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Abstract

Coronary artery disease (CAD) remains the leading cause of death around the globe
and hence requires reliable, non-invasive, and secure diagnostic methods. In order to diagnose
CAD in its early stages, we present a novel architecture of a Federated Attention-Capsule
Convolutional Neural Network (FAC-CNN) integrated with Bio-Inspired Optimization
Algorithms (BIOA) in dealing with multiple modalities of physiological data such as
Electrocardiography (ECG), Photoplethysmogram (PPG), and Blood Pressure (BP). The model
is evaluated using unimodal (only ECG signals) and multimodal physiological datasets to
validate the proposed algorithm for different data distributions. To improve accuracy, the
architecture of FAC-CNN uses capsule networks to recognize the hierarchical structure within
the data fed into it. Through attention mechanisms, the network is capable of selecting the most
important features related to cardiac diseases. To ensure data security, the federated learning
(FL) method is applied as a solution to the problem of local model training using patients'
private data stored in edge computing devices. A novel hybrid optimization method combining
Particle Swarm Optimization (PSO) and Genetic Algorithm (GA) is used to update learning
rates, the total number of capsule layers, and routing iterations. Three databases, including the
PTB diagnostic ECG database, the MIT-BIH Arrhythmia database, and the MIMIC-III
Waveform database, which comprises authentic ICU recordings of ECG, PPG, and blood
pressure data from more than 40,000 patients were employed to evaluate the model. It can be
seen from the results that FAC-CNN outperformed the other models used in the experiment,
including CNNs and LSTMs by 4-7%, obtaining a mean accuracy of 97.4%, an Fl-score of
96.8%, and an AUC score of 0.985. Moreover, the scalability of the proposed algorithm for
applications in remote healthcare settings improved, and the more effective training method
contributed to time-savings for the training procedure, decreasing it by 18.6%.
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1. Introduction

Around 17.9 million deaths globally are attributed to coronary artery disease (CAD),
making it the leading cause of death. By 2030, the economic cost of cardiovascular illnesses is
expected to reach USD 1,044 billion [1]. Non-invasive, real-time cardiovascular screening is
now possible because of the development of wearable IoT technology and physiological signals
like ECG, PPG, and continuous blood pressure monitoring. However, the centralized data
processing that traditional Al-based diagnostic models rely on presents significant privacy
concerns, particularly when handling sensitive health data. Furthermore, the majority of current
models exhibit poor generalization in decentralized healthcare systems with non-IID data
settings [2]. The use of Federated Learning (FL), a privacy-preserving substitute, in wearable-
based CAD identification is constrained by communication inefficiencies, device limitations,
and diverse data distributions. Attention mechanisms and capsule networks have shown
remarkable potential in improving pattern recognition in biomedical signals. The attention-
based PPG-to-ECG translation has achieved a PR-AUC of 0.986 in atrial fibrillation detection
tasks [4]. However, their integration within federated systems remains underexplored.

Bio-inspired algorithms have been shown to be more effective in hyperparameter
optimization for deep learning models, particularly in noisy or limited conditions [5]. However,
problems such as convergence robustness, scalability, and efficient resource utilization remain
in FL systems. FedAvg was introduced for the first time by Kairouz et al. [3]. This algorithm
allows for decentralized neural network training using multiple clients without exchanging raw
data. Traditional FL models face challenges when deployed in realistic healthcare applications,
notably due to non-IID data distribution, expensive communication, and limited computation
capacity at the edge, despite solving privacy concerns [7].

The integration of multimodal information through federated systems poses numerous
open issues [8]. To start with, there is an underexplored potential in using sophisticated neural
networks, including Capsule Networks and attention-based models, which would allow for the
emphasis on relevant features and the preservation of spatial hierarchy despite the application
of federated learning in analyzing physiological signals [9], [10]. Moreover, federated models
often exhibit poor performance due to static hyperparameter settings; however, bio-inspired
optimization approaches can be employed here [11]. Furthermore, current CAD screening
techniques rely on a single modality of input data and centralized solutions without addressing
the above problems simultaneously. Lastly, the computationally expensive process of model
training hinders the applicability of FL in this scenario [12].

The research aims to develop a new Federated Attention-Capsule Convolutional Neural
Network (FAC-CNN) method using hybrid biologically inspired optimization algorithms to
provide reliable, efficient, and privacy-aware CAD screening in distributed wearable health
monitoring platforms. The developed method employs capsule networks along with attention
mechanisms to generate effective spatio-temporal information from ECG, PPG, and BP
signals. The privacy protection capability is achieved using FL, where data can only be
processed by edge devices. Hybrid Particle Swarm Optimization and Genetic Algorithm (PSO-
GA) methods are utilized to optimize hyperparameters dynamically among non-1ID clients.

The following are the novel contributions.

+ Integrating Capsule Networks to preserve spatial and hierarchical relationships in
multimodal biomedical signals (ECG, PPG, BP).
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+  Modality-flexible unified architecture supporting missing data scenarios.

« Embedding a self-attention mechanism within capsule layers to dynamically
weight clinically relevant features for CAD detection.

+ Implementation of FL to enable on-device training without transferring raw patient
data.

« Robust handling of non-IID and heterogeneous data distributions across multi-
institutional and multi-device environments.

«  Combination of PSO and Genetic Algorithms for joint hyperparameter tuning.

+  Synchronous processing of ECG, PPG, and blood pressure signals to capture cross-
modal feature interactions.

- Adaptive fusion mechanism within capsule-attention layers to preserve temporal
and morphological consistency for accurate CAD detection.

