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Abstract—Heart disease continues to be one of the leading
causes of death worldwide, making early detection and
continuous monitoring critically important for improving
patient outcomes. This paper presents a novel approach for
heart disease classification using electrocardiogram (ECG)
signals combined with deep neaural network techniques. The
proposed system integrate machine learning to provide an
efficient and real time diagnostic solution.The system utilizes
an ECG sensor to capture the electrical activity of the heart
and a MAX30102 sensor to measure heart rate and blood
oxygen levels, offering comprehensive physiological insights.
An Arduino Uno serves as the central unit for data acquisition
and processing, while an LCD module provides real-time
feedback to the user. The collected ECG signals are further
analyzed using a deep neural network model trained on
relevant datasets to accurately classify cardiac conditions into
normal and abnormal categories.
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I. INTRODUCTION

Cardiovascular diseases (CVDs) are among the leading
causes of mortality worldwide, posing a significant challenge
to global healthcare systems. According to recent medical
studies, millions of people lose their lives each year due to
heart-related conditions such as arrhythmias, myocardial
infarction, and other cardiac abnormalities. Early detection
and continuous monitoring of heart activity play a crucial role
in reducing mortality rates and improving patient outcomes.
However, traditional diagnostic methods are often limited by
high costs, bulky equipment, and the need for expert
interpretation.

The electrocardiogram (ECQG) is one of the most widely
used non-invasive tools for monitoring the electrical activity
of the heart. It provides valuable information about heart
rhythm and helps in identifying abnormalities. Despite its
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effectiveness, conventional ECG analysis typically relies on
manual interpretation by trained cardiologists, which can be
time-consuming and prone to human error. Furthermore, most
existing systems are confined to clinical environments,
making continuous monitoring difficult, especially in rural or
resource-limited areas.

With advancements in embedded systems and artificial
intelligence, there is a growing opportunity to develop smart
and portable healthcare solutions. Deep learning techniques,
particularly deep neural networks (DNNs), have shown
remarkable performance in analyzing complex biomedical
signals such as ECG data. These models are capable of
automatically extracting features and identifying hidden
patterns, thereby improving the accuracy and efficiency of
disease classification compared to traditional machine learning
approaches.

In this context, the present work proposes a heart disease
classification system using ECG signals and deep neural
networks. The system integrates hardware components such as
an Arduino Uno, ECG sensor, MAX30102 sensor, LCD
display, and a regulated power supply to acquire physiological
signals in real time. The ECG sensor captures cardiac
electrical activity, while the MAX30102 sensor measures
heart rate and blood oxygen saturation (SpO:), providing
additional health parameters for analysis. The collected data is
processed and analyzed using a deep neural network model to
classify heart conditions as normal or abnormal.

The proposed system aims to provide a cost-effective,
portable, and efficient solution for real-time heart health
monitoring. By combining embedded hardware with advanced
deep learning techniques, the system reduces dependency on
specialized medical equipment and expert analysis. This
makes it particularly useful for remote healthcare applications
and continuous patient monitoring. Ultimately, this work
contributes to the development of intelligent healthcare
systems that enhance early diagnosis and improve accessibility
to medical services.

II. REVIEW LITERATURE SURVEY
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Recent advancements in artificial intelligence and
biomedical signal processing have significantly
enhanced the detection and classification of heart
diseases using electrocardiogram (ECG) signals. ECG
is widely recognized as an effective non-invasive tool
for monitoring the electrical activity of the heart and
identifying abnormalities such as arrhythmias. With
the emergence of deep learning techniques, researchers
have increasingly focused on developing automated
systems that can analyze ECG signals with high
accuracy and minimal human intervention. Deep
neural networks, particularly convolutional neural
networks (CNNs), have demonstrated superior
performance in extracting meaningful features directly
from raw ECG data, eliminating the need for manual
feature engineering.

Several notable studies have contributed to this
domain. Rajpurkar et al. (2017) developed a deep
CNN model capable of detecting cardiac arrhythmias
with performance comparable to that of experienced
cardiologists, highlighting the potential of deep
learning in clinical diagnosis. Similarly, Acharya et al.
(2017) proposed a CNN-based model for heartbeat
classification, achieving high accuracy and
demonstrating improved performance over traditional
machine learning methods.

