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Abstract

This study evaluates the feasibility and performance of using a smartphone and
a Raspberry Pi as edge devices in an Internet of Things (IoT)-based healthcare

system, with a specific focus on electrocardiogram (ECG) monitoring..

ECG data we are dealing with often contain noise components like Power Line In-
terference, Baseline Wander, Electrode Motion Artifacts and Electromyographic,
which make it susceptible to degradation of the signal quality and accuracy. These
noise components must be removed effectively to make it helpful in decision mak-
ing. At first, we denoised ECG Signals from each sensor using filters like wavelet
transform, band pass and outlier filter to improve signal quality. To perform ac-
curate ECG inference, a deep neural network (DNN) was trained on the MIT-BIH
dataset. The trained model was deployed on both the smartphone and Raspberry
Pi. Their performance was assessed to determine the viability of these edge devices

in real-time IoT-based ECG monitoring.

We conducted a comprehensive performance comparison under the identical test-
ing conditions to ensure an equitable evaluation. The performance was evaluated
through packet delivery ratio, delay metrics and throughput. After the system
was up and running, the maximum delay times between packets were measured
for different devices used in this system. It was found that average delay time
was higher in smartphone. Moreover, greater discrepancies in maximum delay per
packet were shown in Smartphone compared to the Raspberry Pi. This study
highlights the trade-offs between processing speed, delay variance, and modularity
among edge devices. Smartphones are better at user friendliness but Raspberry
Pi is more efficient for the network. To make these findings more actionable, they
will help improve loT-based healthcare, enabling selection of appropriate edge de-
vices for relevant use cases. The results of this study provide valuable insights for

developers and researchers working on IoT-based solutions.
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Chapter 1

Introduction

The rapid advancements in Internet of Things and edge computing have revo-
lutionized the healthcare sector, allowing remote monitoring and real-time data
processing [1]. Edge device has become the core component of IoT system that
process and transfer important data like Electrocardiogram (ECG) data. In this
study, we investigate the implementation of smartphones and Raspberry Pi devices
as edge nodes in an IoT-based healthcare system that utilizes an Electrocardio-

gram (ECG) sensor [2].

In healthcare IoT, edge computing plays an important role in improvement of
quality of service. It gives multiples advantages like reducing latency and enhanced
privacy and security [2]. Automating the collection, delivery, and processing of
patient vital data using edge devices, It accelerates the process of diagnosis and
treatment [3]. This facilitates delivering more patient specific and timely treatment

to patients .

To investigate the performance of smartphones and Raspberry Pi devices as edge
nodes in an IoT-based healthcare system, we have designed and implemented a
prototype system. Our system utilizes edge devices for remote monitoring and

alerts transmission, targeting cardiac conditions.

In this work, a comparative evaluation of smartphones and Raspberry Pi devices
for use as edge devices in [oT enabled healthcare system is presented. In addition,

1



Introduction 2

we have also highlighted the performance evaluation of edge devices in terms of
network latency, energy efficiency and cost effectiveness. Our work’s findings show
that smartphones and Raspberry Pi devices can serve both as edge node for IoT
based healthcare systems with pros and cons. Typically, smartphones are very
familiar devices, but can’t compare with Raspberry Pi devices in terms of latency

or customizability as you set it up.

Real-world ECG signals are susceptible to various noises, including power line
interference (PLI), baseline wander, electrode motion artifacts, and electromyog-
raphy (EMG) contamination. Figure 1.1 shows the ECG signal containing PLI
and Baseline Wander noises. These noises can significantly affect the accuracy of

Al model. Milestones of this research are:

. Ba seliné Wander ._Pow_er Line Interference

FicUre 1.1: Raw ECG Signal

1. Collect and denoise ECG signals, addressing common artifacts such as power
line interference (PLI), baseline wander, electrode motion artifacts, and elec-

tromyography (EMG) contamination.

2. Train a deep neural network (DNN) on the denoised ECG dataset for accu-

rate ECG inference.

3. Deploy the trained DNN model on both smartphones and Raspberry Pi

devices.

4. Assess the efficiency and feasibility of these edge devices based on several
key performance metrics, including AI model performance, packet delivery

ratio (PDR), packet loss ratio (PLR), delay, and throughput.
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1.1 Research Objectives

This research aims to design, implement, and assess an loT-based ECG monitoring
system that uses edge computing to achieve real-time performance. The specific

objectives are as follows:

1. Develop and implement denoising techniques: Implement techniques
such as wavelet transforms, band-pass filters, and outlier detection to im-

prove ECG signal quality.

2. Deploy DNN on edge devices: Train a deep neural network (DNN) on
denoised ECG datasets and deploy the model on edge devices for real-time

inference.

3. Edge Device Testing: Validate the suitability and performance of smart-
phones and Raspberry Pi as edge devices based on metrics such as packet

delivery ratio, latency, and throughput.

4. Trade-Off Analysis: Analyze trade-offs between processing speed, latency
variance, and modularity when using different edge devices for monitoring

ECG in an IoT environment.

1.2 Rationale and Significance of Selected Re-

search Topic

The selected research topic reflects on the critical challenges and prospects of the
modern healthcare delivery. Indeed, choosing appropriate edge devices for systems
built with new technologies is among the key concerns of the future. The reasoning

behind the selection of the topic is as follows:



Introduction 4

1.2.1 Rationale

The growing need for remote patient monitoring demands efficient and adapt-
able edge devices within IoT based healthcare systems. While smartphones offer
widespread availability and user familiarity, their processing power can be limi-
tations. Conversely, Raspberry Pis offer greater processing capabilities but lack
the portability and user-friendliness of smartphones. This research addresses this

trade-off by comparatively evaluating these two readily available platforms.

By incorporating a denoising pre-processing step before training DNN models, this
research delves deeper into the practical applicability proposed Al and IoT based
healthcare system. Analyzing performance encompassing both Al model accu-
racy on denoised data and network communication efficiency (PDR, PLR, Delay,
Throughput) provides a more comprehensive understanding of their suitability for

realworld healthcare deployments.

1.2.2  Significance:

1. Comparative Analysis: By comparing the performance of smartphones and
Raspberry Pis as edge devices, this research will provide valuable insights
into their suitability based on critical parameters like Al model performance,

data transmission efficiency, and resource utilization.

2. Cost-Effective Solutions: Real-World Applicability: The findings will inform
the development and deployment of cost-effective remote patient monitoring

systems.

3. Future Research Directions: This research will pave the way for further ex-
ploration of using these devices for processing and analyzing other types of
healthcare data, potentially leading to more comprehensive remote monitor-

ing solutions.
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Addressing each of these aspects requires a strong understanding of signal process-
ing, machine learning, and network communication protocols, ensuring a rigorous

and technically challenging MS thesis.

1.3 Scope of the Study

IoT-based ECG monitoring system: Performance evaluation of smartphones

and Raspberry Pi. The scope includes:

1. System Architecture: Includes IoT sensors, edge devices, and cloud stor-

age.

2. On-Edge Signal Preprocessing and Noise Reduction: Both on-edge

signal preprocessing and noise reduction techniques are explored.

3. DNN Model Development: Developing and training a deep neural net-
work (DNN) model for the classification and detection of ECG signal anoma-

lies.

4. Performance Evaluation: Conducting performance evaluation by main-
taining constant testing conditions to ensure a fair comparison between edge

devices.

The findings of this work are intended to offer insights to developers and re-
searchers for the strategic selection of edge devices used in hospital-based IoT

applications, particularly for ECG monitoring.

1.4 Thesis Organization

This thesis is structured as follows:
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1. Literature Review: Discusses existing research on loT-based ECG mon-
itoring systems, the role of edge computing, and the challenges of signal

processing and device performance.

2. Design and Implementation of Proposed Solution: Describes the sys-
tem architecture, hardware and software components, and the implementa-

tion of signal processing and DNN deployment on edge devices.

3. Assessment and Results: Presents the comparative performance evalua-
tion of smartphones and Raspberry Pi based on key metrics such as latency;,

throughput, and packet delivery ratio.

4. Discussion: Analyzes the trade-offs between edge devices and their impli-

cations for real-time IoT-based healthcare applications.

