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Abstract: Myocardial infarction (MI) arises when blood circulation to a segment of cardiac muscle is suddenly obstructed, resulting in
tissue ischemia and irreversible myocardial damage. Imaging techniques, including Electrocardiography (ECG), Echocardiography,
Coronary Angiography, and Computed Tomography (CT) play a vital role in assessing cardiac structure and function for MI diagn osis.
Among these, echocardiography is widely used due to its non-invasive nature and ability to evaluate Regional Wall Motion Abnormalities
(RWMA) and ventricular performance. However, manual evaluation of these images is labor-intensive and susceptible to inter-observer
fluctuation, especially in detecting subtle wall motion changes. To overcome these challenges, Machine Learning (ML) techniques were
initially introduced to support MI detection through automated segmentation and classification. But ML approaches relied heavily on
manual feature engineering and often struggled with high-dimensional and complex patterns in echocardiographic sequences. In the last
few years, Deep Learning (DL) techniques have surfaced as a formidable alternative which can autonomously learning classification
characteristics using raw data. This survey reviews existing DL-based approaches for MI detection using echocardiography, thereby
analyzing their methodologies, datasets, and performance metrics, and provides a comparative evaluation to identify the most reliable and
clinically applicable frameworks.
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1. Introduction Common symptoms of MI include persistent chest discomfort

or pressure, pain extending to the left arm, neck, or jaw,
MI, generally known as a heart attack, is a severe dyspnea of breath, nausea, dizziness and excessive sweating.
cardiovascular disorder resulting from the abrupt blockage of =~ However, atypical or “silent” MIs are also observed,
blood supply to a segment of the cardiac muscles, causing ~ particularly in elderly individuals, women, and diabetic
tissue ischemia and eventual apoptosis. It occurs primarily ~ patients, making early diagnosis challenging [2,3]. Clinically,
due to Coronary Artery Disease (CAD), where lipomas lipids, M1 is classified as ST-elevation MI (STEMI) as well as Non-
and immune cells accumulate along the arterial walls, ST-elevation MI (NSTEMI), determined by the degree of

forming atherosclerotic plaques. When these plaques rupture, coronary obstruction and ECG findings [4]. Despite advances
blood clots form and block the coronary artery, depriving the in healthcare, MI remains to be a primary factor of global
myocardium of oxygen and nutrients. If not treated promptly, ~ death, particularly in populations with sedentary lifestyles,
this results in irreversible myocardial damage and life-  unhealthy diets, smoking habits, and limited access to

threatening complications [1]. Fig. 1 shows the preventive healthcare [5].

pathophysiological mechanism of myocardial infarction
caused by coronary artery blockage. Early predictions and timely diagnosis of MI are critical to

reducing mortality, minimizing cardiac damage, and
improving long-term patient survival. Rapid intervention can
restore blood flow and preserve heart function, thereby
reducing the burden of cardiovascular disease. Several
clinical tests are routinely used for MI diagnosis:

y ’ e  Electrocardiogram (ECG) — Monitors cardiac electrical
N activity and identifies irregularities such as ST-segment

Plaque rupture/erosion with elevation, T-wave inversion, or arrhythmias. It is the
occlusive thrombus primary and fastest diagnostic tool [4]. Fig. 2 illustrates
the sample image of electrocardiography.
= - o Echocardiography — Uses ultrasound waves to visualize
fg Q heart structure and function, helping to detect wall
motion abnormalities and reduced pumping capacity [6].
Plaque rupture/erosion with Fig. 3 displays the sample image of echocardiography.

non-occlusive thrombus

o Coronary Angiography — Imaging technique that
visualizes coronary arteries to identify blockages and
guide interventional procedures [7]. Fig. 4 displays the
sample image of coronary angiography.

Figure 1: Visual representation of myocardial infarction [1]
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e CT Scans — Provide detailed structural and functional
imaging of the heart, assessing infarct size, tissue
viability, and complications [8]. Fig. 5 shows a
representative image of CT scans.