2. Literature Review

There has been considerable development in FL technology and its impact on medical
solutions, especially when used with wearables. For instance, in their study, Aminifar et al.
[13] designed an edge-FL solution to train local models to detect seizures using wearables
without violating data privacy. However, this solution could only be useful for detecting
seizures and not cardiovascular diseases, as the authors did not consider advanced neural
network architectures such as capsule networks and attention mechanisms. Like Aminifar et
al., Baucas et al. [14] introduced an FL framework enabled by blockchain in the fog-IoT
environment for predictive medicine that ensures data integrity and secure data transmission.
Unfortunately, their model was not effective for handling situations like CAD, as it lacked
adaptability.

Another research effort employed a capsule-based framework named 1D-CADCapsNet
for centralized CAD detection using small segments of an ECG and demonstrated high
precision [15]. The approach lacked privacy guarantees and used a small, homogeneous dataset
for training, making it impractical for federated applications. More comprehensive evaluations
have been provided in recent review articles [16], [17], which pointed out systemic challenges
in the implementation of FL for IoT applications due to factors such as the high cost of
communication, resource limitations in edge devices, and the absence of dynamic optimization
approaches. In terms of multi-modal signal modelling, recent research based on W-Nets
proposed a framework to reconstruct data for wearable health monitoring [18]; however, its
patient-specific architecture and the need for aligned training data hampered its applicability.

Overall, there are evident shortcomings in integrating FL, capsule-based networks,
attention-based algorithms, and bio-inspired methods for multimodal CAD detection. For
example, a boosted FL classifier using FedImpPSO has been shown to offer an 8.14% increase
in the accuracy rate compared to conventional FedAvg algorithms, achieving a 91-92%
accuracy rate for cardiovascular datasets in unfavorable communication settings. This study
considered only visual modalities such as chest X-ray and ultrasound imaging but did not
include time-series biosignals or resource-limited edge nodes [19]. The FL algorithm in the
cardiac disease prediction model uses M-ABC and provides an accuracy rate of 92.89%, a
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precision rate of 94.2%, a sensitivity rate of 96.6%, and specificity rate of 81.8% while
lowering training epochs by 22% relative to FedAvg and FedMA algorithms. Nevertheless,
this work was conducted in simulations and ignored the incorporation of wearable devices in
practical scenarios and deep features through capsule and attention mechanisms [20].

In the field of architectural designs, the hybrid method of using CNNs, Transformers,
and Capsules was developed under the name of CTCNet to classify sleep stages. The accuracy
obtained by this network reached values of 86.2%, 82.5%, and 85.7% on different datasets.
Although the model successfully learned temporal global and local features, it was built
specifically for centralized architectures and did not undergo experiments in the federated or
cardiovascular settings [21]. Furthermore, a new benchmark dataset called FedCVD emerged
to address the issues of large-scale, real-world federated learning of cardiovascular disease
prediction from ECG and echocardiograms. The paper demonstrated difficulties such as non-
IID, long tail, and heterogeneous institution properties; nevertheless, it did not investigate
architectural improvement or adaptive optimization.

One of these models was created by Mulani et al. [24] using the technologies of [oMT,
ML, as well as wearable devices to predict diseases of cardiac nature. Despite being innovative
and effective, this solution fails to consider the problems of interpretability and robustness.
Moreover, the combination of IoT sensor data and the Kernel-PCA algorithm for pre-
processing makes it possible to create an effective solution like SF II Adaboost, which provides
excellent performance (accuracy — 95.37%, sensitivity — 94.3%, and specificity — 96.31%) but
cannot address the issues of communication and privacy since it is a centralized model [25].
Finally, the use of HA CNN BiLSTM for the reconstruction of the ECG signal from PPG data
can be quite efficient (RMSE — 0.031), but it requires further research to prove that it is not
sensitive to noise and can be used in federated settings [26]. The federated approach utilizing
the ring signature method provided an enhanced level of privacy while defending against
source identification attacks; nonetheless, the approach failed to address the issues of
multimodal data fusion and lightweight processing [27]. A systematic literature review
highlighted the significance of privacy, security, and interoperability in FL models in medical
settings, with no existing unified approaches for solving multimodal inference and optimization
[28][29].

In order to resolve these problems, a new method of FAC-CNN that incorporates
private edge learning, multimodal signal fusion (ECG, PPG, BP), and the utilization of PSO-
GA hybrid algorithms is proposed.

3. Dataset

The FAC-CNN framework was evaluated using three datasets, as shown in Table 1.
Two-channel ECG recordings from 47 patients at 360 Hz with a 70/30 train-test split are
included in the MIT-BIH Arrhythmia database. 12-lead ECG data from 290 patients, with 549
recordings, recorded at 1000 Hz, and divided 75% for training and 25% for testing, are included
in the PTB diagnostic ECG database. Additionally, the MIMIC-III Waveform Database
provides real ICU recordings of ECG, PPG, and blood pressure signals from over 40,000
patients, with variable sampling rates of 125-500 Hz and custom splits per study.

It is important to note that the MIT-BIH and PTB datasets are not dedicated CAD
screening datasets but are widely used ECG benchmark datasets for cardiac abnormality
detection. In this work, they are utilized to evaluate ECG feature learning capability, while
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multimodal CAD-related validation is supported through the MIMIC-III dataset, which
includes ECG, PPG, and BP signals.

