomous clinical risk assessment.

4. Deep Learning Approaches for EAT Quantification
4.1. U-Net and Its Variants

Before deep learning was introduced, epicardial adipose tissue was mainly quantified through rule-based image
processing and classical machine learning (ML) techniques. Various studies using early CT scans implemented
fixed Hounsfield unit thresholds for identifying adipose tissues inside pericardial contours that were drawn either
manually or semi-automatically. Sometimes, simple region growing and morphological techniques were combined
with the procedure. Some researchers relied on supervised ML techniques like random forests and regression models
to predict volumes of fat in the pericardial and mediastinal regions. These methods were among the first to carry
out systematic measurements of epicardial and pericardial fat in a variety of patient populations; however, these
methods depend a lot on manual rules and the expertise of the operator for successful completion. In addition, the
methods can fail to offer reliable measurements for different scans based on the protocol or equipment used. The
modern deep learning methods, described in the next section, offer a solution to this problem since they focus on
training models that are able to outpace both heuristic pipelines and be more reliable, replicable, and scalable.

Early approaches to cardiac fat quantification included conventional machine learning and threshold-based
processing [62,63]. CNN-based methods subsequently enabled automated segmentation in CT and CMR, although
performance varies with the acquisition and target. Tang et al. reported median DSCs of 0.916 for 2D evaluation
and 0.896 for 3D evaluation in CCTA [64]; Feng et al. reported a DSC of 0.881 using Dixon MRI [48]. These
study-specific values do not imply that all methods exceed a common accuracy threshold.

The encoder-decoder model and skip connections of U-Net made the base for the further EAT segmentation
algorithms development. Geers et al. presented a fully automated 3D U-Net model based on the nnU-Net architecture
which was applied to the coronary CT angiography (CCTA) data of 1770 patients involved in the SCOT-HEART
experiment [45]. The study proved that deep learning approaches can extract EAT volume and attenuation data from
heterogeneous data sources effectively and reliably without needing manual intervention to solve the problem of
time-consuming and inconsistent manual delineation. Their findings attest to the reliability of the U-Net architecture
in clinical research of a larger scale. Although 3D volumetry characterizes the full depot, 2D measurements may
offer practical advantages for selected applications. According to Theis et al. [65], 3D segmentation is challenged by
high inter-observer variability because the pericardial boundary does not always have a consistent visibility across
full-heart scans. Therefore, they created an end-to-end 2D pipeline that applies reinforcement learning to determine
the aortic valve (AV) position. Anatomical markers at this position were shown to be unique, with measurements of
the area of EAT done through AI-based techniques having a high reliability with manual gold standards (r = 0.96) as
well as a better ability to segment (Dice 0.913) than some known 3D techniques like the open-source body and
organ analysis (BOA). This implies that 2D measurements can be useful substitutes for costly and strenuous 3D total
segmentation in large volume screening processes.

Standard algorithms have limited efficacy in delineating the pericardial layer in the lower and top parts of
non-contrast CT due to low contrast and ambiguous anatomical borders. Zhou et al. (2018) introduced the UNet++
architecture [66] to address the semantic gap from the extended skip connections of the traditional U-Net model.
UNet++ uses nested structure and dense pathways to better extract and utilize features at different scales. Following
that, Leng et al. (2025) advanced a better version of 3D UNet++ [67]. Different from the current slice-wise
2D segmentation, this model utilizes the three-dimensional context of the data. To solve the mentioned issue of
blurred boundaries, the study proposed a “redundant class strategy,” using additional classes to enhance the model’s
differentiation concerning blurry boundaries of lower slices. The model was successfully validated during the
APOLLO trial which used multi-center and multi-ethnic data with a mean DSC of 0.922 and a mean relative volume
error of 4.84% in the internal validation cohort.
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4.2. Integration of Attention Mechanisms and Residual Learning

Although the U-Net model shows great results in medical image segmentation, it suffers from low performance
when segmenting small structures with complex shapes such as epicardial adipose tissue (EAT). The solution to this
problem is the use of attention and multi-scale feature fusion techniques. In their research paper, He et al. [22]
proposed the use of the 3D Deep Attention U-Net model (DAU-Net) that utilizes Attention Gates (AGs) in order to
segment the complicated anatomy of EAT in coronary CT angiography (CCTA) scans. This model integrates AG
modules in skip connections and uses semantic information provided by deep features as gating signals to suppress
irrelevant noises and enhance the features of irregular edges of EAT at the same time, improving the accuracy of
segmentation of fine structures dramatically.