RARARARAARRARARARARAA

Figure 2: Sample image of electrocardiography [4]

Figure 4: Sample image of coronary angiography [7]

Figure 5: Sample image of CT scans [8]

Among these modalities, echocardiography is considered one
of the most valuable tools for detecting acute MI. It enables
rapid assessment, visualization of cardiac structure and
function, identification of RWMA, evaluation of ventricular
performance including left ventricular ejection fraction

(LVEF), risk stratification, and early detection of life-
threatening complications such as ventricular rupture,
thrombus formation, or cardiogenic shock [6, 9]. Because it is
non-invasive, radiation-free, and widely available,
echocardiography plays a central role in managing critically
ill cardiac patients.

However, despite its clinical importance, echocardiographic
assessment has several inherent limitations. Image quality is
highly dependent on operator expertise and patient-specific
factors such as acoustic window availability [9]. Manual
analysis of echocardiographic images is labor- intensive
along with subject to inter-observer variation and diagnostic
bias. Subtle wall motion abnormalities may be missed,
particularly in early-stage MI or in cases with complex
cardiac motion patterns. Furthermore, accurate segmentation
of cardiac chambers and quantification of ejection fraction
require skilled cardiologists and advanced equipment, which
may not always be available in resource-limited settings.

To overcome these limitations, Artificial Intelligence (Al) has
grown up as an effective tool to augment precision,
consistency, and efficiency of echocardiographic analysis
[10]. AI encompasses computational techniques designed to
mimic human cognitive abilities, including pattern
recognition and decision-making from complex medical data.
In cardiac imaging, Al systems assist clinicians in automating
image interpretation, detecting abnormalities, and supporting
clinical decisions. Within AI, Machine Learning (ML) and
Deep Learning (DL) are the two primary subfields applied to
echocardiographic MI detection.

ML methods operate by training algorithms to recognize
patterns in structured features extracted from images. In
echocardiography, ML models analyze parameters such as
ventricular dimensions, motion vectors, texture descriptors,
and Doppler measurements to classify cardiac function or
detect MI-related abnormalities. Common ML methodologies
include Support Vector Machines (SVM), Random Forests
(RF), and k-Nearest Neighbors (KNN). Although ML
approaches have demonstrated effectiveness, they rely
heavily on manual feature engineering and expert-defined
parameters [11]. Feature selection bias and poor
generalization across different imaging devices and clinical
settings further limit traditional ML models. This dependence
limits scalability and may lead to performance degradation
when handling high-dimensional imaging data or subtle
pathological changes.

To address these drawbacks, researchers increasingly employ
DL, a subset of ML that automatically learns hierarchical
feature representations directly from raw imaging data. DL
architectures such as Convolutional Neural Networks (CNNs)
and Recurrent Neural Networks (RNNs) models can record
spatial and temporal cardiac motion patterns without explicit
feature design [12, 13]. These models can directly learn
myocardial motion patterns and spatiotemporal dynamics
from echo sequences. Their ability to process large-scale
imaging datasets improves diagnostic accuracy, robustness,
and reproducibility compared to conventional methods.

This survey therefore focuses on systematically reviewing
and critically analysing existing DL-based approaches for MI
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detection using echocardiographic imaging. The objective is
to examine the architecture, datasets, evaluation metrics, and
clinical applicability. A comparative analysis is presented to
highlight strengths and limitations. The subsequent sections
of this work are structured as follows: Section 2 provides a
comprehensive analysis Al-based models for MI detection
using echocardiography. Section 3 presents an in-depth
examination of methodologies, datasets, and performance
measures. Section 4 evaluates those models in terms of
accuracy on benchmark datasets. Ultimately, Section 5
summarizes the survey findings and discusses future study
potential opportunities in intelligent cardiac diagnosis.

