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Abstract

Heart disease remains one of the leading causes of mortality worldwide,
necessitating accurate and early diagnostic systems. Optical
electrocardiogram (ECG) techniques combined with artificial
intelligence (AI) have emerged as powerful tools for non-invasive
cardiac monitoring and disease prediction. This paper presents a
comprehensive review of heart disease prediction methods using optical
ECG signals integrated with hybrid deep learning architectures,
particularly Convolutional Neural Networks (CNN), Block Attention
mechanisms, and Capsule Networks (CapsNet). Optical ECG provides
high-resolution physiological data, enabling effective feature extraction
from cardiac signals. CNN models are widely used for automatic feature
learning, while attention mechanisms enhance the focus on critical
signal segments. Capsule Networks address limitations of CNN by
preserving spatial hierarchies and improving interpretability. Recent
studies demonstrate that hybrid CNN-attention-capsule models
significantly improve classification accuracy, sensitivity, and robustness
compared to traditional machine learning methods. Additionally,
optimization techniques and hybrid architectures further enhance
performance. This review analyzes research, highlighting key
advancements, comparative performance, and challenges. Despite
promising results, issues such as computational complexity, data
variability, and real-time deployment remain. Future research directions
focus on lightweight models, explainable Al, and integration with
wearable healthcare systems for continuous monitoring.

Introduction

ECG systems, offering enhanced signal quality,

Cardiovascular diseases (CVDs) are among the
leading causes of death globally, accounting for
millions of deaths annually. Early detection and
accurate diagnosis are essential to reduce
mortality rates and improve patient outcomes.
Electrocardiography (ECG) is one of the most
widely used diagnostic tools for monitoring heart
activity. With the advancement of optical sensing
technologies, optical ECG has emerged as a
promising alternative to traditional electrical
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reduced noise, and improved patient comfort.

Optical ECG utilizes photoplethysmography
(PPG) and other optical sensing techniques to
capture cardiac signals non-invasively. These
signals provide valuable information about heart
rate, rhythm, and blood flow, making them
suitable for heart disease prediction. However,
optical ECG signals are often affected by noise,
motion artifacts, and environmental factors,
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which necessitate robust signal processing and
analysis techniques.

Artificial intelligence (Al), particularly deep
learning, has significantly improved the accuracy
of heart disease prediction systems. Traditional
machine learning methods rely on handcrafted
features, which may not capture complex
patterns in ECG signals. In contrast, deep learning
models automatically learn hierarchical features,
enabling more accurate and robust classification.
Convolutional Neural Networks (CNNs) are
widely used for ECG signal analysis due to their
ability to extract spatial features. However, CNNs
have limitations, such as the inability to capture
spatial hierarchies and relationships between
features. Capsule Networks (CapsNet) address
these limitations by preserving hierarchical
relationships and improving interpretability.
CapsNet models have shown improved

performance in ECG classification tasks by
capturing spatial dependencies between
features.

Attention mechanisms further enhance deep
learning models by focusing on the most relevant
parts of the input signal. Block attention modules
improve feature representation by emphasizing
important regions and suppressing irrelevant
information. Hybrid models combining CNN,
attention mechanisms, and CapsNet provide a
powerful framework for heart disease prediction.
Recent studies have also explored hybrid
architectures integrating signal processing
techniques, deep learning, and optimization
algorithms.  These  approaches improve
classification accuracy, robustness, and
generalization. However, challenges such as
computational complexity, data variability, and
real-time implementation remain.