To bridge the "semantic gaps" due to the simple joining of low-level and high-level features in a conventional
U-Net, the modified MRA-UNet was created [68]. The system uses a Multiscale Concatenate Module (MSC) that
employs Atrous Spatial Pyramid Pooling (ASPP) for gathering multi-scale contextual information, thus compensating
for the loss of spatial information through pooling and connecting features of varying semantic levels. Importantly,
the architecture uses a Residual Channel Attention (RCA) approach to modify channel weights (channel re-weighting)
to emphasize the most important features and remove those that do not contribute significant information. Bard et al.
(2021) applied MultiResUNet to single-slice pericardial adipose tissue area on four-chamber CMR images [69].
This model uses MultiRes Block instead of regular convolutions which manages to increase model performance in
terms of multi-scale feature extraction. Importantly, the work proposed using permanently active dropout layers
(rate = 0.3) in the encoder and decoder paths, hence making it possible for the network to perform Monte Carlo
Sampling during inference. This innovation allows the generation of several predictive samples from a single input
signal, so it can be used for estimating epistemic uncertainty of segmentation, leading to an ex ante internal quality
assessment of results and helping to identify segmentation outputs with low quality.

4.3. CNN-Transformer Hybrid Architectures

Hybrid CNN–Transformer architectures combine local feature extraction with modeling of longer-range spatial
relationships. In order to overcome the issues concerning complexities brought about by EAT distribution in cardiac
MRI, Ye et al. (2024) have developed a hybrid architecture based on the Vision Transformer (ViT) [70]. While
the base of this model is a ViT for dealing with 2D images using attention blocks, a 2D-pretrained ViT requires
adaptation to exploit volumetric context. In order to solve this problem, the research developed an innovative solution
called the 3D Adapter modules, creating a 2D and 3D pre-training model. The use of 3D convolutional layers in
adapters for the extraction of inter-slice features helps combine local 3D spatial awareness of CNNs with global
attention of Transformers. This made it possible to achieve 0.767 DSC. In the arena of coronary CT angiography
(CCTA), where efficiency is crucial, Boundary-Enhanced Multi-scale U-Net with a Convolutional Transformer
(BMT-UNet) was developed by Wang et al. (2025) using Convolutional Transformer (ConvT) modules in order to
eliminate "internal holes" in segmentation masks caused by limited receptive fields of standard CNN architectures [71].
The key advancement of this research is the use of convolutional layers in place of traditional linear projections for
the extraction of queries (q), keys (k) and values (v). The proposed idea captures long-range spatial dependencies
as well as preserves important local spatial features efficiently. The utilization of a weighted multi-slice method
contributes into achieving a favorable capability of the suggested framework to use continuity across slices. Thus, it
was revealed that the suggested method achieves a DSC of 0.939 as well as a volume correlation coefficient of 0.99
on CCTA data, which enhances the reliability of large clinical studies results.