2. Review of DI Models for Acute Myocardial
Infarction Detection

Degerli et al. [14] presented a three-stage pipeline to prompt
MI diagnosis from inadequate echocardiography by
combining segmentation with motion-driven feature
engineering and classification. First, the complete LV wall
was delineated in all frames using an encoder—decoder CNN.
Secondly, attribute engineering was conducted on the
segmented LV wall. For each segment, three motion-related
descriptors were computed over one cardiac cycle: (1)
endocardial border displacement, (2) segment center-of-mass
displacement, and (3) segment region change. Finally, in the
MI detection stage, these engineered features were input into
classifiers like Decision Tree (DT), Linear Discriminant
Analysis (LDA), SVM as well as RF.

Li et al. [15] devised a myocardial segmentation framework
for MCE sequences. An encoder—decoder architecture was
employed, where a U-Net-based encoder extracted multi-
resolution spatial features from MCE frames, and a
hierarchical ConvLSTM decoder integrated temporal
information across consecutive frames. The encoder
generated feature maps at multiple scales to capture both
global and fine myocardial details, which were then passed to
the ConvLSTM layers that incorporated current frame
features, previous layer outputs, and hidden states from prior
frames. To further reduce error propagation caused by poor-
quality frames, a bi-directional training strategy was
introduced, in which the network was trained sequentially in
both upward and downward downward orientations to
enforce temporal robustness. The segmented myocardium
was subsequently used for perfusion quantification by
generating time—intensity replenishment curves and fitting
them to an exponential model to estimate parameters such as
plateau intensity, microbubble velocity, and myocardial
blood flow.

Deng et al. [16] developed a DL based 3D-CSN model for
automated myocardial segmentation from echocardiographic
videos. The model provided frame-level cardiac
segmentation, where consecutive frames were processed to
gather both spatial and temporal information. This network
generated segmentation masks to describe the Region of
Interest (ROI) and extract the LV myocardium (LVM) to
establish a reference coordinate system. Next, an optical
flow—based motion estimation network was employed to
estimate pixel-wise myocardial motion between consecutive
frames. Finally, the updated centreline positions were used to
calculate arc length changes throughout the cardiac cycle,

from which Global Longitudinal Strain (GLS) and Regional
Longitudinal Strain (RLS) were derived.

Hamila et al. [17] devised a two-stage DL framework for
early MI detection from echocardiography videos. First, a 2D
CNN segmentation network with an encoder—decoder
structure was trained using manually created masks that
delineated the left ventricle (LV) from the apical four-
chamber (A4C) perspective. As video frames varied in size, a
spatial sliding window approach was applied to standardize
inputs and increase the number of training samples. The
network predicted pixel-wise probability masks, which were
reconstructed into full-frame masks using an inverse sliding-
window process and then refined using a minimum bounding
box to isolate the LV region. Each original frame was
multiplied by this bounding box to generate segmented
frames, and these frames were reassembled into LV-focused
videos. In the second stage, the segmented videos were
resized to a uniform resolution and divided into temporal
windows of 5, 7, or 9 frames using a sliding-window
technique with a one-frame stride, creating spatiotemporal
clips. These clips were fed into a 3D CNN, which learned
motion dynamics and structural variations of the LV across
cardiac cycles. The final sigmoid output neuron performed
binary MI classification, where the 3D convolutions captured
wall-motion abnormalities and temporal cardiac patterns
associated with MI.

Laumer et al. [18] developed a comprehensive computer
vision process to differentiate takotsubo syndrome (TTS)
with AMI alongside unprocessed echocardiographic videos.
First, each video frame was semantically segmented using a
CNN to label cardiac structures such as LV myocardium and
chambers. Second, view-specific convolutional autoencoders
were trained to reconstruct these segmentation masks. The
encoder parts of these autoencoders generated low-
dimensional latent features for each frame, producing
multivariate temporal sequences that captured myocardial
motion dynamics. Third, the latent feature sequences were
processed using a temporal CNN. Multiple sub sequences
were sampled and resampled to a fixed length, passed through
temporal encoders for each view, concatenated, and fed to
dense layers to output probabilities for TTS vs AMI.