Table 1. Datasets Used for CAD Screenin

Dataset Description Modality | Sampling Subjects Train/Test
Rate Split

MIT-BIH ECG recordings with annotated ECG (2- 360 Hz 47 70% Train /
Arrhythmia arrhythmias from the Beth Israel | channel) 30% Test
[30] Hospital.
PTB 12-lead ECG signals from ECG 1000 Hz 290 75% Train /
Diagnostic healthy and cardiac patients, (12-lead) patients 25% Test
ECG [31] provided by PTB, Germany. (549 rec.)
MIMIC-III Real ICU data including, ECG, ECG, Varies >40,000 Custom split
Waveform PPG, and blood pressure PPG, BP (125-500 per study
[32] recordings from multiple devices. Hz)
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Figure 1. Sample Biomedical Signal Recordings from MIT-BIH, PTB, and MIMIC-III Datasets

Figure 1 shows sample ECG, PPG, and BP waveforms from three datasets of MIT-BIH
(2-channel ECG, 360 Hz), PTB (12-lead ECG, 1000 Hz), and MIMIC-III (multimodal ICU
signals, 125-500 Hz), providing diverse cardiac patterns for CAD detection.

Even though the suggested FAC-CNN can be considered an integrated multimodal
framework, the architecture is developed under the principle of modality flexibility. Each
modality such as ECG, PPG, and BP will be encoded independently through dedicated
modules, while the fusion module will be adaptable depending on the input signals. When some
of the signals are not present for processing, the framework does not turn into another one, but
continues operating in a partially multimodal manner.

4. Methodology

Figure 2 presents the architecture that represents the end-to-end pipeline of the FAC-
CNN model used in the detection of cardiovascular disease from physiological multimodal
sensor information. Firstly, the physiological signals are acquired through the ECG, PPG, and
BP sensors, which capture biomedical analog signal information. These analog signals are
subsequently transformed into digital signals through the analog-to-digital conversion stage,
enabling computational analysis of the physiological data. The digitized signals are further
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subjected to a signal preprocessing procedure, where noise reduction, signal normalization, and
synchronization processes are implemented to improve the quality of the signals. Afterward,
the physiological signals are fed into the feature extraction component to extract specific
features. The features are further enhanced by implementing the attention mechanism, whereby
higher importance is assigned to the signal segments that contain the relevant information
corresponding to cardiac anomaly events. Finally, the enhanced signal features are input to the
CAD classification component, where the patient is predicted to belong to either the normal or
CAD class. The entire system operates within a federated learning framework, whereby several
edge devices, such as hospitals and wearable monitoring units, collaboratively develop their
models but share only their models' parameters.

Rl 3
ECG Sensor >
Analog-to- .
o Signal Feature Attention
Digital . |, N
&_'- o L . ”| Preproces Extraction "l Module
) it s Conversion .
PPG Sensor (ADC) sing
— Y
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Federated
Aggregation
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F

Figure 2. Federated Attention-Capsule CNN Architecture with Multimodal Physiological Inputs (ECG,
PPG, and Blood Pressure) for Privacy-Preserving CAD Detection

The proposed FAC-CNN architecture contains approximately 2.3 million trainable
parameters, making it suitable for deployment on edge-enabled healthcare devices. The
proposed FAC-CNN follows a structured pipeline:

«  Multimodal fusion combines ECG, PPG, and BP features.

« Self-attention highlights clinically important signal segments.

+  Capsule networks preserve hierarchical feature relationships.

« Federated Learning (FL) enables privacy-preserving distributed training.

«  PSO-GA optimization improves hyperparameter tuning and convergence.

Each module enhances the output of the previous stage, forming a unified framework.

4.1 Multimodal Input Processing

CAD diagnostics relying on a single physiological signal often prove insufficient due
to signal noise, variability, and the complex manifestation of the disease across multiple
biological systems. To overcome these limitations, a multimodal signal processing strategy is
employed to integrate information from the following three complementary biosignals.

+ ECG (Electrocardiogram) - measures the heart’s electrical impulses
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+  PPG (Photoplethysmogram) - represents fluctuations in blood volume in peripheral
vessels

+ BP (Blood Pressure) - represents hemodynamic changes over time

Each signal is recorded as a time-series sequence, sampled over a fixed time window.
Let the multimodal time-series input be, X = {XE¢¢, XPPC XBP1 To extract meaningful
representations from these raw signals, define a modality-specific feature extraction function
as shown in equation (1).

Fm = ¢ xm), gm)) (1)

where ¢ ™ is a feature extractor, usually a CNN or LSTM network. CNNs are effective
in capturing local patterns like ECG waveforms (P, QRS, T). LSTMs are suited to model long-
term dependencies, such as rhythm or periodicity. 8 ™ are learnable weights of the network for
modality m. The output F(™ € R%mis a dense feature vector capturing the modality-specific
diagnostic characteristics. After independently processing each modality, concatenate their
learned features into a joint fused representation. The fused representation is shown in equation

2).

F = concat(FW,F®@, .. FM) )
! ]| \— |._, | ECG Feature Extractor
ECG Signal 1D-CNN
h 4 Attention
PranTaT PPG Feature Extractor Eusion _.@] Mechanizm
PPG Signal 1D-CNN —
1
hpass | BP Feature Extractor CAD . Capsule
BP Signal 1D-CNN Classification Network
Output
‘/ '\\‘
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Figure 3. Multimodal Physiological Signal Feature Extraction and Fusion in Federated Attention-
Capsule CNN for CAD Screening

As shown in Figure 3, the fused vector FE R% combines d = Y. d,, insights from ECG,
PPG, and BP, allowing the model to make more informed and accurate decisions. Since ECG,
PPG, and blood pressure signals originate from different sensing devices and datasets, their
sampling rates may vary. To ensure consistent multimodal integration, all signals are first
resampled to a common sampling frequency of 250 Hz. After resampling, the signals are
segmented using sliding temporal windows of 5 seconds to capture meaningful physiological
patterns. The timestamps of each modality are then aligned to ensure temporal correspondence
across ECG, PPG, and BP signals. Finally, the synchronized signal segments are concatenated
to generate a unified multimodal feature representation used by the FAC-CNN framework for
CAD detection.