5. Conclusion and Future Work: Summarizes the key findings, contribu-
tions, and limitations of the study, and proposes directions for future re-

search.

By addressing the challenges and trade-offs in edge device performance, this study
contributes to the advancement of loT-based healthcare solutions, offering practi-

cal recommendations for real-world applications.



Chapter 2

Literature Review

Within the last decade, healthcare and Internet of Things technologies combined
received much attention from the researchers. The integration of loT-based health-
care systems is considered to have a positive impact on patient care by enhancing
monitoring, diagnostics, and treatment [4]. Such systems are made up of con-
nected devices and sensors that are responsible for collecting and transmitting

patients’ data, allowing them to be monitored and analyzed in real-time.

2.1 Edge Computing in IoT

Edge computing is an essential aspect of IoT and provides a solution to some of the
challenges of conventional cloud computing. The data is processed at the “edge”
of the network, meaning close to the source. Figure 2.1 shows the architecture
of edge computing [5]. It reduces latency and bandwidth consumption and have
the capability to enhances the data security and privacy [6]. The last aspect
is crucial in healthcare, where data should be processed in a timely and secure
manner. The utilization of smartphones and other edge devices, such as single-
board computers like Raspberry Pi are becoming increasingly common to conduct
such local processing [7]. The integration of IoT and edge computing in healthcare
has been a growing area of research. Edge computing has proven to be the faster

7
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Internet Edge

of Things Computing Cloud

[ Realtime Data Processing ]

F1GURE 2.1: Edge Computing Architecture

transmission speed, better energy efficiency, and real-time feedback for healthcare
applications. For example, in a healthcare system, the edge devices can collect
data from various sensors, processes it locally and then send only the necessary

information to the cloud, reducing network congestion and data transmission costs

8] .

Furthermore, edge computing can enhance the security and privacy of healthcare
data by processing it locally, without the need to transmit sensitive information

to the cloud.

2.1.1 Related Work

However, the limitations of traditional cloud computing in IoT environments mo-
tivates the use of edge computing as a promising paradigm [9]. As edge computing
pushes processing and storage closer to the data source, latency is improved, qual-
ity of service is increased, and security and privacy are improved [10]. Some key

advantages of edge computing in IoT-based healthcare systems include

1. Reduced latency and faster response times, enabling real-time monitoring

and decision-making

2. Improved data security and privacy, as sensitive data can be processed locally

without being transmitted to the cloud
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3. Better energy efficiency, as less data needs to be sent over the network

Edge computing has been explored in various healthcare applications, such as
remote patient monitoring, assisted living, and chronic disease management [11]

12].

2.2 Edge Devices - Smartphones and Raspberry
Pi

As technologies have increased rapidly, the healthcare industry has been moving
fast towards the implementation of edge computing solutions, including phones,
and Raspberry Pi. Smartphones feature powerful processors, an ensemble of sen-
sors as well as abundant connectivity options, have already become part of many
healthcare applications[13]. Also, Raspberry Pi, a cheap single board computer
has been popularized as an IoT device in view of its efficiency in collecting, pro-

cessing and transmitting data.

The widespread availability, affordability and the performance capabilities of smart-
phones and Raspberry Pi have made them the preferred choices for edge computing

in healthcare.

There are many advantages of integration of smartphones and Raspberry Pi in
the healthcare industry. Smartphones can be used to for multiple applications
including real time monitoring of patients health parameters, data collection as
well as remote diagnosis [14]. In addition, smartphones are portable and accessible
for the health professionals to access and manage patient information at any time

and any place.

However, Raspberry Pi has occupied the healthcare sector using its versatility
and cost effectiveness. In IoT based healthcare applications, these IoT devices
are used where it can be used as a data collection, processing and transmission

in Raspberry Pi — based systems [15] [16]. Such systems can deployed in remote
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locations or a patients’ homes and a solution Continue Health Monitoring can be

provided in a scalable and flexible manner [16].

The adoption of smartphones and Raspberry Pi in healthcare has not been without
its challenges. One of the primary concerns is the issue of data transmission and

processing latency, which can hinder real-time response and emergency detection.

2.2.1 Comparison of Smartphone and Raspberry Pi as Edge

Devices

TABLE 2.1: Comparison of Smartphone and Raspberry Pi as Edge Devices in

IoT Systems

Metric

Smartphone

Raspberry Pi

Processing Power
Energy Efficiency
Portability

Connectivity
Sensors

Cost

Ease of Develop-
ment

Battery Life

Data Security

Storage

Real-time Process-
ing

High — Multi-core proces-
sors, GPUs

Highly optimized for low
power consumption

Highly portable and com-
pact

4G /5G, Wi-Fi, Bluetooth

Integrated ~ (GPS,  ac-
celerometer, gyroscope)
Varies (mid-high)

App development (An-
droid/iOS)

Long battery life, optimized
for mobility

Built-in encryption, biomet-
rics

High internal storage

Limited,
application-based

primarily

Moderate — ARM proces-
sors, limited GPU
Consumes more power, de-
pends on peripherals
Portable but bulkier with
peripherals

Wi-Fi, Ethernet, Bluetooth
Requires external sensors

Low-cost from

$35)
Python, C, Linux-based de-
velopment

Requires external power
source or battery pack
Security depends on soft-
ware implementation
SD card, external
drives

Good for lightweight real-
time processing

(starting

USB

The comparison in Table 2.1 highlights key differences between smartphones and

Raspberry Pi as edge devices in [oT healthcare applications.
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2.2.1.1 Comparative Studies of Edge Devices

1. Smartphones

Advantages: User-friendly interfaces, high computational power, and ex-

tensive connectivity options.

Challenges: Higher latency and variability in performance due to multi-

tasking and resource allocation.

2. Raspberry Pi

Advantages: Cost-effective, energy-efficient, and optimized for dedicated

tasks. Suitable for networked applications with consistent performance.

Challenges: Limited user interface and slightly lower computational capa-

bilities compared to modern smartphones.

2.3 ECG Signal Processing

There are a variety of noise sources that make real world electrocardiogram signals
susceptible to degradation of the signal quality and accuracy [17]. Besides power
line interference, baseline wander, electrode motion artifacts and electromyographic
contaminants are also present in ECG signals. But these different types of noise
have a large detrimental impact on the reliability and clinical interpretation of
ECG data, which is why it is so important to properly address these issues using

appropriate signal processing and noise reduction techniques.

For example, power line interference that occurs as a result of electrical grid can
cause 50/60 Hz noise in ECG signal [18]. On the contrary, baseline wander refers
to a slow moving fluctuation of the ECG signal baseline caused by respiration or
subject movement. The motion of the electrodes on the skin results in change
of the measured electrical potential, which produces electrode motion artifacts.
Electromyographic (EMG) noise, caused when the body moves during sleep, will
powerfully contaminate the ECG signal and make the accurate analysis of cardiac

activity difficult [19].
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To address these noise sources, researchers have explored a variety of signal pro-
cessing techniques. Adaptive filtering, empirical mode decomposition, and deep
learning-based approaches have all shown promise in effectively removing noise
from ECG signals and improving the accuracy of heartbeat detection and other

diagnostic tasks [18].

By developing robust and automated methods for ECG denoising, researchers can
help bridge the gap between the controlled environment of clinical studies and the
more unpredictable real-world conditions encountered in practical applications.
These advanced signal processing techniques can significantly enhance the reli-
ability and clinical utility of ECG data, making it more suitable for real-world
healthcare applications where noise and artifacts are often prevalent. [18]. Fol-

lowing famous methods have been developed to overcome these challenges:

1. Power Line Interference (PLI): Adaptive filtering and notch filters are the

most commonly employed to deal with PLI.

2. Baseline Wander: Polynomial fitting, wavelet transform, and high-pass fil-

tering techniques can be employed to fix baseline drift.

3. Electrode Motion Artifacts and EMG Contamination: Signal averaging and
advanced filtering, such as Kalman filters and Independent Component Anal-

ysis (ICA), can be employed to decrease these artifacts

2.4 Deep Neural Network for ECG Analysis

Deep Neural Networks have shown an unprecedented performance in processing
ECG signals since they can learn relevant complex patterns and features from
data. DNNs can be adopted to classify arrhythmias from ECG signal evaluation,
detect heart beat anomalies, or offer predictive information about a patient’s car-

diac output. It has been found that deep learning algorithms significantly surpass
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the accuracy and performance of traditional machine learning techniques. Nev-
ertheless, to make the DNN model workable and deployable in edge devices, it is

necessary to design the model effectively and optimize it efficiently [20].