Lin et al. [19 introduced a comprehensive, end-to-end DL
system for automatic detection of RWMAs and identification
heart rhythm assessment from echocardiography. First, a
view classification model (XceptionNet) automatically
identified the three apical views (A4C, A2C, ALX) from
DICOM videos, followed by an image quality assessment
model that excluded frames where ventricular borders were
not clearly visible. Next, a segmentation stage used separate
LSTM-U-Net models for each view to delineate endocardial
and epicardial edges of the LV and segment the myocardium
into three anatomical regions (A, F, L) according to ASE
guidelines. The segmented masks were concatenated with
original video frames to guide downstream analysis. For
RWMA detection, the combined video—mask inputs were
processed using a 3D CNN based on the R(2+1)D
architecture, which factorizes spatiotemporal convolutions to
efficiently learn motion features.
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Muraki et al. [20] developed an automated method to detect
acute MI from echocardiography employing a CNN— Long
Short-Term Memory (LSTM) architecture.
Echocardiographic cine loops were collected in two views:
the left ventricular long-axis and the short-axis papillary
muscle level. During preprocessing, the ECG trace embedded
in the images was removed, frames were cropped, and one
complete cardiac cycle per patient was extracted using R—R
interval timing. Each cycle was interpolated to 30 frames
using linear interpolation to standardize temporal length. For
feature extraction, each of the 30 frames was passed through
a pre-trained VGG16 model. To capture temporal dynamics,
the feature sequences were fed into a LSTM network, which
then analysed sequential variations in ventricular wall motion
and output a probability of AMI vs. normal myocardium
through a sigmoid classifier.

Adalioglu et al. [21] presented a multi-view MI detection
framework called Self-Attention Fusion Network (SAF-Net)
that fused information from A2C and A4C echocardiography.
For each recording, three reference frames (first, middle, last)
from one cardiac cycle were extracted per view. These frames
were fed into three pretrained CNN backbones such as,
Inception-v3, ResNet-50 and DenseNet-121 to obtain
complementary high-level spatial features. The resulting
feature vectors from the three networks were concatenated
into a 5120-dimensional representation per view, and features
from both views formed a 5120%2 feature matrix. SAF-Net
then performed feature embedding using a fully connected
layer to reduce dimensionality and project features into a
latent space (64%2). A self-attention mechanism was applied
to this latent representation to model interdependencies
between the two views. Finally, the fused feature vector
passed through dense layers with sigmoid activation for
binary MI classification.

Liu et al. [22] developed a DL-based AIlEchoDx for
automated classification of echocardiographic videos into
four cardiovascular conditions like atrial septal problem,
dilation of the heart, cardiac hypertrophy, and previous MI
along with typical cases. Initially, meticulously documented
echo videos and associated clinical files were collected. A
pretrained Inception-V3 system was retrained to obtain
spatial characteristic vectors across individual echo frames,
whose features were combined to form temporal feature
matrices. These matrices were then processed using a multi-
layer 1DCNN thereby learning dynamic cardiac motion
patterns and perform disease classification. In addition,
echocardiographic features were integrated with electronic
medical record data to further stratify dilated cardiomyopathy
patients into clinically distinct phenogroups.

Nguyen et al. [23] introduced an ensemble learning
framework for MI detection that integrates motion features
derived from multiple LV segmentation models to improve
robustness and diagnostic accuracy. The pipeline had trio
phases: LV wall segmentation, motion-based feature
engineering, and MI classification. In the first stage, several
U-Net—style CNNs were employed to segment the LV wall
from A4C echocardiography. In the second stage, the
endocardial boundary was divided into six functional
segments, and segment-wise myocardial displacement was
computed using L1 distances between sampled boundary

points in reference and subsequent frames. To combine
complementary strengths of different segmentation models
without increasing feature dimensionality, a performance-
based weighting scheme was applied, where feature vectors
from each model were weighted and summed into a single
compact representation. In the final stage, classifiers such as
Logistic Regression (LR), SVM, DT, and KNN were trained
for detection.