As the ECG, PPG, and BP data may be obtained from sources with different sampling
rates, a process of signal synchronization is carried out prior to feature extraction. Firstly, all
the input signals are resampled to have the same sampling frequency of 250 Hz. Secondly, the
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resampled signals are partitioned into equal segments with a length of 5 seconds. Lastly,
timestamps are aligned to make the segments temporally consistent, and thus, multimodal
features are extracted using the concatenation of the synchronized segments.

4.2 Capsule Network Feature Extraction

As opposed to the typical CNN architectures with scalar outputs and pooling layers
discard information about the location of the object in space, Capsule Networks (CapsNets)
incorporate much more sophisticated representations using vector-valued outputs and
agreement-based routing. This allows the networks to effectively capture part-whole
dependencies, such as patterns in waveforms of ECG or pulse irregularities in PPG, which are
useful for detecting abnormal heart conditions. The outputs of the primary capsule layers are
known as the Primary Capsules. The output vectors of the primary capsules are shown in
equation (3).

ueRYi=12,..,n 3)

Each vector u; represents the instantiation parameters of orientation, intensity, and
duration of a low-level feature detected by convolutional filters. d is the dimension of the
capsule (8 or 16), and n is the number of primary capsules. This encapsulation allows the model
to capture not just presence, but also pose and variation of features vital for distinguishing
similar-looking but clinically different patterns in ECG or PPG. These are transformed by
learned weight matrices W;; to prediction vectors as shown in equation (4).

Uy = Wiju; )

where 1;); is the predicted vote for capsule j by capsule i. These learnable matrices
W;; enable the model to learn feature part-to-whole transformations, like how a QRS complex
relates to an entire ECG beat. This mechanism is especially important in multimodal signals,
where different modalities may encode complementary evidence of the same physiological
event. The dynamic routing mechanism computes the capsule output as shown in equation (5).

Sj = Zi Cij ﬁj”,Uj = squash(sj) (5)
where:
*  ¢;j: coupling coefficients updated iteratively
+ sj: pre-activation input to capsule j.
+  vj: final output vector after non-linear squashing.

The non-linear squash function ensures that vectors with large magnitudes are squashed
to have lengths close to 1, preserving direction. Vectors with small magnitudes are shrunk,

s> s
-+ —ensures short
T+lsllz sl

vectors get shrunk, and long vectors approach unit length. This ensures while the direction
encodes its attributes, a powerful property for learning interpretable representations in medical
time-series data.

pushing noise or irrelevant signals towards zero. squash(s) =
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Figure 4. Capsule Network Feature Extraction Process for Multimodal Physiological Signals

In Figure 4, the process of extracting the features of the CapsNet network starts by
transforming the outputs of convolutional filters obtained from multimodal physiological
signals including ECG, PPG, and BP. Primary capsules are generated as vectors that include
information such as orientation, intensity, and duration of identified features through this
transformation process. Prediction vectors are generated by projecting the features of primary
capsules into higher-level capsules using an adjustable transformation matrix W;;. To support
predictions based on high-level capsules, the coupling coefficients of prediction vectors are
adjusted through iterative processes according to the routing-by-agreement procedure. Lastly,
a normalization step is implemented by applying a non-linear squashing operation to the
capsules to normalize the probability of existence as length and attributes as direction of
vectors.

The capsule network is designed as follows: a Primary Capsule Layer with 32 capsules,
each with dimensions of 16, is used for the network. Dynamic routing is carried out three times
to obtain agreements between lower-level capsules and higher-level capsules.

4.3 Self-Attention Mechanism

Self-attention is a method that enables a model to compute representations by
concentrating on the most significant portions of the input sequence. The input consists of the
sequential biomedical data of ECG, PPG, and BP signals. The goal is to learn which time
segments or features contribute most to detecting CAD and give them more weight during
feature extraction.

Let X be the input feature matrix from the capsule layer (shape: sequence length x
feature dimension). Equation (6) illustrates how learnable weight matrices are used to generate
three distinct projections from X.

Q = WoX,K = WX,V =WyX (6)
where:
+  Q (Query): What are we searching for (feature relevance)?
« K (Key): What we have in the memory (feature identifiers)?
« V (Value): The actual information content.

Compare each query with all keys by taking their dot product QKT. This gives a
similarity score between each position in the sequence and every other position. Scale it by \/d_k
, Where \/d_k is the key dimension. By doing this, big values that can produce unstable gradients
by making the softmax output overly harsh are avoided. The scaled scores are subjected to the
softmax function, which transforms them into a probability distribution for every inquiry.
Multiply the value matrix V by the probability distribution. This results in a weighted feature
combination that amplifies significant time steps. Equation (7) shows the attention output.
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T
Attention (Q,K,V) = softmax (Q_JZ_R)V (7)
The high probability indicates that this key feature is more important for the query. The
low probability shows that it is less relevant to the query. This helps in dynamically
emphasizing complex cardiac signal components. This enables the proposed FAC-CNN to
detect subtle cardiac abnormalities without manually defining which signal parts to prioritize.