Recent research is increasingly utilizing modern mathematical theories in addition to the traditional CNN and
Transformer framework to deal with the geometric characteristics of complex anatomy and improve the computational
processing of high dimensional data. According to Firouznia et al. (2025), existing methods based on Euclidean
space convolutions will not bring satisfactory results due to the complexity of the hierarchical structure of the EAT
surrounding the left atrium. Hence, the authors introduced PoinUNet which is a variation of 3D U-Net with Poincaré
embeddings layer [72]. The model utilizes the hyperbolic space’s negative curvature to transform features through
Möbius operations into the Poincaré ball. This non-Euclidean embedding technique greatly enhances the model’s
ability to process complex spatial structures and anatomical hierarchies and results in significantly higher segmentation
effectiveness on Dixon MRI (DSC 0.87) than the Transformer-based approach of SwinUNETR. Optimizing geometric
representation does not eliminate the problems of multi-modal data processing. Feng et al. developed EAT-Seg, using
Mamba architecture to avoid high computational costs of Transformers [48]. This technology is based on Res-Mamba
module and Selective State space models, allowing modeling of long-range spatial dependencies with low complexity.
In this research, an input-level fusion method was introduced in multi-phase Dixon imaging that used signed distance
maps for shape-based segmentation. The effectiveness of State Space Models in medical image segmentation is
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confirmed by the high accuracy of the current work (DSC 0.881). The datasets, imaging modes, sample sizes, and
reported Dice scores of the reviewed architectures are summarized in Table 2.

Table 2. Study-specific cohorts and reported measurements for automated cardiac fat analysis.

Method Imaging Reported cohort Target and reported result Ref.

ConvLSTM + thresholding NCCT 8781 total;
500 development

EAT volume/attenuation;
prognostic cohort (DSC not summarized) [59]

RL-Medical + 2D U-Net CECT 1552 EAT quantification (DSC not summarized) [65]

3D U-Net CCTA 1770 EAT volume; prognostic cohort (DSC not summarized) [45]

3D U-Net CECT 157 Total EAT: 0.870 ± 0.027; LA-EAT: 0.846 ± 0.057;
RA-EAT: 0.841 ± 0.071 [73]

3D U-Net LDCT 24,008 EAT measures; mortality cohort (DSC not summarized) [74]

DeepHeartSeg LDCT 20,661 Serial EAT measures; mortality cohort
(DSC not summarized) [58]

DeepHeartSeg LDCT 24,090 Heart mask median DSC: 0.95; this is not an EAT DSC [46]

3D UNet++ NCCT 1403 total;
250 internal validation Internal EAT mean DSC: 0.922 [67]

Improved U-Net CMR 150 EAT DSC: 0.7772 ± 0.0253;
paracardial fat: 0.7718 ± 0.0354 [75]

MIDL CCTA 108 total; 60 training,
8 validation, 40 test

EAT median DSC: 3D 0.896 (IQR 0.874–0.908);
2D 0.916 (IQR 0.846–0.948) [64]

DeepFat + Fat-omics NCCT 40,851 Segmentation DSC: 0.8852 ± 0.033 [76]

DL volumetry CMR 730 EAT index; prognostic cohort (DSC not summarized) [60]

U-Net / FCNB CMR 100 EAT DSC: U-Net 0.77 ± 0.07; FCNB 0.76 ± 0.07 [57]

3D U-Net (AG + DSV) NCCT/CECT 260 (220 NCCT;
40 CECT) Best mean EAT DSC: 0.8902 [77]

DAU-Net CCTA 200 Median EAT DSC: 0.927 [22]

MultiResUNet CMR
345 training; 87 test;
45,519 application;
103 external

Single-slice PAT area: test mean DSC 0.80; external
mean predicted DSC 0.78 (quality-control estimate) [69]

MRA-UNet + T-CNN NCCT 103 Mean EAT DSC: 0.883 [68]

BMT-UNet CCTA 50 Pericardium DSC: 0.983; EAT DSC: 0.939 [71]

Text-prompted ViT CMR 79 EAT DSC: 3D 0.767 ± 0.094; 2D 0.762 ± 0.101 [70]

PoinUNet Dixon MRI 66 Left atrial EAT: multi-label DSC 0.87 [72]

EAT-Seg Dixon MRI 90 EAT DSC: 0.881; HD95: 3.213 mm [48]

Dual U-Nets NCCT 20 EAT DSC: 0.9119 [78]

FM-Net CMR 90 Mean EAT DSC: 0.863 [79]

Multi-task U-Net +
xHRNet LDCT 353 EAT mean DSC: 0.85 ± 0.05; median: 0.87 [61]