Deepika and Jaisankar [24] devised a multi-modal DL
framework for MI detection using enhanced CNN algorithm
and an ECV-3D network. It integrated echocardiogram
images, ECG signals, and clinical patient data into a unified
diagnostic system. Initially, echocardiographic frames
underwent image pre-processing and augmentation to
enhance structural and textural cardiac features, while ECG
signals were processed to extract meaningful electrical
activity patterns and clinical data were normalized and
encoded into structured vectors. An enhanced CNN,
incorporating transfer learning and attention mechanisms,
was used to extract high-level spatial features from the echo
images. These image features were then fused with ECG and
clinical features and fed into the ECV-3D network to learn
complex spatiotemporal and cross-modal relationships.

Degerli et al. [25] suggested a multi-view MI detection
framework that fused A4C and A2C echocardiography to
capture RWMA across 12 myocardial segments. Initially, the
endocardial boundary of the LV was separated using Active
Polynomials (APs) to achieve smooth and noise-resistant
boundary tracking. The extracted boundary was then divided
into standardized myocardial segments, and segment-wise
displacement curves were computed over one cardiac cycle
by tracking multiple boundary points. From these curves,
maximum normalized displacement features were derived for
each segment to quantitatively represent wall motion. Feature
vectors from A4C and A2C views were then concatenated to
form a unified multi-view representation. Finally, these
motion features were fed into classifiers including SVM,
KNN, DT, RF, and a compact IDCNN to perform binary MI
detection.

Kasim et al. [26] suggested a multi-view, motion-driven
framework for detecting RWMA from echocardiography by
combining segmentation, motion estimation, deep temporal
modeling, and classical classifiers. First, A2C and A4C echo
loops were processed using a pre-trained U-Net to segment
cardiac structures and isolate the LV myocardium. The LV
boundary was tracked across frames to preserve myocardial
structure. Next, dense optical flow was applied to consecutive
segmented frames to compute pixel-wise motion fields,
yielding horizontal (u) and vertical (v) displacement
components that quantified myocardial wall motion. These
optical flow stacks were then fed into a Temporal
Convolutional Network (Temporal ConvNet) based on a
ResNet-101 backbone and influenced by the Temporal
Segment Network (TSN) framework. Features from A2C and
A4C views were concatenated into a 2048-dimensional
representation capturing complementary motion information.
Finally, this feature vector was classified using several
classifiers like SVM, RF, DT, KNN, and MLP).
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Soe and Iwata [27] developed an MI detection system that
primarily leveraged LV wall motion dynamics as the core
diagnostic feature within an LSTM-based DL framework.
Expert-annotated LV wall motion served as ground truth, and
three complementary feature groups including image pixel
data, LV dimensional changes, and wall motion displacement
were extracted through preprocessing and segmentation of
echocardiographic images. These temporal features were fed
into an LSTM network, which modeled sequential
myocardial motion patterns across the cardiac cycle to capture
abnormalities associated with MI. The LSTM output was
subsequently passed to a SVM classifier for final binary
decision-making (MI vs non-MI).

Tabuco & Naval [28] devised an MI detection framework
designed for low-quality 2D echocardiograms. Initially,
echocardiographic frames underwent image enhancement
using Gaussian blurring, gray-level slicing, and Otsu
thresholding to suppress noise and standardize intensity
variations. The enhanced frames were then fed into a U-
Net++ segmentation network, which utilized dense skip
connections to accurately delineate the LV wall. The
predicted L'V masks have been used to the actual photographs
to obtain separated myocardial regions. From these regions,
motion-based handcrafted features were extracted using
Harris corner detection with homography matching to track
key points across frames and compute maximum segment
displacement. In addition, Histogram of Oriented Gradients
(HOG) descriptors were derived from uniformly sampled
segmented frames to capture structural and motion
information. Meanwhile, a pretrained ResNeSt50 model with
extensive data augmentation was employed to learn robust
deep spatial features despite limited and noisy data. Finally,
the handcrafted motion descriptors and CNN-learned
representations were used for segment-level classification to
identify infarcted and normal LV segments, enabling
automated MI detection.

