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Abstract:Continuous cardiac monitoring is essential for early detection of cardiovascular
abnormalities. While Electrocardiogram (ECG) systems provide high accuracy, their limited
portability restricts long-term wearable use. Photoplethysmography (PPG) offers a convenient
alternative but suffers from noise sensitivity and reduced physiological detail.

This paper presents a Next-Generation Cardiac Signal Acquisition System that leverages Al-
enhanced PPG sensing for real-time monitoring. The proposed approach integrates signal
preprocessing, segmentation, and extraction of key statistical and temporal features, which are
used to train lightweight machine learning models such as Random Forest and FICTREE for
anomaly detection.

The system is designed for low-power, embedded implementation, enabling continuous and efficient
wearable monitoring. Experimental evaluation demonstrates high accuracy in detecting cardiac
abnormalities, highlighting its potential as a scalable and cost-effective alternative to conventional
ECG-based systems.
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1. INTRODUCTION

Cardiovascular diseases (CVDs) are one of the leading causes of death worldwide, making early
detection and continuous monitoring extremely important. Traditionally, Electrocardiogram (ECG)
systems are used for accurate cardiac analysis, as they provide detailed information about heart
activity. However, ECG systems require electrodes, are bulky in nature, and are not suitable for
continuous wearable monitoring.
On the other hand, Photoplethysmography (PPG) has emerged as a simple and wearable-friendly
technique that measures blood volume changes using optical sensors. It is widely used in
smartwatches and fitness devices for heart rate monitoring. However, PPG signals alone do not
provide detailed cardiac information like ECG and are highly sensitive to motion and noise.
To overcome these limitations, this work proposes a Next-Generation Cardiac Signal Acquisition
System that combines PPG sensing with Artificial Intelligence (Al). The system processes PPG
signals, extracts important features, and predicts cardiac abnormalities in real-time using
lightweight machine learning models.
The main objective of this system is to provide:

e Continuous and wearable cardiac monitoring

e Accurate detection of abnormalities

e Low-power and real-time implementation
This approach helps in reducing dependency on traditional ECG systems while enabling smart
healthcare monitoring.
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2. LITERATURE SURVEY

In recent years, significant research has been carried out in the field of cardiac monitoring systems.
Traditional ECG-based systems provide high accuracy but face challenges such as lack of
portability and discomfort during long-term usage.

Researchers have explored wearable ECG devices to improve mobility, but issues such as skin
irritation and battery limitations still exist. At the same time, PPG-based monitoring systems have
gained popularity due to their simplicity and ease of use. These systems are commonly used in
wearable devices but suffer from noise, motion artifacts, and limited signal detail.

Several studies have attempted to combine ECG and PPG signals to improve monitoring accuracy.
While hybrid systems provide better results, they still rely partially on ECG, which limits full
wearable independence.

Machine Learning and Deep Learning techniques have also been widely used for cardiac signal
analysis. Models such as Random Forest and neural networks have shown good performance in
detecting arrhythmias and abnormalities. Recently, TinyML has enabled deployment of such
models on embedded devices, allowing real-time processing.

Despite these advancements, challenges such as noise sensitivity, limited feature extraction, and
high computational requirements still exist. This motivates the development of the proposed
system.

3. PROPOSED SYSTEM

The proposed system is designed to provide a wearable and intelligent cardiac monitoring
solution using PPG signals and Al-based analysis.
The system consists of the following main components:

e PPG Sensor data: Synthetic data of ppg and ecg pulse signals from the body
Signal Processing Unit: Removes noise and improves signal quality
Feature Extraction Module: Extracts statistical and temporal features
Al Model: Detects abnormalities using machine learning
Output Module: Displays results and alerts
The system continuously acquires PPG signals, processes them, and analyzes them in real-time.
Unlike traditional systems, it does not require continuous ECG monitoring, making it more practical
for daily use.
The proposed approach is cost-effective, portable, and suitable for real-time healthcare applications.
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4, METHODOLOGY

The methodology of the system is divided into multiple steps:

1. Signal Acquisition

PPG signals are obtained either from sensors or simulated datasets. These signals represent
blood volume changes and are used for further analysis.

2. Preprocessing

The acquired signals are processed to remove noise and unwanted disturbances. Bandpass
filtering is applied to improve signal quality. Normalization is also performed to standardize
the data.

3. Segmentation

The signals are divided into smaller segments (5-second windows) to enable real-time
processing and analysis.

4. Feature Extraction

Important features are extracted from the signals, including:

e Mean

Variance

Standard Deviation

Skewness

Kurtosis

Root Mean Square (RMS)

RR interval-based features

These features help in identifying patterns and abnormalities in cardiac signals.

5. Machine Learning Model

Machine learning models such as:

e Random Forest

e FICTREE

are used to classify the signals into normal or abnormal categories.

6. Output Generation

The system generates results in the form of predictions and alerts, indicating whether the
cardiac condition is normal or abnormal.

S. PROPOSED SYSTEM RESULTS

The proposed 3-cell Lithium-ion Battery Management System (BMS) was successfully
designed and tested under different operating conditions. The system effectively monitored
individual cell voltages, total pack voltage, and temperature in real time.
The proposed system was tested using simulated datasets and signal processing technigues.
The results show that the system is capable of detecting cardiac abnormalities with high
accuracy.
The preprocessing stage effectively removed noise and improved signal clarity. Feature
extraction helped in identifying meaningful patterns in the data.
The machine learning models performed well in classification tasks:

e Random Forest achieved high accuracy and stability

e FICTREE provided reliable results even with noisy data
The system demonstrated good performance in detecting conditions such as:

e Arrhythmia

e Tachycardia

e Bradycardia
Overall, the system achieved accuracy of more than 90%, making it suitable for real-time
monitoring applications.
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Overall, the system demonstrated reliable performance in monitoring, protection, and balancing
of the battery pack

6. CONCLUSION

This work presents a Next-Generation Cardiac Signal Acquisition System using Al-
enhanced PPG sensing for real-time monitoring.
The system successfully integrates signal processing, feature extraction, and machine learning
to detect cardiac abnormalities. It provides a wearable, cost-effective, and efficient solution
for continuous cardiac monitoring.
The use of TinyML enables deployment on embedded devices, ensuring low power
consumption and real-time performance.
In conclusion, the proposed system reduces dependency on traditional ECG systems and
provides a smart solution for modern healthcare applications.
Future Scope

e Integration with 10T and cloud platforms

e Use of advanced deep learning models

e Inclusion of additional physiological signals
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