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Abstract - The Electrocardiogram (ECG) is a vital diagnostic
tool used to monitor the electrical activity of the heart. In this
study, we present the design and development of an ECG report
and analysis system aimed at automating the acquisition,
processing, interpretation, and visualization of ECG signals. The
system integrates signal acquisition hardware, preprocessing
algorithms, feature extraction methods, and a user-friendly
graphical interface. The automated analysis includes heart rate
detection, arrhythmia classification, and report generation. This
system enhances diagnostic efficiency and accuracy, reduces
human error, and provides support for telemedicine applications.
Evaluation with real ECG data demonstrates the system's
reliability and potential for clinical deployment.

Key Words:
Monitoring,ECG Data Visualization
1. INTRODUCTION

The Electrocardiogram (ECG) is extensively used in diagnosing

ECG Automation, Digital Health, Remote Patient

cardiovascular conditions by recording the electrical signals of the
heart over time. Traditional ECG interpretation requires manual
analysis, which can be time-consuming and error-prone. There is
a pressing need for a reliable, real-time ECG report and analysis
system that provides accurate results and supports medical
professionals in making informed decisions. This paper discusses
the development of an ECG analysis system designed to acquire,
preprocess, analyze, and interpret ECG signals automatically,
generating comprehensive reports accessible through a digital
interface. The human heart generates electrical signals that can be
captured and analyzed to assess its function and detect
abnormalities. An Electrocardiogram (ECG or EKG) records these
signals using surface electrodes placed on the skin. ECG is non-
invasive, cost-effective, and a widely adopted technique for heart
disease diagnosis. This research project focuses on the design and
development of an ECG report and analysis system that can assist
clinicians in detecting early signs of cardiac problems.

The ECG signal consists of repeating waveform patterns,

specifically the P wave, QRS complex, and T wave, which

represent specific electrical activities within the heart. Designing
a system that can effectively capture, preprocess, and analyze
these signals is essential for building automated or semi-
automated diagnostic

2.

The interpretation of electrocardiograms (ECGs) is an essential
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part of cardiovascular diagnostics. Over the past few decades,
various systems and algorithms have been developed to automate
ECG signal acquisition, preprocessing, and analysis. This section
reviews foundational research and recent advancements relevant
to the design and development of an ECG report and analysis
system.

2.1 ECG Signal Processing Fundamentals

The ECG signal consists of several key components, including the
P wave, QRS complex, and T wave, each representing different
electrical activities of the heart. Signal processing techniques are
required to remove artifacts such as baseline wander, power-line
interference, and muscle noise, which can distort clinical
interpretation.

. Pan and Tompkins (1985) proposed a real-time QRS
detection algorithm based on digital band pass filtering,
differentiation, squaring, and moving window integration. This
method laid the groundwork for many real-time ECG analysis
systems.
. Hamilton and Tompkins (1986) improved this method
for noise resilience and implementation in portable systems.
These classic algorithms form the basis of modern QRS detection
and heart rate calculation methods.

2.2 ECG Databases and Benchmarking

The MIT-BIH Arrhythmia Database has been widely used to
test and validate ECG processing algorithms. It includes
recordings with annotated arrhythmias, enabling performance
evaluation of various detection and classification systems.
Moody and Mark (2001) highlighted the significance of

open databases like MIT-BIH for reproducible research and

algorithm benchmarking.
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o The PhysioNet platform, introduced by Goldberger et al.
(2000),

cardiovascular and other physiological signals.

provides open-source tools and databases for
These resources have been instrumental in standardizing the
development of ECG analysis tools.

2.3 Feature Extraction and Classification

Accurate extraction of ECG features (P-QRS-T segments,
intervals, and amplitudes) is crucial for automated diagnosis.
Classical methods involve threshold-based rules, while more
recent approaches employ machine learning.

e Laguna et al. (1994) developed algorithms for delineation of
P and T waves in the presence of noise.

e de Chazal et al. (2004) applied linear discriminant classifiers
to distinguish between different arrhythmias using ECG
morphology and timing features.

o Clifford et al. (2006) emphasized robust ECG analysis using
Bayesian and statistical models, especially in low-quality
recordings.