2.4.1 Key Aspects of DNNs in ECG Analysis

2.4.1.1 Dataset Preparation

ECG datasets are compiled, processed, and enhanced to achieve resilience against

noise and artifacts. The initial steps in dataset preparation are crucial and include:
1. Noise Reduction: Removal of artifacts and external interference from the
raw ECG signals.

2. Feature Extraction: Identifying and extracting relevant features such as

heart rate, QRS complexes, and ST-segment deviations.

2.4.1.2 Training Algorithm

DNN models are trained using supervised learning techniques, where labeled ECG

data serves as the input for learning. Some commonly used architectures include:

1. Convolutional Neural Networks (CNNs): Suitable for capturing spa-
tial and temporal patterns in ECG signals.

2. Recurrent Neural Networks (RNNs): Ideal for handling sequential data

and long-term dependencies in ECG waveforms.

2.4.1.3 Edge Deployment

Trained DNN models can be deployed on edge devices, enabling faster inference

without reliance on cloud computing. Examples of such edge devices include:
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1. Raspberry Pi: Compact and cost-effective for real-time analysis.

2. Smartphones: Widely accessible and capable of running lightweight mod-

els.

Edge deployment ensures low latency and enhanced privacy, as sensitive ECG data

need not be transmitted to cloud servers.

2.5 Performance Metrics for Edge Computing in

Healthcare

Evaluating the performance of edge devices in healthcare applications involves

multiple metrics:

2.5.1 Al Model Performance

As artificial intelligence models become increasingly prevalent in edge computing
environments, the need for comprehensive performance evaluation has become
paramount. Metrics such as accuracy, precision, recall, F1l-score, and inference
time are crucial in assessing the effectiveness of these models when deployed on

resource-constrained edge devices [21].

A measure of model performance is accuracy, the ability for the model to correctly
classify or predict outcomes. Precision, however, measures the proportion of posi-
tive predictions that are true, and recall calculates the proportion of true positives
that the model can find [22]. A balanced measure of the model performance is
given by the F1 score, as the harmonic mean between precision and recall [21] .
Edge deployment places high importance on the inference time, i.e. time taken
by the model to make a prediction, as edge devices, generally, have constrained
computational resources. For real time decision making and responsiveness in edge

applications inference time must be optimized
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2.5.2 Network Performance Metrics

One of the key performance metrics used to assess the quality of an IoT network is
the Packet Delivery Ratio, which represents the ratio of successfully delivered data
packets to the total number of packets transmitted. Another important metric is
the Packet Loss Ratio, which measures the percentage of data packets that fail
to reach their intended destination [23]. Delay and throughput are also critical

factors, as they directly impact the timeliness and capacity of the network.

2.6 Comparative Analysis and Survey of Exist-

ing Techniques

2.6.1 Survey of Existing Techniques for ECG Signal De-

noising

Effective ECG signal processing is critical for accurate diagnosis and monitoring
of cardiovascular conditions. Several techniques have been developed to address

common artifacts in ECG signals:

2.6.2 Power Line Interference (PLI)

1. Notch Filters: Keeping signal integrity is an often encountered problem in
science and engineering applications in which an unwanted interference can
substantially corrupt measures as well as analysis of data collected [24].Power
line frequency, for example 50 or 60 Hz, is one of the typical common sources
of interference that can pollute a broad variety of signals. To solve this
problem, numerous studies have been conducted on notch filters to elimi-
nate power line interference of this particular frequency [25]. Due to their

simplicity and easy of implementation, Notch Filters are a commonly used
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power line interference mitigation, a solution that works in many applica-
tions. Nevertheless, like notch filters, they can distort the signal of interest

while removing the undesired interference [25].

The use of notch filters to suppress power line interference is widely known
to be effective , but the introduction by notch filters of undesirable distortion
into the signal itself is an area of increasing research interest . In [26] , the po-
tential of the effects of electromagnetic compatibility filters, including notch

filters, on narrowband power line communications have been characterized.

2. Adaptive Filters: In the field of signal processing, adaptive filters provide
a powerful means of processing; they are superior to fixed filters in many
respects. Adaptive filters are able to adjust their parameter values in real
time, so that interference can be minimized and the signal characteristics
changing over time can be adaptively followed [27]. The property of this
repetition characterizes better performance since the filter can sequentially

optimize its behavior to the input signal [28].

On the other hand, these filters are adaptive in nature. Generally, adaptive
filters are more computationally intensive than fixed filters, since their pa-
rameters must be updated continuously in order to be optimally performing.
The tradeoff between performance and computational cost when choosing a

filter for a particular application forms this core consideration.

The Butterworth digital filter constitutes one adaptive filter example, as it
is adaptive to changes in the frequency content of the signal [27]. A second
adaptive filtering technique is the Kalman filter, which has found extensive
application in integrated GPS/INS navigation systems. It has been shown
that these Kalman based adaptive filters outperform conventional Kalman
filters in terms of both accuracy and computational efficiency; thereby, very

suitable for cost effective solutions.

Although the performance advantages of adaptive filters are well documented,
researchers have considered a number of approaches to increase their compu-

tational efficiency. The first proposed approach uses a fast adaptive Kalman
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filtering algorithm to achieve high accuracy while reducing the execution time
compared to traditional methods. Also, combining different adaptive filter
structures can enhance the filter performance and the convergence prop-
erties, but the selection of the proper combination of filters may demand

special caution (Street et al., 1968; Jer Nimo Arenas Garc’a, cbaed24f).

2.6.3 Baseline Wander:

1. Polynomial Fitting: A very powerful tool for removing slow drifts from sig-
nals is polynomial fitting: it can model arbitrarily complicated baseline vari-
ations well. Fitting a polynomial function on the baseline of the signal to fit
the baseline and subtract to detrend the data. (Ref [29]). This approach can
be very effective but comes with careful selection of the polynomial order to

prevent being overfit or underfit from the data.

Polynomial fitting is one of the key advantages for dealing with very different
types of baseline variations including simple linear trends to more difficult
non-linear drifts. Therefore, the polynomial function can be adapted to the
features of a signal and hence can be used to better represent the baseline.
Evolutionary Polynomial Regression is a data driven technique based on an
evolutionary computing approach to search for an evolutionary computed
polynomial model, while to get over the problems of traditional numeric

regression [30].

Additionally, polynomial fitting flexibility is increased in that a polynomial
can be fit to the entire signal, or the signal can be broken up into pieces and
a polynomial fit to each piece. The capability of capturing more localized
baseline variation is enabled, which can be very useful in the case of non

stationary signals.

Yet, this technique requires an important choice on the appropriate poly-
nomial order. If the order is too low, it is not possible to fit a polynomial
that adequately captures the baseline and the drift removal is incomplete.

On the other hand, if the order is too high, the polynomial can over fit the
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data and introduces artifacts or distorting artifacts on the detrending signal

29][31].

In order to address this challenge, cross-validation and jackknife resampling

techniques have been proposed [31].

2. Wavelet Transform: Wavelet signal processing techniques have recently sur-
faced as a powerful means for many applications such as digital signal pro-
cessing [32] and geophysical data analysis. These are methods that can be
used to decompose a signal into its component frequencies (which can be
really useful for identifying, and removing if unwanted, drift/trend from the

data).

A major feature of wavelet based methods is their self attention to the time
frequency resolution with respect to the signal. Unlike the short-time Fourier
transform where a window function of fixed width is used, wavelet functions
can be scaled and translated so that resolution in time and frequency are
variable and flexible [33]. Flexibility in the time and frequency spectrum of
the signal is critical for frequency selective analysis and processing of time

varying signals.

An important item, in wavelet based signal processing, is the choice of the
wavelet function. Different parameters of the wavelet function can affect
the conditions which the wavelet must satisfy, and the time and frequency
spreads of the wavelet function can cause that the analysis results are highly

influenced.