Hannun et al. (2019) introduced a deep learning
framework for continuous ECG monitoring, capable of
detecting multiple cardiac conditions in real time,
thereby supporting long-term patient monitoring.
Kachuee et al. (2018) further improved model
adaptability by proposing a transferable deep learning
approach that reduces dependence on large labeled
datasets. In addition, Kiranyaz et al. (2016) presented a
patient-specific ECG classification system using one-
dimensional CNNs, which adapts to individual
variations and enhances diagnostic precision.
Zihlmann et al. (2017) also demonstrated that deep
learning models are robust against noise in ECG
signals, making them suitable for real-world healthcare
applications.

Despite these advancements, existing systems still
face several limitations. Most traditional ECG
monitoring systems used in hospitals are expensive,
bulky, and require expert interpretation, making them
unsuitable for continuous or remote monitoring.
Although some portable devices have been developed,
they often lack intelligent diagnostic capabilities and
rely on basic parameter monitoring rather than
automated classification. Earlier approaches based on
conventional machine learning techniques require
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manual feature extraction, which is time-consuming
and may not capture complex patterns effectively,
leading to reduced accuracy.

Therefore, there is a clear need for a system that
integrates deep learning with cost-effective and
portable hardware to enable real-time heart disease
classification. The proposed system addresses this gap
by combining ECG signal acquisition with deep neural
network-based analysis using embedded components
such as Arduino Uno, ECG sensor, and MAX30102
sensor.  This integration enables automatic
classification of heart conditions, reduces dependency
on expert analysis, and provides a practical solution
for continuous health monitoring, especially in
resource-limited environments.

III. RESEARCH METHODOLOGY

The proposed research methodology focuses on the
design and implementation of an intelligent heart
disease classification system using ECG signals and
deep neural networks. The methodology is structured
into multiple stages, including data acquisition, signal
preprocessing, feature learning, model training, and
real-time classification. Each stage is carefully
designed to ensure accurate and efficient detection of
cardiac abnormalities.

Initially, physiological data is acquired using
biomedical sensors integrated with embedded
hardware. An ECG sensor is used to capture the
electrical activity of the heart, while a MAX30102
sensor measures heart rate and blood oxygen

saturation (SpO:2), providing additional health
indicators. These sensors are interfaced with an
Arduino Uno, which acts as the central data

acquisition unit. The Arduino processes the raw
signals and transmits the data for further analysis,
while an LCD module displays real-time readings for
user interaction.

Once the data is collected, preprocessing
techniques are applied to improve signal quality. ECG
signals are often affected by noise such as baseline
wander, power line interference, and motion artifacts.
To address this, filtering techniques are employed to
remove noise and enhance the signal. The cleaned data
is then normalized and segmented into smaller samples
suitable for model training. This step ensures that the
input data is consistent and improves the performance
of the deep learning model.
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The next stage involves feature extraction and
model development using deep neural networks.
Unlike traditional methods that rely on manual feature
extraction, the proposed approach uses a DNN model
that automatically learns important features from the
ECG signals. The model is trained on labeled datasets
containing both normal and abnormal ECG patterns.
During training, the network adjusts its parameters to
minimize classification error and improve prediction
accuracy.

After training, the model is validated and tested
using unseen data to evaluate its performance. Metrics
such as accuracy, precision, recall, and Fl-score are
used to assess the effectiveness of the model. This
evaluation ensures that the system can reliably classify
heart conditions in real-world scenarios.

Finally, the trained model is deployed for real-time
classification. The incoming ECG signals from the
hardware are processed and fed into the model, which
classifies the signals as normal or abnormal. The
results are displayed on the LCD and can also be used
to generate alerts in case of detected abnormalities.
The overall system is designed to be portable, cost-
effective, and suitable for continuous monitoring,
making it highly useful in remote and resource-
constrained environments.

In summary, the methodology integrates embedded
systems with deep learning techniques to create an
automated, real-time heart disease classification
system that enhances early diagnosis and improves
healthcare accessibility.