2.4 Machine Learning and Deep Learning Approaches
Recent studies leverage Al for enhanced classification accuracy:
e Hannun et al. (2019) demonstrated cardiologist-level
arrhythmia classification using deep convolutional neural
networks (CNNs) trained on over 90,000 ECG recordings.

e Rajpurkar et al. (2017) introduced the Cardiologist-Level
Arrhythmia Detection with Deep Learning approach, using a
34-layer CNN, outperforming traditional feature-based models.
While these models achieve high accuracy, they require extensive
labeled data and computing resources, limiting their use in low-
cost or embedded systems.

2.5 Wearable and Real-Time Monitoring Systems

Portable ECG monitoring devices have gained popularity for
continuous heart monitoring and telemedicine applications.

e AliveCor and Zio Patch are FDA-approved devices offering
wireless ECG capture and cloud-based analysis.

e Chow et al. (2016) developed a smartphone-based ECG
monitor for arrhythmia detection, proving the feasibility of mobile
health solutions.

3. System Design:

The design of the ECG Report and Analysis System is structured

to ensure accurate signal acquisition, real-time processing,

modular, enabling scalability, maintainability, and integration
with existing healthcare platforms.

3.1 System Architecture

The system is designed with the following key modules:

ECG Signal Acquisition Module

Responsible for collecting raw ECG data from the patient using
electrodes connected to an ECG sensor module (e.g., AD8232 or
12-lead ECG setup). Data is transmitted to the processing unit
(e.g., microcontroller or PC) via serial or wireless
communication.

1. Signal Preprocessing Module

This module removes noise and artifacts such as baseline
wander, muscle interference, and power line noise using digital
filters (e.g., band-pass Butterworth filter). Preprocessing ensures
that the signal is clean and ready for feature extraction.

2. Feature Extraction Module

Identifies key waveform components such as the P wave, QRS
complex, and T wave. It calculates heart rate, RR intervals, and
waveform duration and amplitudes. The Pan-Tompkins
algorithm is used for real-time QRS detection.

3. Diagnosis & Classification Module

Analyzes extracted features to detect abnormal rhythms (e.g.,
bradycardia, tachycardia, atrial fibrillation). Initially, rule-based
logic is applied, but advanced versions may integrate machine
learning for classification.

4, Report Generation Module

Automatically creates a structured report containing patient
information, waveform plots, vital signs, and diagnostic
summaries. Reports can be exported in PDF, HTML, or printed
formats.

5. User Interface (Ul) Module

Provides a graphical user interface (GUI) or web interface where
users (clinicians or patients) can view ECG waveforms in real
time, access historical records, and download reports.
4.System Overview

Input: Raw ECG signals from a patient (e.g., 12-lead ECG data)
Output: Detailed ECG report including heart rate, arrhythmia
detection, waveform measurements (P, QRS, T intervals), and
diagnostic interpretation

Main Components:

intelligent analysis, and user-friendly reporting. The system is * Signal Acquisition
. Signal  Preprocessing (noise removal, baseline
correction)
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. Feature Extraction (detecting QRS complexes, intervals)

o ECG Classification/Analysis (normal/abnormal patterns) ECG Electrodes

o Report  Generation (summary, graphical plots,

interpretations) Y

5.System Architecture ECG Sensor Module

The system is designed with the following key modules: (e‘g‘ AD8232)

o ECG Signal Acquisition Module

Y

Responsible for collecting raw ECG data from the patient using
electrodes connected to an ECG sensor module (e.g., AD8232 or Signal Preprocessing

12-lead ECG setup). Data is transmitted to the processing unit

(e.g., microcontroller or PC) via serial or wireless communication. y

. Signal Preprocessing Module Feature Extraction
(P-QRS-T, HR)

This module removes noise and artifacts such as baseline wander,

muscle interference, and power line noise using digital filters (e.g.,

band-pass Butterworth filter). Preprocessing ensures that the Diagr::)sis &
signal is clean and ready for feature extraction. Classification