] _ B q
—\ X
v=v L T
fhes L Input ¥
41 K=W,K =
- | V=WX B Attention » Output
(Q, K, V)
softmax
Jdy

Figure 5. Self-Attention Mechanism for Multimodal Physiological Signal Analysis

Figure 5 depicts the self-attention mechanism applied to sequential biomedical data
from ECG, PPG, and BP signals. Using distinct trainable weight matrices, the input signal
matrix is converted into three learned representations of Queries (Q), Keys (K), and Values
(V). The similarity between time steps is measured by computing the dot product between Q
and K, which is then scaled by \/d_k to stabilize gradients. These scores are transformed into
attention weights via a softmax function, which is then applied to generate a weighted sum of
the Values (V). By amplifying key temporal segments or features, this procedure allows the
model to concentrate on signal areas that are most important for identifying coronary artery
disease. The mechanism allows dynamic, data-driven prioritization of complex cardiac signal
components without manual feature selection. The self-attention layer employs 4 attention
heads with an embedding dimension of 128. Multi-head attention allows the model to capture
diverse relationships between temporal features across multimodal physiological signals while
maintaining computational efficiency.

4.4 FL Aggregation

FL is a distributed Machine Learning (ML) technique in which a number of clients
(e.g., wearable 10T devices, hospitals) work together to build a common global model without
sharing raw data. Instead, model updates are sent to a central server by each client, which trains
locally. Assume that K clients (devices/institutions) exist. Every client k has a dataset D;, with
ny samples in it. All clients get the current global model weights (w},) from the server in round
t. Every client uses local gradient descent for many epochs of training on its dataset, D;,. Client
K generates an updated local model wi following training. Clients simply transmit model
weights or weight changes to the central server, not sensitive information. A new global model
is created by the server by combining all of the local models.
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The global model update at communication round t + lis computed as a weighted
aggregation of local client models as shown in equation (8).

t+1 K Ng t
Wi = Z wi )

K
k=1 Zk:lnk

where n;, represents the number of samples at client k, and K denotes the total number
of participating clients. This formulation ensures that clients with larger datasets contribute
proportionally more to the global model update, leading to a balanced and data-aware
aggregation process.

»  Server [* ;
w
wt K
Client 1 Client 2 Client 3
&
Local Local Dataset Local Dataset Local
Dataset Dataset
Wy, ki

Figure 6. FL Framework with FedAvg Aggregation for Privacy-Preserving Cardiac Screening

The FL approach is depicted in Fig. 6, wherein multiple scattered clients like wearable
IoT sensors and hospital systems work together to jointly train the same global model without
exchanging raw patient data. Each client sends only the updated weights of the trained model
to the centralized server for further training of the received global model using its own dataset.

The FedAvg algorithm is employed by the server to combine the model updates based
on the weightage of each client, determined by the size of their respective datasets. The
suggested FL framework is useful in providing accurate diagnoses for coronary artery disease
in dispersed healthcare settings while preserving patient privacy and reducing computational
overhead.

4.5 Hybrid PSO-GA Hyperparameter Optimization
It automatically optimizes hyperparameters 0 (e.g., learning rate, capsule layers, routing
iterations, attention heads, dropout) using two integrated population-based metaheuristics.

1. Particle Swarm Optimization (PSO) enables rapid convergence toward promising
solutions.

2. Genetic Algorithm (GA) provides strong exploration of the search space to avoid
local minima.

The hybrid PSO-GA optimization introduces an additional 6—8% computational
overhead during training. However, the improved hyperparameter search significantly
accelerates convergence and reduces the total training time required to reach optimal
performance.
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4.5.1 Particle Swarm Optimization (PSO)

Based on their best experiences and the best of the swarm, particles (possible solutions)
travel around the search space.

+ Position 0: hyperparameter set of particles 7 at iteration z.

. Velocity vf: direction and magnitude of change for the particle’s position.

Each particle updates its velocity and position as shown in equations (9) and (10).

v = wvf + oy (p; — 6f) + 12 (g — 6)) )

6:tt = 9f + vt (10)

where:

+ : inertia weight that balances between exploration & exploitation

+  p;: personal best

« g: global best

+  w: inertia

+ 1, 7: random values

« (4, Cy: cognitive & social coefficients controlling influence of personal best p; and
global best g.

This moves the particle toward promising areas based on both personal and global
experience.

6(+1)
b

7
> » I Global
a > o Best

9 Personal
Best

Pi personal
Best

Figure 7. Hyperparameter Tuning Using PSO

The basic idea behind PSO is shown in Figure 7, where each particle in the search space
represents a possible hyperparameter configuration. With the help of velocity updates impacted
by inertia, cognitive, and social factors, particles adjust their locations according to a mix of
their individual best solution and the swarm's global best solution. To balance exploration and
exploitation, random elements guarantee variation in the search. Over successive iterations,
particles converge toward optimal hyperparameter values, improving model performance while
maintaining computational efficiency.
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4.5.2 Genetic Algorithm (GA)

Figure 8 shows the flowchart of the Genetic Algorithm (GA), which is employed to
optimize the hyperparameters of the developed FAC-CNN for CAD diagnosis. The process
starts with initializing the population with various hyperparameters, including learning rates,
capsule layers, and iterations of routing. High-quality population individuals undergo cross-
over in order to generate children with mixed features from two parent hyperparameter sets,
combining their strengths in performing ECG and PPG classification tasks. Mutations enable
exploration of different parameter spaces and prevent the GA from premature convergence.
Finally, an optimal FAC-CNN setup becomes a solution to the optimization process when the
criteria for convergence are fulfilled. Combining GA with PSO results in faster convergence,
increased accuracy in detecting CAD, and enhanced robustness of the developed model on
heterogeneous data. Every member of the population 6; is updated through.

Population

;

Selection | Basedon
fitness

1

Crossover

A

Mutatio Mutation

2l

Occhild

Mutation

lj

Figure 8. GA Workflow for FAC-CNN Hyperparameter Optimization
A. Selection: Based on Fitness
Each candidate 6, represents a different model configuration. One candidate may use 3

capsule layers, learning rate 0.001, and routing iterations = 5. Candidates are ranked based on
fitness f(6;), which is shown in equation (11).

f(6;) =a-Accuracy + B+ F1—Score+y-AUC (11)

where a, B, and y are weights chosen to prioritize CAD-specific performance metrics.
The higher fitness gives better CAD detection on validation data.