Conceptual Architecture of Optical ECG + Hybrid Deep Learning
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Literature Review

The detection of atrial fibrillation (AF) using
single-lead electrocardiogram (ECG) signals has
undergone rapid transformation between 2020
and 2023, driven by advancements in deep
learning, hybrid signal processing, and
optimization techniques. AF is a highly prevalent
arrhythmia associated with severe complications
such as stroke and heart failure, making accurate
and early detection essential. However, the
inherent characteristics of ECG signals—non-
stationarity, noise, variability across individuals,
and class imbalance—pose  significant
challenges. Recent research addresses these
challenges through integrated frameworks
combining deep learning architectures, time-
frequency transformations such as Fast Fourier
Transform (FFT) and Continuous Wavelet
Transform (CWT), and advanced optimization
strategies.
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1. Deep Learning-Based AF Detection

Deep learning has become the dominant
paradigm for AF detection due to its ability to
automatically learn hierarchical features from
raw ECG signals. Unlike traditional machine
learning approaches that rely on handcrafted
features, deep learning models extract both
morphological and temporal features directly
from data.

Convolutional Neural Networks (CNNs) are
widely used for AF detection due to their ability
to capture spatial features in ECG signals. Recent
studies demonstrate that CNN-based
architectures can process raw single-lead ECG
signals without the need for beat segmentation
or feature engineering. For example, a ConvNeXt-

inspired CNN  achieved  state-of-the-art
performance with high Fl-scores and
computational efficiency, demonstrating the

feasibility of real-time AF detection .
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Recurrent Neural Networks (RNNs), particularly
Long Short-Term Memory (LSTM) models, are
effective in capturing temporal dependencies in
ECG signals. Hybrid CNN-LSTM models have been
proposed to combine spatial and temporal
feature extraction. These models significantly
improve detection accuracy by modeling both
waveform morphology and rhythm irregularities.
For instance, CNN-BiLSTM architectures focusing
on QRS complexes provide precise beat-level AF
detection, addressing limitations of rhythm-
based approaches.

Attention-based models have further enhanced
deep learning performance. Multi-level attention
RNN frameworks enable simultaneous AF
classification and localization, improving
interpretability and detection accuracy. These
models focus on relevant signal segments,

reducing noise influence and improving
robustness.
Additionally, generalizable models such as

RawECGNet demonstrate that deep learning can
effectively handle variability across datasets,
improving cross-population performance. These
models exploit both rhythm and morphological
features, achieving high F1-scores across diverse
datasets.

Despite these advancements, challenges such as
overfitting, computational complexity, and
interpretability remain significant concerns.

2. Hybrid Signal Processing: FFT and
Continuous Wavelet Transform

Signal processing techniques play a crucial role in
enhancing deep learning performance by
transforming ECG signals into more informative
representations. ECG signals are inherently non-
stationary, meaning their frequency content
varies over time. This characteristic necessitates
the use of time-frequency analysis techniques.
Fast Fourier Transform (FFT): FFT is widely used
for frequency-domain analysis of ECG signals. It
provides a global spectral representation,
enabling detection of frequency patterns
associated with AF. However, FFT lacks temporal
localization, making it less effective for detecting
transient features.

Continuous Wavelet Transform (CWT): CWT
provides a time-frequency representation,
enabling the analysis of ECG signals at multiple
resolutions. It is particularly effective in
capturing localized variations in ECG signals,
such as irregular RR intervals and fibrillatory
waves. Studies show that CWT-based deep
learning models achieve high classification
accuracy and robustness. For instance, wavelet-
based deep learning approaches achieved
accuracy above 97% and AUC values exceeding
0.99.
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Hybrid FFT + CWT Approaches: Recent research
emphasizes the integration of FFT and CWT to
leverage their complementary strengths. FFT
captures global frequency features, while CWT
captures localized time-frequency information.
Hybrid models combining these techniques
provide a more comprehensive representation of
ECG signals.

Comparative studies confirm that hybrid
approaches outperform single-domain methods,
improving classification accuracy, sensitivity, and
specificity. Additionally, 2D representations such
as spectrograms and scalograms are increasingly
used as inputs to CNN models, enhancing feature
extraction capabilities .

3. Optimization Techniques and Model
Enhancement

Optimization techniques are critical for
improving the performance and generalization of
deep learning  models. Gradient-based
optimization algorithms such as Adam, RMSprop,
and stochastic gradient descent (SGD) are widely

used for training neural networks. These
methods improve convergence speed and
stability.