3. High-Pass Filtering: Baseline wander (also referred to as baseline drift) is an
important source of low frequency noise with frequency components between
0.05 Hz and 3 Hz [34] that can highly affect the interpretation and analysis
of the ECG signal. High-pass filtering is proposed to correct this problem
and eliminate the low frequency ECG signal wander and the low frequencies

of the signal.

Among the principal benefits of high-pass filtering is the removal of the low

frequency components of the ECG signal out of contact patient movement,
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respiration and other physiological phenomena. In ambulatory and stress
test settings, ECG signals can be subjected to higher levels of noise and
baseline wander as acquisition condition is not as good [35] and therefore
this filtering is very useful. Additionally, the suppression of low frequencies
can improve visibility and interpretation of important ECG features, those P-
waves and T-waves, that are significant for accurate diagnosis and monitoring

of cardiac health [36].

However, a common form of high-pass filtering is not without its challenges.
The choice of cutoff frequency of the filter is very critical since the wrong
selection of the cutoff frequency may cause the loss of the important low
frequency information or still the best option not able to get rid of the
baseline wander. Moreover, design and implementation of high-pass filters
is complex, involving judicious selection of filter order, stability, and group

delay.

To address these challenges, recent research has explored the use of deep
learning techniques for ECG signal denoising and baseline wander removal.
These deep learning-based approaches have shown promising results in effec-
tively removing baseline wander while preserving the important low-frequency

components of the ECG signal.

In conclusion, high-pass filtering is a widely used technique for eliminating

ECG signal wander and suppressing low-frequency components.

2.6.4 Electrode Motion Artifacts and EMG Contamina-

tion:

1. Signal Averaging: This is one way of filtering that can be achieved by aver-
aging the residuals of multiple ECG cycles. Though a simple method, it does
not adequately reduce periodic noise; moreover, it is completely inefficient

against non-periodic noise and artifacts.
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2. Kalman Filtering: This is an advanced filtering technique that estimates the
true signal based on the signal and noise models. Kalman filtering in its
linear variants is a form of the Wiener filter, where both the signal and the

noise processes are Gauss-Markov processes.

3. Independent Component Analysis (ICA): ICA is a powerful method to re-
move noise. ICA takes the mixed signals and separates them to get indepen-
dent component signals, and some of these components will be noise signals
[37]. To suppress these components, they can be removed. The disadvantage

of ICA is the high computational cost.

2.6.5 Performance Metrics for Evaluating Edge Devices

Evaluating the performance of edge devices in healthcare applications involves

multiple metrics:

2.6.5.1 Al Model Performance:

1. Accuracy, Precision, Recall, F1-Score: These metrics assess the classification
performance of machine learning models deployed on edge devices, ensuring

they meet clinical requirements.

2. Inference Time: The time taken by the model to make predictions is crucial

for real-time applications.

2.6.5.2 Network Performance Metrics:

1. Packet Delivery Ratio (PDR) and Packet Loss Ratio (PLR): These metrics

evaluate the reliability and consistency of data transmission between devices.

2. Delay: The time delay in data transmission affects the responsiveness of the

system, which is critical for real-time monitoring.



Literature Review 21

3. Throughput: The rate at which data is processed and transmitted by the

edge device, indicating its capacity to handle large volumes of data.

2.6.6 Trade-Offs in Edge Computing for ECG Monitoring

2.6.6.1 Processing Speed vs. Latency

While smartphones offer faster processing speeds, they often exhibit higher and
more variable latency compared to Raspberry Pi. This can impact real-time ECG

monitoring, where consistent responsiveness is crucial.

2.6.6.2 Modularity and Scalability

Raspberry Pi systems are highly modular, allowing for customization and scalabil-
ity in IoT networks. Smartphones, while less modular, provide greater integration

with existing technologies.

2.6.6.3 Power Consumption

Power efficiency is a significant consideration in IoT healthcare devices. Raspberry
Pi consumes less power, making it ideal for continuous monitoring applications.

Smartphones, on the other hand, may require frequent recharging.

2.6.7 Identified Research Gaps

While ToT-based healthcare systems and edge computing have substantially de-
veloped, there is a considerable lack of in-depth comparative studies on edges,
especially smartphones and Raspberry Pi, in terms of ECG signal processing and

analysis. Specifically, some researchers pointed to the following gaps:
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2.6.7.1 Comparative Performance Analysis:

The proliferation of the Internet of Things in the healthcare domain has revolu-
tionized the way patient data is collected, transmitted, and analyzed [38]. Al-
though smartphones and Raspberry Pi devices differ significantly in terms of their
processing power, memory, and network capabilities, the impact of these charac-
teristics on packet delivery and loss rates in healthcare IoT systems has not been

thoroughly explored [39)].

Several studies have highlighted the benefits and challenges of IoT-enabled health-
care systems. Research in this area could investigate the influence of CPU utiliza-
tion, memory constraints, and network interface performance of these two device
types on critical metrics such as Packet Delivery Ratio, Packet Loss Ratio, Delay,
and Throughput. Understanding the relationships between device characteristics
and packet reliability can help optimize data transmission protocols and buffer

management schemes to minimize packet loss and improve delivery reliability [40].

2.6.7.2 Data Processing Techniques:

1. Signal Denoising Techniques: Although several signal denoising techniques
have been proposed, there is a gap in research that systematically evaluates

the effectiveness of these techniques.

2. Integration with Machine Learning Models: The integration of advanced de-
noising techniques with deep neural networks for electrocardiogram analysis
on edge devices is an area that has not been extensively explored. There is
a need for research that not only evaluates the denoising performance but
also examines how these techniques can enhance the accuracy and reliability

of subsequent machine learning inferences on edge devices [41] .

Integration of advanced denoising techniques with these deep neural net-
works is an area that requires further investigation. The challenges of inter-
pretability, scalability, and efficiency in deep learning models for ECG data

analysis also need to be addressed [41].
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Edge computing has emerged as a paradigm that deploys computational
and storage capabilities at the network edge, in close proximity to end-users.
This can potentially enhance service performance by reducing latency and
increasing throughput compared to conventional data center-based cloud

computing.

2.6.8 Sufficiency of Research Topic to Qualify as MS The-

Sis

This research topic, focusing on the feasibility and efficiency of smartphones and
Raspberry Pis as edge devices in an ECG-based IoT healthcare system, offers

sufficient depth and scope to qualify as an MS thesis & for several reasons:

Technical Depth and Complexity:

It involves multiple technical aspects:

1. Pre-processing ECG data for noise removal.
2. Implementing Deep Neural Network (DNN) models for analysis.

3. Evaluating the performance of these models on data processed by different

edge devices.

4. Analyzing data transmission efficiency metrics like PDR, PLR, delay, and
throughput

2.7 Problem Statement

“A detailed comparative study is needed to understand how smartphones and

Raspberry Pi perform as edge devices in IoT-based healthcare systems. There is
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almost no research considering implementation issues, which are crucial for contin-
uous monitoring of healthcare, such as power consumption, network dependability,
or the user interface. In addition, ECG signal denoising and Al model training on
denoised datasets are also major points of concern. The obstacles include signal
artifacts in ECG signals, such as baseline wander, power line interference, electrode

motion artifacts, and electromyography (EMG) contamination.”

2.8 Research Questions

1. What are the methods to be adopted for ECG signal denoising before train-

ing the model?

2. How do smartphones and Raspberry Pi compare in terms of performance
and feasibility as edge devices for real-time inference in IoT-based healthcare
systems regarding key metrics such as AI model performance, packet delivery

ratio, packet loss ratio, delay, and throughput?

2.9 Objectives of the Research

The objectives of the research for the proposed topic can be defined as follows:

1. ECG Signal Denoising: Evaluate the effectiveness of ECG signal denois-
ing techniques, performed prior to model training, on both smartphones and

Raspberry Pi, ensuring accurate and reliable ECG analysis.

2. Evaluate AI Model Performance: Compare the accuracy and robust-
ness of deep neural network (DNN) models deployed on smartphones and

Raspberry Pi for real-time ECG inference.