Valanrani and Suganya [29] introduced a DL-based
framework to improve MI detection from echocardiography.
It employed a hybrid generative approach combining a
diffusion probabilistic model with a generative adversarial
network (GAN) to synthesize diverse and realistic
echocardiographic images, thereby enlarging the training

dataset. The generated and original images were then
processed using an encoder—decoder CNN to automatically
segment the LV wall in every frames. From the segmented
masks, endocardial boundary was extracted and divided into
six anatomical segments, and motion-related features such as
segment displacement, segment area variation, and maximum
boundary movement over the cardiac cycle were calculated to
capture RWMA. These clinically relevant motion features
were subsequently used as inputs to a CNN classifier, which
learned to distinguish among MI and non-MI cases.

Gomez et al. [30] introduced a cascade framework for
automated MI  diagnosing and localizing from
echocardiography by combining DL segmentation with ML
classification. The pipeline consisted of three stages. First,
LV wall segmentation was performed utilizing U-Net with an
EfficientNet-B4 backbone, trained from scratch on
preprocessed frames. The segmented LV wall was then
divided into anatomical segments to isolate the six motion-
relevant regions. Second, feature extraction translated
segmentation outputs into clinically interpretable motion
descriptors. Global features included estimated LVEF
(derived from area changes using an area—volume
approximation) and global longitudinal strain (GLS).
Segment-level features included regional longitudinal strain
and normalized maximum segment displacement between
end-diastole and end-systole. In total, 14 features (2 global +
2 per segment X 6 segments) were computed per patient.
Third, MI recognition and customization were performed
applying a dual-phase RF cascade. The first RF classifier
conducted patient-specific MI detection using all features. If
positive, six segment-specific RF classifiers were applied,
each using the dual worldwide characteristics plus duo
attributes from the segment that are relevant to localize
infarcted regions.

3. Comparative Analysis

This section compares the previously reviewed models,
highlighting their efficiency by providing its merits, demerits
and the Evaluation metrics of respective approaches, as in
Table 1.

Table I. Summary of recent deep learning models thyroid nodule detection

Ezf Tec{l}lsaégues Merits Demerits Dataset Performance Metrics
The number of features is For SVIg/Lr(ll;ietsiil)i:t&ieggSm 96;10t/features:
efficiently minimized . . o Oy U o
CNN, LDA, DT,| .- . . This model is HMC-QU Specificity = 74.03% Precision = 86.85%.
[14] which makes it valuable in . . . ! ce N
RF, SVM both eneineering and computationally intensive dataset S-segment features: Sensitivity = 83.09%,
o dicj - efﬁve Specificity = 74.03% Precision = 86.85%,
persp F1-score = 84.83%, Accuracy = 80.24%
U-Net-based . This investigation Dice coefficients = 0.81 £ 0.07, IoU = 0.68
The model is less complex . .

[15] encoder, due to its simple conducted cross-verification| MCE dataset + 0.09, Hausdorff
Hierarchical architec tur(f using a restricted cohort of distance (HD)=27.59 + 12.82, Mean +
ConvLSTM, individuals at a single site. Standard Deviation = 54.63 = 4.72

The computational timing Publicly
[16] 3D-CSN of the method was less for| The model results heavily |available dataset| A2C Dice = 0.826, A3C Dice = 0.808,
both segmentation and | relied on synthetic samples | with simulated A4C Dice =0.833
motion estimation echo images
The model is less complex . . 2D CNN: Accuracy = 97.18%,
[17] 2b %NNII\I\I’ 3D due to its lightweight Itrequires IE?IZZ processing Hggtca-ng 3D CNN: Accuracy = 90.9%, Precision =
architecture 100%, Recall = 97.2%, F1-score = 97.2%
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This model utilized real-