The evaluation uses three weighted parameters: a = 0.5 for accuracy, § = 0.3 for F1-
score, and y = 0.2 for AUC. These weights prioritize overall classification accuracy while also
considering the balance between precision and recall and the model’s ability to distinguish
between classes.

B. Crossover: Combine Parents

It is required for combining g traits from two good ECG signal analyzers, crossover
blends hyperparameters from two high-performing models and shown in equation (12).
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Ochita=a- 60, +(1—a)-6, (12)

where a € [0,1] controls the mixing ratio. This allows a model that’s good at detecting
ST-segment elevation to inherit strengths from one that’s good at detecting irregular PPG
peaks.

C. Mutation: Random tweak

Without mutation, GA could stagnate on suboptimal configurations. Mutation adds
small random changes to parameters so the model can explore new architectures that may
capture overlooked cardiac patterns. This is shown in equation (13).

Omutatea = Ochita + 6 (13)

where § is random noise (e.g., Gaussian N (0, o). Slightly increasing routing iterations
might allow the FAC-CNN to better preserve capsule relationships in noisy ICU data from
MIMIC-III.

In the proposed CAD detection framework, selection ensures that only the best-
performing FAC-CNN models, capable of accurately identifying CAD-related patterns, are
retained for further optimization. Crossover facilitates the exchange of useful signal-processing
traits between high-performing models, enabling the combination of complementary strengths
in detecting cardiac abnormalities. When integrated with PSO’s fast convergence capability,
this hybrid optimization strategy efficiently tunes FAC-CNN hyperparameters, resulting in
improved detection accuracy, reduced training time, and enhanced generalization across
diverse patient populations and heterogeneous datasets. The hybrid PSO-GA algorithm
optimizes seven hyperparameters, including learning rate, number of capsule layers, routing
iterations, attention heads, dropout rate, batch size, and local training epochs.

4.6 Cross-Entropy Loss for Classification
A probability distribution ¥ across the potential classes (CAD vs. non-CAD, for
example) is produced by the model in the CAD detection system.

«  Ground truth: A one-hot encoded vector, y; =1 for the right class and 000
otherwise, is represented as y.

+ Predicted probabilities: y - the model’s softmax output.

As shown in equation (14), the cross-entropy loss calculates the difference between the
expected distribution y and the real distribution y. log (7;)1s near zero (loss is minimal) if the
model gives the right class a high probability. The loss is significant if the right class is given
a low probability. In CAD detection, correctly identifying CAD cases with high confidence
results in a low loss. Misclassifying or being uncertain about CAD presence results in a high
loss.

L(y,y) =—2iyilog ) (14)
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4.7 FL Global Objective

In federated training, multiple clients k train locally on their datasets Dy, containing
n; samples. L, (w) represents the mean loss computed on client £ for the model parameters w.
The global objective in federated training is as shown in equation (15).

min $5_; 7 £ (w) (15)
w n

Equation (15) prevents bias from small datasets dominating the training process. The
central server combines these goals by weighted averaging to create a global optimization
problem, while each client locally reduces cross-entropy loss on its ECG, PPG, and blood
pressure data. By eliminating the sharing of raw data, this method protects privacy, guarantees
that the global model accurately depicts the population distribution across devices and
institutions, and encourages convergence to reduce CAD misclassification for all clients.

4.8 Federated Training Configuration

As shown in Table 2, the Federated Learning experiments simulate 20 distributed
clients, representing hospitals or wearable [oT clusters. Each client trains the FAC-CNN model
locally using its private dataset for 5 local epochs per communication round. The central server
aggregates updates using the FedAvg algorithm over 100 communication rounds, ensuring
convergence while maintaining privacy.

Table 2. Hyperparameters

Parameter Value
Number of Clients 20
Communication Rounds 100
Local Epochs 5
Batch Size 32
Optimizer Adam
Learning Rate 0.001

4.9 Communication Cost Reduction

The volume of data sent between clients and the central server during training is
referred to as the communication cost in federated learning. Equation (16) may be used to
define the communication cost across 7 total training rounds, where C is the model size in bytes
and E is the number of local epochs each client trains before transmitting updates.

CXT
Commeose = —— (16)

This shows that increasing E (local computation) reduces the total number of
communication rounds 7 needed, thereby lowering the communication burden. Bio-inspired
tuning methods, such as PSO or GA, optimize E and other parameters so that models converge
faster with fewer update exchanges, resulting in significant bandwidth savings without
sacrificing accuracy. Bio-inspired tuning increases E, reducing 7 (total rounds), hence lowering
communication overhead.

The communication overhead of the federated framework was analyzed considering the
model size and number of participating clients. With a model size of 14.2 MB and 20 clients
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over 100 communication rounds, the total communication volume is approximately 28.4 GB.
The use of optimized hyperparameters and efficient aggregation helps reduce unnecessary
communication while maintaining model accuracy.

4.10 Privacy Preservation Analysis

In the suggested FAC-CNN architecture, privacy concerns are addressed through
federated learning where the patient’s information stays in the local edge computing device,
for example, the wearable sensor device and hospital server. Only the weight update of the
trained model is sent to the aggregation server. Therefore, the raw physiological signals such
as ECG, PPG, and BP never leave the local computing edge device. By doing so, the likelihood
of leaking sensitive information about patients is minimized, and at the same time, healthcare
regulations regarding patient’s data are adhered to. The proposed approach leads to 100% less
exposure of the raw data compared to centralized learning approaches which require sending
raw data across the network.