3. Assess Network Performance: Measure and compare the packet deliv-
ery ratio (PDR), packet loss ratio (PLR), delay, and throughput of data
transmission between edge devices and the central server in an IoT-based

healthcare system.
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2.10 Conclusion

This chapter provided a comprehensive review of the literature surrounding the
integration of Internet of Things (IoT) and edge computing in healthcare, with
a specific focus on electrocardiogram (ECG) monitoring systems. The review
highlighted the transformative potential of IoT-based healthcare systems, which
leverage connected devices and sensors to enable real-time patient monitoring.
Edge computing emerged as a critical enabler of these systems, offering reduced

latency and enhanced data security.

The chapter explored the role of edge devices, particularly smartphones and Rasp-
berry Pi in IoT-based healthcare applications. Smartphones have become a pop-
ular choice for real-time health monitoring because of their powerful processors,
integrated sensors, and widespread availability. On the other hand, Raspberry
Pi with its cost-effectiveness and versatility, has proven to be a reliable option
for data collection, processing, and transmission in remote or resource-constrained
settings. A detailed comparison of these devices revealed their respective strengths
and limitations, emphasizing the need for a balanced approach when selecting edge

devices for healthcare applications.

The discussion on ECG signal processing underscored the challenges posed by var-
ious types of noise, including power line interference, baseline wander, electrode
motion artifacts, and electromyographic (EMG) contamination. Advanced sig-
nal processing techniques, such as adaptive filtering, and wavelet transforms were
identified as effective solutions for noise reduction and signal enhancement. These
techniques are crucial for ensuring the accuracy and reliability of ECG data, par-

ticularly in real-world healthcare scenarios where noise and artifacts are prevalent.

The chapter also highlighted the growing role of deep neural networks (DNNs)
in ECG analysis, particularly for tasks such as arrhythmia detection and heart-
beat anomaly classification. The deployment of DNN models on edge devices,

such as smartphones and Raspberry Pi, offers significant advantages in terms of
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low latency and enhanced privacy, making them suitable for real-time healthcare

applications.

Finally, the chapter identified key performance metrics for evaluating edge de-
vices in healthcare systems, including AT model performance (accuracy, precision,
recall, Fl-score, and inference time) and network performance metrics (packet de-
livery ratio, packet loss ratio, delay, and throughput). These metrics are essential
for assessing the feasibility and efficiency of edge devices in real-time healthcare

applications.

In conclusion, this literature review has laid the groundwork for understanding
the potential of IoT and edge computing in healthcare, particularly for ECG mon-
itoring. It has also highlighted the need for further research to address existing
gaps, such as the comparative performance analysis of smartphones and Rasp-
berry Pi and the integration of advanced signal processing techniques for real-time
healthcare applications. These insights will guide the subsequent chapters of this
research, which aim to explore the feasibility and efficiency of smartphones and

Raspberry Pi as edge devices in IoT-based healthcare systems.



Chapter 3

Design and Implementation of

Proposed Solution

This chapter presents a comprehensive process model for designing, implementing,
and evaluating an IoT based healthcare system that monitors ECG. In this chapter
the focus was on the system architecture, signal processing techniques, neural net-
work development and performance evaluation along with the experimental setup.
Figure 3.1 shows the model training and testing pipeline. The main purpose is to
determine the feasibility and efficiency of employing smartphones and Raspberry
Pi devices as edges computing platforms for processing real time ECG in real time

and to contribute to more reactive and reliable healthcare solutions.

3.1 Data Extraction and Preprocessing

We initially loaded MIT-BIH dataset [42] , which is a collection of a large number of
records of ECG signals taken from various patients, and associated annotation files
that describe the occurrence of different types of arrhythmias and other cardiac

events.

Once we had loaded the dataset, we extracted the signal records and annotation
files. The raw ECG data is present in the signal records while the annotation files

27
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MIT-BIH Dataset
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FicURE 3.1: CNN Model Training & Testing Pipeline

carry essential information on the events at the occurrence of beats or abnormal-

ities in the signals.

Next, we applied several preprocessing techniques to the extracted ECG signals
in order to prepare them for model training and evaluation. This preprocessing

involved several key steps:

3.1.1 Z-Score Normalization

The Z-Score normalization transforms the data to have a mean of 0 and a standard

deviation of 1. The formula is:

Where:

e 1 = original value

e 1, = mean of the feature

e o = standard deviation of the feature
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ECG signals in MIT-BIH dataset have varying amplitudes and baseline shifts due

to differences in recording conditions, patient physiology, or sensor characteristics.

ECG signals were normalized using z-score normalization, ensuring that amplitude
values remained within a common range. Figure 3.2 shows the result of z-score
nomalization. This normalization stabilizes the learning process and improves the

performance of the model by mitigating scale differences across signals.

Original Values MNormalized Values

8 -8.145 1.818899
1 -8.145 1.818899
2 -68.145 1.81889%
3 -8.145 1.818899
4 -8.145 1.818899
63382 -8.228 6.591851
63383 -8.2208 8.591851
63384 -8.258 6.419912
63385 -8.258 6.419912
63386 -8.248 6.476959

[63387 rows x 2 columns]

FIGURE 3.2: Z-Score Normalization on MIT-BIH Dataset

3.1.2 Segmentation

Continuous ECG recordings were segmented into fixed-length windows of 1 second
and 360 samples. This segmentation ensured that the signals were compatible with
the model’s input requirements. Each segment represents a time window of the

ECG, allowing the input data to remain uniform and easier to process.

3.1.3 Upsampling

The frequency of ECG signals was adjusted to meet the model’s need by upsam-
pling them. Model was trained on 360 Hz data, the signals were upsampled to
match this frequency. This step ensured that the input data was in the correct

format for the model to process effectively.
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3.1.4 Label Encoding

Annotations were converted into categorical representations that the model could
interpret. For example, arrhythmias were encoded as binary labels indicating their
presence or absence. This transformation enabled the model to learn directly from

the annotated data. Normal beats are encoded as 0 and abnormal as 1.

These preprocessing techniques were essential for optimizing the ECG signals for
model training and evaluation. By applying these steps, the quality of the data
was enhanced, ensuring more accurate and efficient processing during the model’s
learning phase. The reduction in quality of cardiac data by this preprocessing can

be monitored at various reporting intervals.

3.2 Class Balancing

MIT-BIH dataset has total of 109494 heartbeats out of which 75052 are categorized
as normal beats and 34,442 as abnormal beats [43]. The dataset is skewed toward
normal beats ( 70%) compared to abnormal beats ( 30%). A model trained on
this imbalanced data will likely overfit to the majority class (normal beats) and

underperform on the minority class (abnormal beats).

To address the problem of class balancing in the dataset, two effective methods
were employed to balance the classes, ensuring the model had sufficient data to
learn from all categories, including underrepresented ones. The dataset was bal-

anced to achieve a 1:1 ratio between the classes using following method.

3.2.1 SKLEARN Method - resample

The first approach involved utilizing a pre-implemented method from the Scikit-
learn (SKLEARN) library, specifically the resample function. This method allows
for rebalancing the data by either oversampling the minority class or undersam-

pling the majority class.
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1. Oversampling: Instances from the underrepresented class are duplicated

to increase their prevalence in the training dataset.

2. Undersampling: Instances from the overrepresented class are reduced to

balance the dataset.

By applying the resample function, the model was less likely to be biased toward

the majority class, promoting more balanced predictions across all classes.

3.2.2 SMOTE with NearMiss

The second approach combined two techniques: SMOTE (Synthetic Minority
Over-sampling Technique) and NearMiss. This hybrid approach effectively en-

hanced the model’s learning from the minority class while preventing overfitting.

1. SMOTE: Instead of duplicating existing samples, SMOTE generates syn-
thetic samples by interpolating between original data points of the minority
class. This increases the diversity of the minority class and creates realistic

samples that follow the patterns of the existing data.

2. NearMiss: NearMiss focuses on undersampling the majority class by se-
lecting samples that are closest in proximity to the minority class. This
technique emphasizes complex examples, ensuring the model can better sep-

arate the two classes, reducing misclassification errors.