[18] CNN, time data making the The study population is Cohort stud Sensitivity = 75.5%, Specificity = 74.1%,
Autoencoder results trustable and small ohort study Accuracy = 74.8%, AUC =0.79
reliable.
XceptionNet, |This model can efficiently T.h 18 mocllel faced bl'ack box Internal test and In't.erpaliest datasct: A.UC.= (1913’
. issue with the ambiguous . . Sensitivity = 85.4%, Specificity = 83.2%;
[19] | LSTM-U-Net, | recognize even when the . exterior testing . T o
3D CNN image quality is low .elen'lents and their datasets External. tes.t dataset: Sensitivity = 81.6%,
i " |contributions to the outcome Specificity = 83.7%, AUC = 0.897,
CNN-LSTM The model significantly This method is only Fujita health Long-axis view images: Accuracy =
[20] > | avoided the problem of | performed offline, thereby university 85.1%. Short-axis papillary muscle level
VGG16
’ overfitting lacking real-time processing| hospital dataset images: Accuracy = 83.2%
SAF-Net, The architecture was The fiat.aset employed was Accuracy = 78%, Precision = 88.26%,
DenseNet-121, limited which may HMC-QU-TAU e . =
[21] . compact and . . Specificity = 79%, Geometric mean =
[Inception-v3, and computationally efficient introduce overfitting when dataset 77.19%
ResNet-50 p Y unseen dataset is applied e
There were 1,807
echo movies
from 1276
AlEchoDx, The model performed The model was evaluated atients with
p p
[22] Inception-V3, | efficiently on multi-class | with only a small subset of various AUC = 099
multi-layer  |diseases which are usually| data which may limit its pathologies, ’
IDCNN difficult in this application generalizability including usual,
ASD, HCM,
DCM, and
previous ML
- i P o —
The model could capture The r_esults yielded I;IMC (()QU. Pre.c1s1_on_ 85.204, Spemﬁmtzl
U-Net—style multiple features at once comparatively lower values HMC-QU and E{ 70.1%, Sensitivity = 85.9%, Accuracy =
[23]| CNNs, SVM, wi thI:)u t increasing the when tested externally on Hospital datasets 85.5%, F1-score = 80.2%. E-Hospital:
DT, LR, KNN complexi & local datasets than public P F1 score = 0.8, Accuracy = 76.7%,
plexity datasets. Sensitivity = 77.8%, Specificity = 75.0%.
Physikalisch-
To make the model feasible,, Technische PTB: Accuracy = 95.2%, Sensitivity =
[24] | CNN, ECV-3D This model avoids the the initial cost of Bundesanstalt | 93.8%, Specificity = 96.5%. Cleveland
’ problem of overfitting implementation remains (PTB) and HD: Accuracy = 92.7%, Sensitivity =
high Cleveland HD 91.5%, Specificity = 93.8%.
datasets
The APs can efficiently For IDCNN: Sensitivity = 83.75%,
[25] IDCNN, SVM, identify the actual The model demands more HMC-QU Specificity = 78.00%, Precision =
N endocardial limit, even in computational time dataset 85.90 %, F1—Score = 84.81%, F2—Score =
suboptimal perspectives. 84.17%, Accuracy = 81.54%
Pre-trained U-
The module was enhanced e
Net, Temporal . . . . For MLP: Sensitivity = 80.60%,
[26] | ConvNet, TSN, ang‘i’;giﬁ;‘;ﬁ"rg tg o Cogleu?;fiﬁ:f“fef Hgggs(gtu Specificity=81.40%, Precision = 79.83%,
SVM, RF, DT, h ne P yheavy Fl-score = 80.24%, Accuracy = 87.19%
KNN, MLP motion characteristics
In addition to the used
data, novel datasets are The model takes more Accuracy = 95%, Sensitivity = 96%,
[27] LST™M tested to avoid training time Custom dataset Specificity = 94%, AUC = 0.98
generalizability
HOG, U-Net++, When any changes in LV
[28] ResNeSt50, | The model was fine-tuned| size, the data collection HMC-QU  |Specificity = 99.76%, Precision = 94.68%,
Harris corner | to enhance the accuracy. | became challenging which dataset F1-score = 94.64%, Accuracy = 99.54%
detection, CNN may decrease the accuracy
HMC-QU: MSE = 8.6%, Accuracy =
. HMC-QUand | o3 750" precision = 94.98%, Recall =
This model consumes less | The model may reduce the Realistic N _ o -
[29] GAN, encoder- | "0 ' ven when diverse | accuracy when low quality | Synthetic 2D | o>/ 5/ Fl-score =95.38%. Realistic
decoder CNN datasets are employed imay es are aj l?ed ! I}}ltrasound Synthetic 2D Ultrasound: MSE =9.2%,
ploy & pp datasets Accuracy = 92.72%, Precision = 94.2%,
Recall = 95.73%, F1-score = 94.96%.
A system operates solely
EfficientNet-B4,| 1) 1model takes minimal |51 the A4C vision. henee) e oy | Accuracy = 94.9%, Sensitivity = 100%,
[30] | two-stage RF . . limited its gathering e o
computational time e . dataset Specificity = 89.8%
cascade capabilities to this