Multi-task CNN +
statistical shape model NCCT 250 EAT median DSC: 0.823 (IQR 0.779–0.860) [17]

Cohort sizes refer to the populations reported in the studies and do not necessarily represent annotated training sets; known subdivisions
are specified. DSC values are on a 0–1 scale. Mean, median, IQR, and predicted quality-control estimates are distinguished
where reported. Heart-mask DSC, PAT-area DSC, left atrial EAT DSC, and whole-EAT DSC describe different targets and are
not interchangeable. These heterogeneous studies do not provide a direct ranking of architectures. AG, attention gates; CECT,
contrast-enhanced CT; CCTA, coronary CT angiography; DSV, deep supervision; HD95, 95th-percentile Hausdorff distance; IQR,
interquartile range; LA/RA, left/right atrium; LDCT, low-dose CT; NCCT, non-contrast CT; PAT, pericardial adipose tissue.
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Table 2 reports study-specific results. Differences in imaging protocols, target definitions, cohorts, and
evaluation procedures preclude a direct ranking of architectures from these values.

4.4. Multi-Stage and Multi-Task

Due to the significant similarity in the CT attenuation of epicardial adipose tissue (EAT) and paracardial adipose
tissue, whole-image segmentation techniques tend to misidentify them. To reduce errors caused by extrapericardial
tissues and keep segmentation restricted to the cardiac region, many researchers have begun to use cascading
methodologies—this is also known as the coarse-fine method. Cascaded networks have also been studied in pancreas
segmentation [80]. For EAT quantification, Zhang et al. (2020) proposed a Dual U-Nets framework [78]. This
model uses a two-stage cascading system. The first subnetwork extracts the area around the heart (ROI) using
morphological processing. Next, the second subnetwork segments the area into smaller and more defined parts.
This enables reducing noise and achieving a Dice similarity coefficient (DSC) of 0.9119. To better align accuracy in
segmentation with the ability of the method to be deployed in real-life clinical practice, Qu et al. (2022) developed a
more lightweight cascading framework using a combination of slice filtering and attention methods. Unlike the
in-plane anatomical restrictions noted by Zhang et al., the strategy proposed by Qu et al. uses slice selection on the
Z-axis. The work relies on a lightweight standard convolutional neural network (T-CNN) acting as a classifier that
can quickly detect the slices containing EAT and consequently reject many background slices at the input. In the
next fine-segmentation stage, Qu et al. used RCA and ASPP in the U-Net framework, allowing the network to focus
on fat tissue key features without the need for extra morphological post-processing. Qu et al. reported a DSC of
0.883 and an inference time of 2.65 seconds per case on their dataset. These results should not be interpreted as a
head-to-head comparison with Zhang et al. All studies discussed underline that coarse-to-fine methodology, no
matter whether by means of conventional anatomical ROI extractions or through implicit slice filtering, can support
automated EAT estimation.

CMR fat segmentation can be challenging because of small targets, ambiguous local boundaries, and limited
annotations. To tackle the problems of unclear borders and small datasets, Chen et al. (2023) [81] suggested a
better version of the Triple-Stage Network (3SUnet). In contrast to Zhang et al., who extracted ROIs based only
on the image features, Chen et al. implemented a multi-task continual learning strategy in the initial phase by
employing segmentation and localization of the ventricles as auxiliary tasks. In particular, the model supports the
identification of the ROI center using the prediction of the ventricle centroid and implements continual learning to
apply anatomical prior knowledge from the external datasets (e.g., ACDC). In later stages, 3SU-net integrates ROI
cropping and the Probability Map Generation Module to create a complete pipeline with multi-task localization,
fine segmentation, and probabilistic refinement. Even in the challenging field of MRI, 3SUnet showed its best
performance at 0.778 in DSC (F1 Score) and 3.476 in Hausdorff Distance and outperformed other techniques
like U-Net with an F1 score of 0.732 and V-Net with an F1 score of 0.741. These results suggest that multi-task
cascading architectures have distinct advantages in extracting very small and separate cardiac adipose depots.