By combining SMOTE and NearMiss, we created a more representative and bal-
anced dataset. SMOTE’s synthetic oversampling added new data points to the
minority class, while NearMiss reduced the size of the majority class, enhancing
the model’s ability to differentiate between subtle differences in classes. This dual
approach significantly improved the model’s performance and resulted in a more
diverse and balanced training set with ratio of 1:1. Table 3.1 shows the state
of data before class balancing and Table 3.2 shows the state of data after class

balancing.
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State of Data Before Balancing

TABLE 3.1: State of Data Before Class Balancing

Class Number of Samples
Normal 75,052
Abnormal 34,442

Total 109,494

State of Data After Balancing

TABLE 3.2: State of Data After Class Balancing

Class Number of Samples
Normal 75,052
Abnormal 75,052

Total 150,104

3.3 Train-Test Split

The dataset was split in 80% for training and 20% as testing for evaluating the
model’s performance, and avoid overfitting. A large part of the data (the majority
of the data in fact) goes into the training set to aid the model in figuring out
patterns, features, and relationships in the ECG signals. Training the model on so
much of our data allows it to be able to recognize complex features and understand
things like normal and abnormal heart rhythm patterns. The other portion of the
data, that the model has never seen before, is the testing set. Then we use testing
set to evaluate generalization ability of the model, or how well will the model
perform on unseen data. This makes sure the model is not simply memorizing the

training data rather it’s able to predict outcomes on new real world data.

Furthermore, the split was done in stratified fashion, so that the data class dis-
tribution was maintained. As a result, the training as well as the testing sets will

have a representative share of classes, such as normal and abnormal ECG patterns
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which is a requirement for imbalanced datasets such as the MIT-BIH ECG data.
By doing so, the test set is not biased toward a specific class, leading to a fair and

accurate inference about the model’s performance across classes.

3.4 Model Training using CNN

The input is passed through sequential layers of convolution with activation func-
tion ReLu, AvgPooling, dropout and dense layers with the sequence shown in

Figure 3.3:

Model: “sequential_2"

Layer (type) Output Shape Param #
“convld 6 (ComviD)  (Neme, 360, 16) 128
average poolingld & (Avera (MNone, 179, 18) 2
gePoolinglD)

convld_7 (ConvlD) (None, 179, 32) 4548
average_poolingld_7 (Avera (MNone, 89, 32) [
gePoolinglD)

convld_8 (ConvlD) (None, 89, 64) 22592
average_poolingld_8 (Avera (None, 44, 64) 2
gePoolinglD)

flatten_2 (Flatten) (None, 2818) 2
dropout_4 (Dropout) (None, 2816) 2
dense_4 (Dense) (None, 35) 98595
dropout_5 (Dropout) (None, 35) 2
dense_5 (Dense) (None, 5) 138
softmax_2 (Softmax) (None, S) 2

Total params: 126135 (492.71 KB)
Trainable params: 126135 (492.71 KB)
Mon-trainable params: @ (8.98 Byte)

F1GURE 3.3: Neural Network Model Sequential Architecture of Our System

The Figure 3.3 shows the summary of a neural network model (named ”sequen-
tial 2”) implemented using a sequential architecture. The model was built up out
of multiple layers designed to take part in some feature extraction and classifica-

tion tasks. convld_6 is a 1D convolutional layer with 16 filters of 3 output size,
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and output shape (None, 360, 16) with 128 trainable parameters. The None here
is to denote no batch size and this layer is to process the input signal to provide
basic features. Next, the average_poolingld_6 is using 1D pooling with a standard
pooling size of 2, reducing the dimensionality to cut the number in half and having

an output shape of (None, 179, 16) with 0 more parameters.

The second layer, convld_7, is yet another 1D convolutional layer with 32 filters
and involves a complex feature and it has an output shape of (None, 179, 32) and
4,640 parameters. Finally, we see the average_poolingld_7 layer again reducing the
input size by half and returns an output shape of (None, 89, 32) and no parameters.
Finally, conv1d_8 produces the output shape (None, 89, 64) and the count of filters
is increased to 64, extracting more detailed features and having 22,592 parameters.
Next are average_pooling1d_8, of which reduces the dimensionality of the input into

(None, 44, 64) without introducing any new parameters.

The flatten_2 layer reshares the output from the convolutional stack into a 1D
vector and the output shape is (None, 2816) with no parameters. Dropout_4 layer
in order to mitigate overfitting consists in applying dropout regularization by
randomly removing a fraction of input units during training and keeping the same
shape of the output. The second layer, dense 4, is a 35 neurons fully connected
layer with 98,595 parameters which is trained to either perform further feature
extraction or a classification task. Lastly, this dense layer, (None, 35), is the
same output shape is applying dropout regularization on a second dropout layer,

dropout_b.

The final layers are dense_5, a layer consisting of 5 neurons with 180 parame-
ters in order to classify into 5 categories. Finally, we have the softmax_2 layer,
which applies softmax activation to convert logits as probability distributions for
the classification task. This network of layers constitutes an effective sequence of
features extraction, dimensionality reduction, and classification, while also provid-
ing mechanisms for overfitting reduction and generalization improvement for the

model.
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3.4.1 Training Configuration

The model was trained using the following configuration:

3.4.1.1 Loss Function

The categorical cross-entropy loss function works well for multi-class classification
problems such as ECG signal classification. In this work, it was used to quan-
tify the performance of the classification model, where the output is a probability
between 0 and 1 for each possible class. The model is trained to produce pre-
dictions that closely match the actual distribution of the data by minimizing the

cross-entropy between the actual labels and the predicted probabilities.

3.4.1.2 Optimizer

The Adam (Adaptive Moment Estimation) optimizer was employed to optimize
the model. Adam is one of the most widely used optimizers due to its momen-
tum, adaptive learning rate, and efficiency in handling sparse gradients. Unlike
traditional gradient descent methods that compute the same learning rate for each
parameter, Adam dynamically adjusts the learning rate for each parameter indi-

vidually. This leads to faster convergence and more stable training.

Adam effectively combines the strengths of two other gradient descent extensions:
AdaGrad and RMSProp, resulting in enhanced adaptability and performance dur-

ing training.

3.4.1.3 Batch Size

A batch size of 36 was used, meaning that 36 samples were processed by the model
in each iteration before updating the model’s weights. The batch size significantly
influences the speed and stability of training. A batch size of 36 was selected to

balance system resource usage and stable gradient updates, leading to efficient
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training. While experiments with Adversarial Imitation Learning did not yield
statistically significant results, a batch size of 36 was found to provide a reasonable

trade-off between computational efficiency and performance.

3.4.1.4 Epochs

The model was trained for 50 epochs. An epoch refers to one complete pass
through the entire training dataset. Over the course of 50 epochs, the model
iterated over the data multiple times, updating its parameters in each iteration.
By epoch 50, the model had likely converged sufficiently, with diminishing returns
in performance improvements observed in subsequent epochs. This duration was
found to be adequate to achieve robust classification performance while avoiding

overfitting.

In this training configuration, the model was optimized to maximize the learning
of useful statistical features from ECG data, ensuring strong classification perfor-

mance and generalization to new, unseen data.

3.5 Testing Model on Self-Collected ECG Dataset

For testing the model, we utilized our own ECG dataset, which was recorded
from 75 patients. Each patient’s recording lasted approximately 5 minutes. These
recordings were segmented into 10-second intervals, resulting in a total of 1894

samples. All samples in the dataset were classified as abnormal.

The segmented ECG samples were then fed into a pre-trained machine learning
model based on Convolutional Neural Networks (CNNs) to evaluate its perfor-

mance on real-world data.
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3.5.1 Self-Collected ECG Upsampling and Denoising

The test data was collected at a frequency of 200Hz. However, since the model
was trained on data sampled at 360Hz, it was necessary to up-sample the test data
to match the training frequency. This upsampling ensured compatibility between
the test and training datasets, allowing for accurate evaluation. Figure 3.4 shows

the result of the applied denoising technique on upsampled dataset.
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FIGURE 3.4: Actual and Denoised ECG Signal
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1. Power Line Interference (PLI):
Power line interference shown in Figure 3.5 is a common type of noise in
ECG signals, typically resulting from electrical mains at 50/60 Hz. This
interference can mask critical ECG features, and its removal is necessary to

improve signal clarity.

Power Line Interference

FicURrE 3.5: PLI observed in received ECG signal and denoised

2. Baseline Wander:

Baseline wander shown in Figure 3.6 is characterized by low-frequency noise
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that shifts the ECG signal baseline. This noise is often caused by patient
movement, respiratory patterns, or electrode displacement. Baseline correc-

tion techniques are applied to realign the signal to its true baseline.