perspective.
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Figure 6: Comparison of various Dl-based MI segmentation and detection models

4. Performance Evaluation

To further understand the usefulness of existing DL
approaches for MI identification using echocardiography, a
performance comparison is conducted based on classification
accuracy, as summarized in Table 1. Since these studies
employ accuracy as a common evaluation metric, a direct
quantitative comparison is possible despite differences in
datasets, imaging protocols, and architectural complexity.
Fig. 6 illustrates the graphical comparison of accuracy among
the reviewed models.

From the comparison, the EfficientNet-B4 with two-stage RF
cascade model [30] demonstrates the most balanced and
practically reliable performance, achieving 94.9% accuracy.
Although some models such as [28] report higher raw
accuracy (99.54%), their performance may be influenced by
dataset-specific  conditions and handcrafted feature
dependencies, potentially limiting generalizability. In
contrast, model [30] integrates deep segmentation with
clinically interpretable motion features such as LVEF, GLS,
and segmental displacement, improving both diagnostic
reliability and clinical relevance.

Other strong-performing methods include the multimodal
CNN-ECV=-3D framework [24] (95.2% and 92.7%), the
LSTM-based temporal model [27] (95%), and the encoder—
decoder CNN [29] (93.75% and 92.72%), all of which
highlight the value of spatial-temporal modeling. The 2D
CNN model [17] achieved 97.18%, outperforming its 3D
counterpart, indicating that well-optimized spatial CNNs can
sometimes exceed more complex volumetric models.
According to the analyses, while several architectures achieve
high accuracy, EfficientNet-B4 with two-stage RF cascade
model [30] stands out as the most clinically dependable
approach due to its combination of high accuracy, lower
computational demand, and wuse of physiologically
meaningful features, making it more suitable for real-world
deployment.

5. Conclusion

Echocardiography plays a crucial role in MI assessment due
to its real-time imaging capability and ability to evaluate
RWMA. However, manual interpretation is often limited by
time consumption and variability in diagnostic outcomes.
Early ML approaches provided initial support through
feature-based classification but were constrained by manual
feature engineering and limited adaptability to complex
patterns. DL has significantly enhanced MI detection by
enabling automatic extraction of features directly from
imaging data. This survey examined various DL models,
highlighting their strengths, limitations, and performance
across different datasets. The comparative analysis revealed
that models combining segmentation, motion-based features,
and deep spatial learning generally achieve superior results,
while lightweight and clinically interpretable frameworks
show greater potential for real-world deployment. Despite
promising outcomes, challenges such as limited dataset
diversity, computational complexity, and interpretation of
models persist. Consequently, forthcoming studies ought to
concentrate on creating resilient and computationally
efficient spatial-temporal models validated on large,
heterogeneous datasets to ensure reliable integration of Al-
assisted MI detection into routine clinical practice.
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