IV. EXISTING SYSTEM

In the current healthcare environment, heart disease
detection primarily relies on conventional
electrocardiogram (ECG) monitoring systems used
in hospitals and diagnostic centers. These systems
involve advanced medical equipment that records
the electrical activity of the heart and provides
detailed reports for diagnosis. Although highly
reliable, such systems require skilled healthcare
professionals, particularly cardiologists, to interpret
the ECG signals and identify abnormalities. This
dependence on expert analysis makes the diagnostic
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process time-consuming and limits accessibility,
especially in rural and resource-constrained areas.

Traditional ECG systems are generally bulky,
expensive, and designed for clinical use, which
restricts their ability to provide continuous
monitoring. Patients typically need to visit hospitals
or diagnostic labs for periodic check-ups, making it
difficult to detect irregular or intermittent cardiac
conditions at an early stage. Moreover, these
systems often generate raw ECG data without
automated classification, leaving the entire
diagnostic responsibility to medical experts. This
can sometimes lead to delays or inconsistencies in
diagnosis, particularly in cases involving subtle
abnormalities.

In recent years, some portable ECG devices and
wearable health monitoring systems have been
introduced to overcome these limitations. While
these devices offer improved mobility and
convenience, many of them are limited to basic
monitoring  functions such as heart rate
measurement and do not incorporate advanced
analytical capabilities. They lack intelligent
algorithms for accurate disease classification and
often do not utilize deep learning techniques, which
are essential for identifying complex patterns in
ECG signals.

Earlier automated systems that attempted to classify
heart conditions were primarily based on traditional
machine learning approaches. These methods
require manual feature extraction from ECG
signals, which is a complex and time-consuming
process. Additionally, manually extracted features
may not capture all relevant patterns, leading to
reduced classification accuracy compared to
modern deep learning models.

Overall, the existing systems face several
challenges, including high cost, lack of portability,
dependence on expert interpretation, limited real-
time analysis, and insufficient integration of
intelligent algorithms. These limitations highlight
the need for a more efficient, automated, and cost-
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effective solution for heart disease detection and
monitoring.

V. PROPOSED METHODOLOGY

The proposed methodology aims to develop an
efficient and intelligent system for heart disease
classification using ECG signals integrated with deep
neural networks. The system combines embedded
hardware components with advanced machine learning
techniques to enable real-time monitoring and automated
diagnosis of cardiac conditions. The overall
methodology is structured into sequential stages
including data acquisition, signal preprocessing, deep
learning-based classification, and real-time output
display.

In the first stage, physiological signals are acquired
using biomedical sensors. An ECG sensor is used to
capture the electrical activity of the heart, while a
MAX30102 sensor measures heart rate and blood
oxygen saturation (SpO:), providing additional health
parameters. These sensors are interfaced with an
Arduino Uno, which acts as the central data acquisition
and control unit. The Arduino collects the raw signals,
performs basic processing, and sends the data for further
analysis. Simultaneously, an LCD module is used to
display real-time readings, allowing users to monitor
their health status instantly.

The next stage involves preprocessing of the
acquired ECG signals. Since raw ECG data is often
affected by noise such as motion artifacts, baseline drift,
and power line interference, filtering techniques are
applied to improve signal quality. The processed signals
are then normalized and segmented into appropriate time
windows to prepare them for input into the deep learning
model. This step ensures consistency and enhances the
performance of the classification system.

Following preprocessing, a deep neural network
(DNN) model is employed for feature extraction and
classification. Unlike traditional approaches, the DNN
automatically learns relevant features from the ECG
signals without manual intervention. The model is
trained using labeled datasets containing both normal
and abnormal ECG patterns. During training, the
network optimizes its internal parameters to minimize
classification errors and improve accuracy. This enables
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the system to effectively recognize complex patterns
associated with various cardiac conditions.

After training, the model is validated and tested
using unseen data to evaluate its performance. Metrics
such as accuracy, precision, recall, and F1-score are used
to assess the reliability of the system. Once satisfactory
performance is achieved, the trained model is deployed
for real-time operation.