Baseline Wander

ot

Denoised

n
i
il

N Al n
JHL T\ JRE ALt
LA | (Vi

FIGURE 3.6: Baseline Wander observed in received ECG signal and denoised

3. Electrode Motion Artifacts and Electromyography (EMG) Con-
tamination:
Electrode motion artifact shown in Figure 3.7 s arise from physical move-
ment or poor electrode contact, resulting in abrupt changes in the ECG
signal. EMG contamination, on the other hand, stems from muscle con-
tractions that introduce high-frequency noise into the ECG signal. Artifact
suppression methods are essential to ensure the model correctly interprets

ECG features without interference.

Addressing these noise factors through preprocessing enhances the ECG signal
quality, resulting in better model performance and more accurate classification of

cardiac conditions.

3.5.1.1 Denoiser Interface

We designed a web interface to test the denoising result of signal in real time by
tweaking different parameters. Figure 3.8 shows the interface layout that performs

denoising in realtime.
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FIGURE 3.7: Electrode Motion Artifacts observed in received ECG signal and
denoised
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Ficure 3.8: ECG Signal Denoiser Interface

Filter Settings

The following filter settings are applied to preprocess ECG signals, ensuring en-

hanced signal quality by removing various types of noise and artifacts.

1. Low Pass Cutoff Frequency
A low-pass filter allows frequencies below this threshold to pass, effectively

blocking higher-frequency noise that may interfere with the ECG signal.

2. High Pass Cutoff Frequency
A high-pass filter allows frequencies above this threshold to pass, eliminating
low-frequency noise such as baseline wander caused by breathing or patient

movement.
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3. Band Pass Filter Order
Determines the complexity of the bandpass filter, which affects the steepness
of the cutoff and the precision of the filter in isolating desired frequency

bands.

4. Outlier Filter
This filter identifies and replaces abnormal data points that significantly

deviate from the local signal characteristics, ensuring smoother and more

reliable ECG signals.

5. Lowpass Filter
The lowpass filter removes high-frequency noise caused by electrical interfer-
ence, muscle activity, or other physiological artifacts, preserving the integrity

of the primary ECG waveform.

6. Highpass Filter
The highpass filter removes baseline wander, which is often caused by factors
such as body movements, breathing, or poor electrode contact. This helps

stabilize the ECG signal.

7. Wavelet Denoising
This technique applies a wavelet transform to remove noise while retain-
ing sharp features of the ECG signal, such as the QRS complex. This is

particularly effective in preserving key diagnostic components of the signal.

8. Median Filter
The median filter, though currently disabled, can be used to remove salt-
and-pepper noise, which consists of short-duration spikes in the signal. This

filter is useful for eliminating sudden, isolated noise points.

This interface allows users to preprocess ECG signals by applying various filtering
and denoising techniques. The primary objective is to enhance the quality of the
ECG signal by effectively removing noise sources that can interfere with accurate

signal interpretation and analysis.
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By adjusting filter frequencies and selecting specific techniques, users can tailor
the preprocessing pipeline to the needs of their data. This customization improves
the accuracy of downstream ECG analysis or machine learning models by ensuring

that the signal is clean and interpretable.

The interface provides options for applying multiple noise reduction techniques,

such as:

1. Low-pass and High-pass Filters:
Designed to remove high-frequency and low-frequency noise, ensuring that

only the desired signal band is retained.

2. Wavelet Denoising:
A technique that preserves the sharp features of the ECG signal (e.g., QRS

complex) while eliminating noise.

3. Outlier Detection:
Identifies and replaces abnormal data points that deviate significantly from

the local signal characteristics.

This preprocessing step is crucial for improving the quality of ECG signals, ulti-
mately leading to better performance and reliability in ECG classification models

or diagnostic applications.

3.6 System Architecture and Deployment

3.6.1 System Architecture

The proposed Internet of Things (IoT)-based electrocardiogram (ECG) monitoring
system leverages edge computing to process ECG signals closer to their source.
The ECG monitoring system was designed to send spliced signals from the ESP32
ECG sensor to edge devices (such as smart phones and Raspberry Pis) using

MQTT protocol. The edge devices served as MQTT brokers and performed local
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data processing and the results were send to a cloud hosted server for additional

analysis and storage.

The system architecture integrates IoT devices such as sensors, smartphones, and
Raspberry Pi to achieve real-time monitoring and data analysis. The design ob-
jectives focus on minimizing latency, ensuring data privacy, and improving the

overall system responsiveness.

The system consists of the following core components:

1. ECG Sensors: These devices capture raw ECG signals from the patient

and transmit them to the edge devices for processing.

2. Edge Devices: Smartphones and Raspberry Pi are used as edge devices to
perform data preprocessing, denoising, and analysis. These devices execute
computationally intensive tasks locally, reducing the need to transfer large

amounts of data to cloud servers.

3. Cloud Server: While most processing is performed on the edge, the cloud
server stores long-term patient data for historical analysis and remote access

by healthcare professionals.

4. User Interface: A web application deployed on cloud provides real-time
visualization of ECG signals and alerts for anomalies, enhancing usability

and accessibility for patients and clinicians.

3.6.1.1 Data Flow

1. Signal Acquisition: ECG sensors capture cardiac signals and forward them

to the nearest edge device.

2. Preprocessing: The edge device applies denoising techniques such as wavelet
transforms, band-pass filters, and outlier detection to improve the quality of

the ECG signals.
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3. Inference: A trained deep neural network (DNN) deployed on the edge

device analyzes the denoised signals for real-time anomaly detection.

4. Data Storage and Alerts: Critical anomalies trigger instant alerts on the
web application, while the processed data is periodically uploaded to the

cloud for further analysis and long-term storage.

3.6.2 Deployment

3.6.2.1 Hardware Components

1. ECG Sensors: Configured AD8232 ECG sensor with ESP32 kit for ECG
signal acquisition. Figure 3.9 is the designed ECG sensor which uses ESP32
kit and AD8232 ECG sensor to collect ECG from patient. We designed

another ECG sensor to make a more compact version which is shown in

Figure 3.10.

ECG Sensor

FIGURE 3.10: Designed ECG Sensor
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2. Edge Devices:

(a) Smartphone: High-performance smartphones with Android operating
systems are used as edge device. Figure 3.11 is the Smartphone that is

being used as edge device in our system.

FIGURE 3.11: Smartphone as Edge Device

(b) Raspberry Pi: Model 4B is employed due to its efficient processing
capabilities, low power consumption, and flexibility for IoT integration.

Figure 3.12 is the Raspberry Pi kit being used as edge device.

FiGURE 3.12: Raspberry Pi Kit as Edge Device

3.6.2.2 Software Components

1. Data Processing and Denoising:

(a) Developed a web application using Python and PHP for denoising ECG

data. The denoising pipeline includes wavelet transforms to isolate
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signal frequencies, band-pass filters to eliminate irrelevant noise, and

outlier detection algorithms to identify and remove transient anomalies.

(b) The implementation is done using Python libraries such as NumPy,

SciPy, and PyWavelets.
2. Deep Neural Network (DNN):

(a) A convolutional neural network (CNN) architecture is trained on a la-
beled dataset of denoised ECG signals to classify patterns and detect

arrhythmias.

(b) The trained model is optimized using TensorFlow Lite for deployment

on edge devices.
3. Smartphone Application:

(a) Developed using Java, the application enables smartphone to act as
edge device using MQT'T protocol. Figure 3.13 is the interface of Smart-
phone edge application which is showing that edge device is currently

receiving data from sensor node.

21364 a0 -

DigiHealth-Asia Edge Node

NS 38%8

ECG SERVER LOUNCHED

1P =>192.168.1.12

TOPIC => PatientData - Connected

Receiving ECG from Sensor

A

F1GUurE 3.13: Smartphone as Edge Device Interface

4. Cloud Integration:

(a) Data that was aggregated at edge devices are sent to cloud for further

long-term storing and to show patients ECG profile to doctors and other
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paramedics staff. Figure 3.14 is the cloud interface for doctors, patients
and paramedics staff and Figure 3.16 shows the list of registered patients
alognwith their attached ECG sensor information. ECG sensor and be
associated with patients by doctor or hospital admin. After doctor
login, list of patients associated to that doctors are shown and doctor

can view the profile of patient including ECG data.