Recent studies have explored advanced

optimization strategies, including:

1. Ensemble Learning: Combining multiple
models to improve accuracy and robustness

2. Boosting Techniques: Enhancing weak
learners to improve performance

3. Metaheuristic Optimization: Using
algorithms such as genetic algorithms for
hyperparameter tuning

Deep learning models integrated with

optimization techniques demonstrate improved
performance in AF detection tasks. For example,
ensemble-based approaches and uncertainty-
aware models improve reliability in noisy
datasets .

4. Multi-Branch and Hybrid Architectures
One of the most significant trends in recent
research is the development of multi-branch and
hybrid architectures. These models process
multiple feature representations simultaneously,
enabling comprehensive analysis of ECG signals.
Typical multi-branch architectures include:

1. Raw ECG branch (time-domain features)

2. FFT branch (frequency-domain features)

3. CWT branch (time-frequency features)
Feature fusion techniques combine outputs from
these branches, enabling the model to learn
complementary information. Hybrid CNN-based
models using wavelet-transformed inputs and
residual learning demonstrate improved
performance in AF detection .
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Additionally, deep belief networks and hybrid
models combining wavelet transform with neural
networks have shown improved noise removal
and feature extraction capabilities .

5. Wearable and Single-Lead ECG Systems

The increasing adoption of wearable devices has
significantly influenced AF detection research.
Single-lead ECG systems provide a convenient
and cost-effective solution for continuous
monitoring.

Recent studies demonstrate that deep learning
models can achieve high accuracy using single-
lead ECG data. For instance, mobile ECG-based
models effectively predict AF risk and enable
early diagnosis .

However, wearable ECG signals are often affected
by noise, motion artifacts, and environmental
factors. Robust preprocessing and adaptive
learning models are essential for ensuring
reliable detection in real-world scenarios.

6. Emerging Trends

The literature reveals several key trends:

1. Transition from handcrafted features to end-
to-end deep learning models

2. Increasing use of
representations (CWT, STFT)

time-frequency

Comparative Table and Analysis

3. Integration of hybrid architectures (CNN +
LSTM + attention)

4. Development of multi-branch feature fusion
models

5. Growing adoption of wearable ECG and real-
time monitoring systems

6. Focus on generalization and cross-dataset
performance

Deep learning models consistently outperform

traditional methods, particularly when combined

with hybrid signal processing techniques.

7. Challenges and Research Gaps

Despite significant progress, several challenges

remain:

1. Noise and artifacts in ECG signals

2. Class imbalance between AF and normal
signals

3. High computational complexity of deep
learning models

4. Limited interpretability = for clinical
applications

5. Lack of standardized datasets for
benchmarking

Addressing these challenges is essential for real-
world deployment.
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The comparative analysis of heart disease
prediction using optical ECG signals and hybrid
deep learning architectures reveals a clear
evolution from traditional machine learning
approaches to highly advanced, multi-component
artificial  intelligence  frameworks. Early
approaches relied on handcrafted features
derived from ECG signals, such as statistical
descriptors and heart rate variability measures,
which were then processed using conventional
machine learning classifiers. While these
methods were computationally efficient and
interpretable, they lacked the ability to capture
complex nonlinear patterns and hierarchical
relationships within cardiac signals, resulting in
moderate accuracy and limited generalization
across datasets.

The introduction of deep learning, particularly
Convolutional Neural Networks (CNNs), marked
a major advancement by enabling automatic
feature extraction from ECG signals. CNN-based
models effectively capture spatial features and
morphological patterns, significantly improving
classification accuracy compared to traditional
methods. When applied to optical ECG signals,
which provide higher signal resolution and
reduced noise compared to conventional ECG,
CNN models demonstrate enhanced performance
and robustness. However, CNNs alone are limited
in their ability to capture spatial hierarchies and
relationships between features.

To address these limitations, Capsule Networks
(CapsNet) were introduced as an advanced deep
learning architecture capable of preserving
hierarchical feature relationships. Unlike CNNs,
which use scalar outputs, CapsNet employs
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the presence and orientation of features. This
allows the model to better understand spatial
dependencies within ECG signals, leading to
improved classification accuracy and
interpretability—an essential requirement for
clinical applications.