5. Results and Discussions

The proposed Federated Attention-Capsule CNN (FAC-CNN) with hybrid PSO-GA
optimization was evaluated on various cardiac disease datasets. Standard classification
measures were used to assess the model's performance, and baseline models such as traditional
CNNs and LSTMs were compared.

Cardiac Signal Analysis

— ECG
-05f Abnormal Beat

0.00 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00

—0.25F—— PPG
PPG Irregularity

0.00 0.25 0.50 0.75 1.00 125 1.50 175 2.00

— BP
501 BP Drop

0.00 0.25 0.50 0.75 .00 1.25 1.50 175 2.00
Time (s)

Figure 9. Cardiac Signal Analysis from ECG, PPG, and BP Recordings

The ECG trace in Figure 9 shows a QRS duration of 160 ms (normal: 80-120 ms),
indicating a possible conduction abnormality, and an RR interval of 780 ms corresponding to
a heart rate of ~77 bpm. The PPG waveform exhibits a peak-to-peak interval of 780 ms,
consistent with ECG timing, but with a reduced amplitude of 0.65 a.u. compared to the baseline
average of 1.0 a.u., suggesting possible perfusion reduction. The BP trace shows a systolic drop
from 120 to 98 mmHg and a diastolic drop from 78 to 62 mmHg, coinciding with the abnormal
ECG beat and reduced PPG amplitude. Together, these values suggest a transient cardiac event
possibly linked to arrhythmic or ischemic activity.

The cardiac signal analysis (as shown in Figure 10) exhibits a Premature Ventricular
Contraction (PVC) in the ECG with a QRS amplitude of ~1.8 mV (~1.2 mV normally) and a
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decreased duration of ~80 ms along with ST segment elevation of +0.2 mV during ~120 ms,
suggesting potential ischemia. The reduction of the normal peak-to-peak PPG value from ~0.8
to ~0.45 with an increased rise time from ~180 ms to ~260 ms shows impaired perfusion in
peripheral tissue due to reduced perfusion. Moreover, a decrease in blood pressure (BP) from
the norm of 120/80 mmHg to ~95/65 mmHg (with a drop in pulse pressure from 40 mmHg to
30 mmHg) indicates a temporary decrease in cardiac output due to the arrhythmias resulting in
inadequate ventricular filling. All of the aforementioned multimodal observations provide
physiological interpretations of the obtained signals, which can be considered clinical
diagnoses for now, even though these interpretations are based on the results of models.
However, further research will include expert annotations and techniques such as SHAP or
Grad-CAM.
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ECG Signal with PVCs and ST Changes
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Figure 10. Multi-Modal Cardiac Signal Analysis with Abnormal Events

The following evaluation metrics were computed as follows.

TP+TN
Accuracy = —————— (17)
TP+TN+FP+FN
. TP
Precison = (18)
TP+FP
Recall(Sensitiviy) = — (19)
TP+FN
P isi R l
Fl _ SCOT‘e — 2 % T'ECl'Sl.OTlX eca (20)
Precision+Recall
e TN
Specificity = prev (21)
1
AUC = [ TPR(FPR) dFPR (22)
Table 3. Comparative Performance Analysis
Model Accuracy Precision Recall F1-Score Specificity AUC
(“o) (%) (%) (%) (%)

CNN 92.8 91.5 92.2 91.8 93.1 0.941
LSTM 93.2 92.7 93.0 92.8 934 0.946

Proposed FAC-CNN 97.4 97.0 96.6 96.8 97.8 0.985
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Table 3 shows that FAC-CNN outperforms the baseline CNN and LSTM, achieving
the best results across all metrics, including 97.4% accuracy and 0.985 AUC. The improvement
over CNN and LSTM can be attributed to the combined effect of capsule-based feature
preservation, attention-driven feature prioritization, multimodal fusion, and optimized
hyperparameter selection via the hybrid PSO-GA strategy.

Table 4. Per-Dataset Performance Analysis

Dataset Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC
MIT-BIH Arrhythmia 98.1 97.5 98.3 97.9 0.990
PTB Diagnostic ECG 96.8 96.2 95.9 96.0 0.982
MIMIC-III Waveform 97.2 97.1 95.7 96.4 0.983

As seen from Table 4, the individual performances of the proposed FAC-CNN remain
high across different datasets, achieving 98.1% in the MIT-BIH Arrhythmia database, 96.8%
in the PTB Diagnostic ECG database, and 97.2% in the MIMIC-III Waveform database. High
AUROCs (AUC of 0.990 in MIT-BIH, AUC of 0.982 in PTB, and AUC of 0.983 in MIMIC-
IIT) prove that the proposed model has excellent discriminative power over diverse datasets.
These results confirm the validity of the proposed framework for CAD detection using
multimodal real-world data. One should consider the results of the per-dataset analysis in light
of available data modalities and dataset characteristics. The MIT-BIH Arrhythmia and PTB
Diagnostic ECG datasets are mainly used for detecting cardiac abnormalities using ECG
measurements, not CAD screening. Thus, the good performances obtained on these two
datasets show that the proposed model is capable of learning informative features from ECG
data. Conversely, the MIMIC-III Waveform database contains multimodal physiological data
(ECG, PPG, and BP). Hence, the model can be evaluated for its potential ability to learn
multimodal physiological data features related to CAD detection tasks.

MIT-BIH Arrhythmia PTB Diagnostic ECG

MIMIC-IT Waveform
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Figure 11. Confusion Matrices for FAC-CNN on Each Dataset

As depicted in Figure 11, it can be observed that the confusion matrices validate the
high accuracy of classification achieved by FAC-CNN, not only for CAD but also across the
non-CAD class for all three datasets. Misclassification is quite low and the majority of
misclassification results occur in the marginal CAD patients, including early ischemia, where
waveforms can show slight changes similar to those exhibited under normal conditions. For
instance, the MIT-BIH database had 27 misclassifications, while the PTB and MIMIC-III
databases had a total of 47 and 75 misclassifications, respectively.