. Feature Extraction Module

Identifies key waveform components such as the P wave, QRS . 4

complex, and T wave. It calculates heart rate, RR intervals, and Report Generation

waveform duration and amplitudes. The Pan-Tompkins algorithm

Is used for real-time QRS detection. Fig 5.1 ECG signal and sends it to the processing unit.

o Diagnosis & Classification Module ECG Report and Analysis System

Analyzes extracted features to detect abnormal rhythms (e.g., Patient Information:

bradycardia, tachycardia, atrial fibrillation). Initially, rule-based

o ) ) ) ) Field Value
logic is applied, but advanced versions may integrate machine
learning for classification. Patient 1D P12345
. Report Generation Module Name Jagadish
Automatically creates a structured report containing patient
. . . . . . Age 45 years
information, waveform plots, vital signs, and diagnostic
summaries. Reports can be exported in PDF, HTML, or printed Date & Time 2025-05-17 14:30
formats. Lead Used Lead Il
. User Interface (Ul) Module
Provides a graphical user interface (GUI) or web interface where Duration of Signal | 10 seconds

users (clinicians or patients) can view ECG waveforms in real
ECG Analysis Summary:

Parameter Value

time, access historical records, and download reports.

Average Heart Rate 78 bpm

Min Heart Rate| 72 bpm

Max Heart Rate| 84 bpm

Rhythm Classification| Normal Sinus Rhythm
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Detected Arrhythmia| None

PR Interval| 160 ms

QRS Duration| 90 ms

QT Interval| 360 ms

ECG Report and Analysis

Patient ID: P12345

Name: John Doe

Age: 45 years

Date & Time:  2025-05-17 14:30
Lead: Lead Il

Recording Duration: 10 seconds

ECG Signal Analysis Summary:

Average Heart Rate: 78 bpm
Minimum Heart Rate: 72 bpm
Maximum Heart Rate: 84 bpm
PR Interval: 160 ms

QRS Duration: 90 ms

QT Interval: 360 ms

Rhythm Classification:
Detected Arrhythmia:

Normal Sinus Rhythm
None

Diagnostic Notes:

- Heart rate is within normal limits (60 - 100 bpm).
- No arrhythmias or irregularities detected.

- Signal quality is good; minimal noise.

- Routine monitoring recommended.

End of Report

Conclusion:

The design and development of the ECG Report and Analysis
System successfully addressed the need for automated, accurate,
and real-time cardiac monitoring. By integrating advanced signal
processing techniques such as band-pass filtering and the Pan-
Tompkins algorithm, the system efficiently detects key ECG

features including the QRS complex and heart rate. The modular

architecture facilitates easy scalability and adaptation for various
clinical settings. The preprocessing stage effectively removes
common artifacts, enhancing signal quality and improving
diagnostic reliability. The implemented arrhythmia detection
module, based on rule-based logic, provides timely identification
of abnormal cardiac rhythms such as bradycardia and tachycardia.
Report generation automates clinical documentation, offering
clinicians comprehensive insights through detailed summaries and
visual plots. This reduces manual workload and the potential for
human error.

The system's real-time monitoring capability makes it suitable for
continuous patient surveillance, which is crucial in critical care
and remote healthcare applications. The inclusion of a user-
friendly interface enhances accessibility for both healthcare
providers and patients, promoting widespread adoption. While
traditional signal processing methods were employed, the design
allows for future integration of machine learning models to
improve classification accuracy. Additionally, the system’s
portability and low-cost hardware make it an ideal solution for
resource-limited environments.

Challenges remain in handling noisy ambulatory data and
expanding the system for multi-lead ECG analysis. Further
validation with larger patient datasets is necessary to assess
clinical effectiveness comprehensively. Nevertheless, the current
system demonstrates promising results in ECG analysis and
automated reporting. Overall, this project contributes significantly
to the advancement of digital health technologies by providing an
efficient tool for cardiovascular diagnosis. Future work may
explore integration with telemedicine platforms and cloud-based
analytics for enhanced remote patient care. The system paves the
way toward smarter, faster, and more accessible cardiac health
monitoring solutions worldwide.
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