Attention mechanisms further enhance deep
learning models by enabling them to focus on the
most relevant parts of the ECG signal. Block
attention modules dynamically assign weights to
different  signal = segments, emphasizing
important features such as abnormal heart
rhythms while suppressing noise and irrelevant
information. Comparative studies show that
attention-based models significantly improve
detection accuracy and robustness, particularly
in noisy and variable optical ECG signals.
Another major advancement is the integration of
hybrid signal processing techniques, particularly
FFT and Continuous Wavelet Transform (CWT).
FFT  provides global frequency-domain
information, capturing periodic patterns
associated with cardiac abnormalities, while
CWT offers localized time-frequency analysis,
enabling the detection of transient features. The
combination of FFT and CWT results in a
comprehensive multi-domain representation of
ECG signals, which significantly enhances deep
learning performance.

Multi-branch architectures further improve
performance by processing different signal
representations in parallel. These models
combine raw ECG signals, frequency-domain
features, and time-frequency representations,
enabling the extraction of complementary
features. Comparative analysis indicates that
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multi-branch models outperform single-branch
architectures in terms of accuracy, robustness,
and generalization, particularly in real-world
datasets characterized by noise and variability.
Optimization techniques play a crucial role in
improving model performance and convergence.
Gradient-based optimizers such as Adam and
RMSprop enhance training stability, while
advanced techniques such as reinforcement
learning and ensemble methods improve
adaptability and robustness. Studies show that
optimized models achieve higher accuracy and
better generalization compared to non-
optimized models.

The integration of optical ECG with hybrid deep
learning architectures represents a significant
advancement in heart disease prediction. Optical
ECG provides high-resolution and non-invasive
signal acquisition, while hybrid Al models enable
accurate and robust classification. These systems
are particularly suitable for wearable healthcare
devices, enabling continuous monitoring and
early detection of cardiac abnormalities.

Despite these advancements, several challenges
remain. Optical ECG signals are still susceptible
to noise, motion artifacts, and environmental
variations, requiring robust preprocessing
techniques. Deep learning models, particularly
hybrid architectures, involve high computational
complexity, which limits their deployment in
real-time and resource-constrained
environments. Additionally, interpretability
remains a critical issue, although Capsule
Networks and attention mechanisms provide
promising solutions.

Final Analytical Conclusion

The expanded comparative analysis clearly
demonstrates that hybrid deep learning
frameworks integrating optical ECG, CNN,
attention mechanisms, Capsule Networks, and
hybrid FFT-CWT signal processing provide the
highest accuracy, robustness, interpretability,
and scalability for heart disease prediction,
making them the most promising solution for
next-generation intelligent healthcare systems.

Discussion

The integration of optical ECG with hybrid deep
learning architectures represents a significant
advancement in heart disease prediction. CNN
models enable automatic feature extraction,
while Capsule Networks improve spatial
representation and interpretability. Attention
mechanisms further enhance performance by
focusing on critical signal segments.

Hybrid models combining these techniques
achieve superior performance in terms of
accuracy and robustness. However, challenges
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such as computational complexity, data
variability, and real-time deployment remain.
Optical ECG signals, while promising, require
advanced preprocessing techniques to handle
noise and artifacts.

Future research should focus on developing
lightweight and interpretable models suitable for
wearable devices. Integration of edge computing
and explainable Al will further enhance real-
world applicability.

Conclusion

This review highlights the significant
advancements in heart disease prediction using
optical ECG and hybrid deep learning
architectures. The integration of CNN, attention
mechanisms, and Capsule Networks has
improved classification accuracy and robustness.
Hybrid models represent the most promising
approach for future research, offering improved
performance and scalability. However, challenges
related to computational complexity and real-
world deployment remain.

Future research should focus on developing
efficient, interpretable, and scalable models for
real-time heart disease prediction.
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