In the final stage, the system performs real-time
classification of incoming ECG signals. The acquired
data is processed and fed into the trained model, which
classifies the signals as normal or abnormal. The results
are displayed on the LCD, and alerts can be generated if
any abnormalities are detected. The integration of
embedded hardware with deep learning ensures that the
system is portable, cost-effective, and suitable for
continuous monitoring in both clinical and home
environments.

Overall, the proposed methodology provides a
robust solution for early detection of heart diseases by
combining real-time data acquisition with intelligent
analysis, thereby improving healthcare accessibility and
diagnostic efficiency.

VI. BLOCK DIAGRAM
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VII. RESULTS AND OUTCOMES

The proposed system for heart disease classification
using ECG signals and deep neural networks was
successfully designed and implemented,
demonstrating effective performance in real-time
monitoring and diagnosis. The integration of
biomedical sensors with embedded hardware and
deep learning techniques enabled accurate
acquisition, processing, and classification of
physiological signals. The ECG sensor reliably
captured the electrical activity of the heart, while
the MAX30102 sensor provided additional
parameters such as heart rate and blood oxygen
saturation, enhancing the overall analysis.

The deep neural network model trained on ECG
datasets showed high classification accuracy in
distinguishing between normal and abnormal heart
conditions. The model was able to automatically
extract relevant features from raw ECG signals,
eliminating the need for manual feature engineering
and improving diagnostic efficiency. Performance
evaluation using standard metrics such as accuracy,
precision, recall, and Fl-score indicated that the
system provides reliable and consistent results
suitable for practical applications.
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Fig:7.1:Outputl

The real-time implementation of the system proved
to be effective, as the Arduino-based hardware
successfully acquired and transmitted sensor data,
while the LCD module displayed instant feedback
to the user. The system responded promptly to
variations in physiological signals and was capable
of identifying abnormal conditions, enabling early
warning and timely intervention.

In terms of outcomes, the project achieved a cost-
effective, portable, and user-friendly solution for
heart health monitoring. The integration of deep
learning  with embedded systems reduced
dependency on manual analysis and specialized
medical equipment. The system is particularly
beneficial for remote healthcare applications, where
continuous monitoring and early detection are
essential. Additionally, the scalability of the model
allows for further improvements, such as
incorporating more complex datasets and expanding
classification to multiple heart conditions.

Overall, the results demonstrate that the proposed
approach is efficient, accurate, and practical for
real-world deployment. The project highlights the
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potential of combining artificial intelligence with
embedded technology to enhance early diagnosis,
improve patient care, and increase accessibility to
healthcare services.

Fig:7.1: Output2

VIII.CONCLUSION

This project presented the design and implementation
of a heart disease classification system using ECG signals and
deep neural networks. By integrating biomedical sensors with
embedded hardware and advanced machine learning
techniques, the system provides an efficient solution for real-
time monitoring and early detection of cardiac abnormalities.
The use of an ECG sensor along with the MAX30102 sensor
enabled the collection of multiple physiological parameters,
improving the reliability of the analysis.

The deep neural network model demonstrated strong
performance in automatically extracting features and
accurately classifying heart conditions as normal or abnormal.
Unlike traditional methods that rely on manual feature
extraction and expert interpretation, the proposed system
simplifies the diagnostic process while maintaining high
accuracy. The real-time implementation using Arduino and an
LCD display further enhances usability by providing
immediate feedback to the user.

One of the key advantages of the system is its cost-
effectiveness and portability, making it suitable for
deployment in remote and resource-limited environments. It
reduces the dependency on bulky medical equipment and
specialized healthcare professionals, thereby increasing
accessibility to continuous heart monitoring.
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In conclusion, the proposed approach successfully
demonstrates the potential of combining deep learning with
embedded systems for intelligent healthcare applications. The
system not only improves early diagnosis and monitoring of
heart diseases but also lays the foundation for future
advancements in smart and connected healthcare solutions.
Further enhancements can include expanding the model to
classify multiple cardiac conditions and integrating cloud-
based monitoring for improved scalability and data
accessibility.
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