4.5. Recurrent Neural Networks

Miller et al. used a ConvLSTM-based model to identify the cardiac silhouette on low-dose CT acquired with
myocardial perfusion imaging; attenuation thresholds then defined EAT [59]. Model development used 500 patients,
with 3511 patients held out for internal testing and 4770 for external testing. Against manual measurements, internal
Spearman correlations were 0.90 for both EAT volume and attenuation; external correlations were 0.91 for volume
and 0.82 for attenuation. Automated analysis took less than two seconds per scan, compared with approximately
15 min for manual annotation.

These approaches address different modeling requirements. U-Net variants provide segmentation backbones;
attention and multi-scale modules refine feature extraction; CNN–Transformer and geometric methods explore
broader spatial context; and state-space models offer another approach to long-range dependency modeling.
Cascaded Dual U-Nets restrict segmentation to an anatomical region of interest, whereas ConvLSTM models
encode relationships across adjacent slices. These categories should be distinguished, and their clinical suitability
established through task-specific validation.

5. Discussion and Conclusions

As epicardial adipose tissue (EAT) has been recognized as a significant cardiovascular risk factor, automated
quantification of this tissue has shifted from traditional segmented imaging techniques to using deep representation
algorithms that include anatomical mechanisms as well as complex computational concepts to get high quality
images. Convolutional neural networks, specifically U-Net and its three-dimensional iterations serve as the main
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standard because they allow for effective volume measurements through CT and MRI methods. Using residual
learning along with attention components helps these convolution models achieve better anatomical contours and fix
the gap between low-level textures and high-level semantics. Moreover, to overcome segmentation perturbations
such as the overlapping attenuation of EAT and paracardial fat, the employed multi-stage cascading methods and
multi-task learning deliver crucial anatomical constraints. Coarse-to-fine cascading frameworks and collaborative
learning networks which apply ventricle localization as an auxiliary goal reveal that the use of anatomical context
for restricting the area of interest reduces chances of false positives and enhances robustness of the model across
modalities even if there are no clear boundaries between tissues.

Hybrid CNN–Transformer models, Poincaré embeddings, and state-space architectures provide different ways
to represent spatial context in cardiac images. Their reported applications remain tied to specific imaging protocols
and anatomical targets. Further comparative evaluation is needed to determine whether these designs improve
robustness or efficiency under the same training and testing conditions.

Generalization remains a central challenge for clinical deployment. Differences in scanner hardware, acquisition
protocols, reconstruction, and patient populations can change the input distribution. External testing, transparent
annotation definitions, and evaluation across institutions are therefore important. Domain adaptation and transfer
learning are possible research directions, but should not be assumed to remove domain shift without validation in
the intended setting.

Clinical integration also requires attention to memory use, inference time, and compatibility with existing
workflows. Efficient model designs, pruning, quantization, and knowledge distillation are candidate engineering
strategies; any reduction in computation should be evaluated alongside segmentation and measurement accuracy.
MobileNet and EfficientNet provide general examples of efficient network design [82,83], but their use does not by
itself establish clinical performance for EAT. Similarly, methods developed for other organs or classification tasks
require EAT-specific validation before their benefits can be assumed. Progress toward routine EAT phenotyping
depends on reproducible measurements, external validation, and evidence of incremental clinical value.

Despite various applicability limitations, several factors require consideration. One of the main limitations
consists in the absence of standardized cross-modality annotations, since the boundary marking between epicardial
adipose tissue and neighboring paracardial fat often depends on the operator’s choice. In addition, deep learning
algorithms tend to depend on some implicit presuppositions about the demographics and technologies used in the
scanners being similar. Thus, the functioning of the algorithms may deteriorate in reference centers with different
types of scanners, or in cases of studying a significant variety of adipose tissue population phenotypes. Identifying
the nature of data and phenotypical factors is essential for the definition of practical limitations of automated systems
used for quantification.
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