From Table 5, it is clear that the performance of the ablation experiment for the three
main components in the proposed FAC-CNN approach has been analyzed. These components
include the self-attention mechanism, capsule network layers, and hybrid PSO-GA
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optimization technique. The performance of each component was analyzed by excluding all
other components while keeping the rest intact. It is clear from the table that the exclusion of
any one component resulted in significant degradation of the performance level. The removal
of capsule layers led to the maximum degradation in terms of accuracy, proving the importance
of the capsule layers for hierarchy in the physiology of CAD patients.

Table 5. Ablation Study on the Impact of FAC-CNN Performance

Model Variant Accuracy
FAC-CNN Full Model 97.4%
Without Attention 95.9%
Without Capsule Layers 94.8%
Without PSO-GA Optimization 95.3%
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Figure 12. Communication Cost Reduction via PSO-GA

Figure 12 illustrates the relationship between communication cost and local training
epochs (E). There is a considerable reduction in the volume of exchanged data between the
clients and server due to lower rounds of communication (T) as E increases. PSO-GA optimizes
E based on the adaptive computation vs. communication trade-off in order to use as little
bandwidth as possible while at the same time guaranteeing fast convergence rates, which is
particularly important in wearable 0T applications due to bandwidth restrictions.

As demonstrated in Table 6 below, the sensitivity of the classification accuracy rate to
capsule dimensionality was investigated by modifying capsule vector dimensions. As seen in
the table, using 16-dimensional capsule vectors yields noticeable improvements in
classification accuracy compared to 8-dimensional capsules. However, increasing the number
of dimensions even further to 32 does not provide much improvement in return for greater
computational costs. Therefore, 16 is the optimal capsule vector dimension for FAC-CNN.

The time taken by the base federated CNN model to train was around 8.6 hours in total.
After the use of the hybrid PSO-GA algorithm, the time was shortened to 7 hours, representing
an 18.6% reduction in the total training time.

Table 6. Sensitivity Analysis of Capsule Dimension on Model Performance

Capsule Dimension | Accuracy (%)
8 96.2
16 97.4
32 97.1
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Figure 13. Convergence Speed Comparison

As shown in Figure 13, the convergence speed chart reaches a lower training loss in
approximately 82 communication rounds, compared to 100 rounds for the baseline with fixed
hyperparameters, representing about an 18.6% reduction in rounds. This confirms that adaptive
hyperparameter tuning accelerates convergence, leading to faster training completion while
maintaining performance.
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Figure 14. ROC Curve Comparison

The ROC curves for all three models are illustrated in Figure 14. The optimal
combination of TPR and FPR at varying cut-off levels is reflected by the FAC-CNN curve,
which always remains superior to those of CNN and LSTM. The proposed model preserves a
high level of sensitivity without compromising the number of missed diagnoses or false
detections for CAD diagnosis, as evidenced by a higher AUC value (AUC = 0.985).

According to the experimental findings, the proposed FAC-CNN network can detect
CAD cases using various multimodal datasets. The incorporation of capsule networks helped
retain the feature relationships in space and hierarchy, which otherwise could not be captured
by classical CNNs, especially for distinguishing the morphologically similar but clinically
different ECG and PPG data. With the help of self-attention, the model also improved the
accuracy rate by assigning weights to specific temporal parts of the data, allowing it to detect
even slight changes, such as deviations in ST-segment data or anomalies in PPG signals with
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low amplitude. To examine the applicability of the model for edge computing, the FAC-CNN
model was tested on the Raspberry Pi 4.

The proposed FL approach was found to be very effective in preserving the privacy of
patients’ data while still allowing collaborative learning among diverse devices, with a
performance hit of minimal concern when compared to traditional centralized learning
methods. Using the hybrid PSO-GA method for optimizing hyperparameters led to a reduction
in search time as well as better performance and stability of the model even on non-IID datasets.
From clinical perspective, the multi-modal analysis demonstrated that there is a correlation
between abnormalities in the ECG signals such as PVC and prolonged QRS and changes in the
PPG and BP signals.

6. Conclusion

The FAC-CNN model, which has been developed to detect and recognize CADs
accurately, effectively, and securely using multimodal physiological signals collected through
wearable Internet of Things (IoT) technologies, is introduced in this study. Capsule networks
enable spatial and hierarchical correlations to be efficiently acquired within ECG, PPG, and
BP data, and the self-awareness procedure constantly enriches clinically relevant features to
facilitate the accurate recognition of cardiovascular anomalies. The proposed federated
learning framework ensures the privacy of data at source locations and allows the transfer of
only model updates, thus helping to eliminate security concerns and support federated learning
across different clinical setups. Additionally, the use of the PSO-GA optimization algorithm
helps to speed up the learning process by tuning the best possible parameters for learning rate,
capsule layer, and routing iterations, as well as minimizing the cost by 18.6%. The outcomes
of the experiments carried out using three open datasets—the MIT-BIH Arrhythmia Database,
PTB Diagnostic ECG Database, and MIMIC-III Waveform Database—demonstrate a
significantly higher degree of accuracy than other methods; the accuracy, F1-score, and AUC
for FAC-CNN are 97.4%, 96.8%, and 0.985, respectively. Thanks to the multimodal fusion
process combined with optimization, heart disease detection is possible. Therefore, it can be
concluded that FAC-CNN may be considered a viable approach to heart monitoring.
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