Figure 3.17 is the cloud interface for managing ECG sensors. Super
adminitrator or the device admin can login and add or remove sensor
from database. These sensros are then attached to the patients to
receive ECG data. Figure 3.15 is the cloud interface for adding or
editing patient record. New patient can be added by hospital admin and
they can also associate sensor and doctor to the patient while adding
or editing the patient record.

r ECG - 2025-01-03 19:57:57
s’

Super Administrator
Wagas

------

ECG - 2025-01-03 19:50:57

FIGURE 3.14: Cloud Interface for Doctors and Patients

3.6.3 Implementation Steps

3.6.3.1 ECG Signal Collection:

ECG signals are collected from sensors under controlled conditions to build a

robust testing dataset.
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FI1GURE 3.15: Cloud Interface for Adding New Patients With Sensor and Doctor
Association
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FIGURE 3.16: Cloud Interface - List of Patients alognwith their attached ECG
sensors information
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F1GURE 3.17: Cloud Interface - ECG Sensors Management

3.6.3.2 Model Training:

The DNN model is trained using supervised learning techniques, with validation

to prevent overfitting.
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3.6.3.3 Edge Device Deployment:

The trained DNN model is converted to a lightweight format compatible with edge
devices and deployed on both smartphones and Raspberry Pi.

3.6.3.4 Performance Optimization:

Device-specific optimizations, such as threading and hardware acceleration, are

implemented to improve inference speed and reduce energy consumption.

These edge devices were configured in real-time to test ECG signals that determine
any possible abnormalities in real time. On ECG sensor bootup, it first searches for
the edge devices on network with SSID ”digihealth” and password ”digihealth”,
first it looks for the RPI kit, if not found then it searches for smartphone and
repeats the cycle until any edge device is found on the network. When connected,
sensors makes the MQTT connection with edge MQTT broker and starts sending
ECG data.

When ECG reading is complete means the sensor’s power is removed, edge device
stops receiving the ECG data from sensor and waits for 5 seconds considering
if it is intentional disconnection or any error in connection, when 5 seconds are
elapsed, edge devices denoises and slices the ecg in 360 sample sizes and passes it
to the trained ML model which gives the inference. The system, in turn, could
also create visual feedback for the healthcare provider and could alert them by
sending notifications through web application deployed on cloud, so they could

react promptly, as well.

3.7 Performance Evaluation Metrics

To evaluate the performance of smartphones and Raspberry Pis as edge devices,

the following metrics were analyzed:
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1. Packet Delivery Ratio (PDR): Measures the successful transmission of
packets from sensor to edge device by measuring the percentage of pack-
ets successfully delivered from sensors to the edge device. A higher PDR

indicates better reliability in communication.

2. Packet Loss Ratio (PLR): Evaluates the percentage of data packets lost
during transmission. It is a key indicator of network stability and the ef-
fectiveness of the transmission process. Lower PLR values signify better

performance.

3. Throughput: Determines the volume of data successfully transmitted and
processed per unit of time. It serves as a critical performance indicator for

the overall capacity and efficiency of the edge device in handling data.

4. Delay: Assesses the time taken for ECG data to reach to edge device and
processed by it and then forwarded to the cloud. This metric is crucial for
applications requiring real-time or near-real-time data processing, such as

healthcare monitoring systems.

3.8 Conclusion

This cpahter detailed the design and implementation of an loT-based healthcare
system for real-time ECG monitoring by leveraging edge computing with smart-
phones and Raspberry Pi as edge devices. The chapter outlined the system archi-
tecture, data preprocessing techniques, and the development of a Convolutional
Neural Network (CNN) model for ECG signal classification. Key steps included
noise reduction, Z-score normalization, segmentation, upsampling, and label en-
coding to prepare the ECG data for model training. Class balancing techniques,
such as SMOTE and NearMiss, were employed to address dataset imbalances,

ensuring robust model performance.

The CNN model was trained using categorical cross-entropy loss and the Adam

optimizer, achieving strong classification accuracy. The system was tested on
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a self-collected ECG dataset, demonstrating the model’s ability to generalize to
real-world data. The deployment of the system involved hardware components like
ECG sensors and edge devices, along with software components for data process-
ing, denoising, and cloud integration. Performance evaluation metrics, including
packet delivery ratio, packet loss ratio, throughput, and delay were used to assess

the system’s efficiency.



Chapter 4

Assessment and Results

4.1 Introduction

This presents the assessment and results of the proposed IoT-based ECG moni-
toring system, focusing on the performance evaluation of the CNN model and the
edge devices. The chapter begins with a detailed analysis of the classification re-
port and confusion matrix, providing insights into the model’s accuracy, precision,
recall, and Fl-score. The loss and accuracy curves are examined to understand

the model’s learning behavior and generalization capabilities.

The chapter also discusses the results of denoising the self-collected ECG signals,
highlighting the effectiveness of the preprocessing techniques in enhancing sig-
nal quality. Performance metrics such as packet delivery ratio, packet loss ratio,
throughput, and delay are analyzed to evaluate the efficiency of smartphones and
Raspberry Pi as edge devices. The findings reveal that Raspberry Pi achieves
lower latency, while smartphones offer greater portability, making them suitable

for different deployment scenarios.

Finally, the chapter concludes with a discussion of the trade-offs between process-
ing power, energy consumption, and portability, providing valuable insights for
optimizing IoT-based healthcare systems. The results underscore the potential of

51
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edge computing in improving real-time ECG monitoring and enhancing patient

care.

4.2 Classification Report and Confusion Matrix

Classification Report

In machine learning, a classification report is a performance evaluation metric that
provides detailed insights into the classification results for tasks such as binary
classification. It includes key metrics like precision, recall, F1-score, and support

for each class, offering a comprehensive overview of the model’s performance.

The classification report evaluates how well the model predicts each class and
highlights any imbalances or misclassifications. This is essential for diagnosing

issues with model performance and improving prediction accuracy.

The Figure 4.1 presents the classification report on test data using the CNN model:

classification report

precision recall fl-score  support

N @.997¢ 2.9980 8.9975 2015

A @.9980 2.9978 ©.9975 1985

accuracy 8.9975 4000
macro avg 8.9975 09.9975 8.9975 4000
eighted avg 8.9975 0.9975 8.9975 4800

FIGURE 4.1: Classification Report on Test Data using CNN

Confusion Matrix

The confusion matrix is a tabular representation of a model’s binary classification
performance, comparing predicted values with actual values. By analyzing the
confusion matrix, one can assess the model’s sensitivity (recall), specificity, and
overall accuracy. This visualization is crucial for understanding misclassification

patterns and areas for improvement.
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The Figure 4.2 illustrates the confusion matrix generated using the CNN model:

Confusion matrix

True label

Ao L's
Predicted label

FI1GURE 4.2: Confusion Matrix using CNN

The classification report and confusion matrix collectively provide a robust eval-

uation of model performance, guiding further refinement and optimization of the

classification model.

4.2.1 Loss and Accuracy Curve

We plot the binary classification loss and accuracy curves for how our model did
while training. These curves provide insights into the model’s learning process

over multiple epochs by tracking two essential metrics: loss and accuracy.

4.2.1.1 Loss

The loss curve shows that the model is learning from the training data, minimizing
the error by improving. For such tasks known as binary classification tasks, a

model typically optimizes for a loss function (e.g. binary cross entropy) to improve

prediction accuracy.

A model is said to be learning effectively when it shows that loss curve decreases.

On the contrary, if the loss stalls or starts to increase, this could be a sign of
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overfitting or the possibility of an problem with the model’s architecture. The

Figure 4.3 illustrates the loss curve for both the training and test datasets:

misdel lass

epoth

FI1GURE 4.3: Loss Curve for Training and Test Datasets

4.2.1.2 Accuracy

Accuracy curve is a way to display how good your model classifies binary labels
(0, 1 of course). Accuracy is the total number of correct predictions divided by
total number of predictions. A curve rising measures the accuracy of the model

implies that it is getting better at generalizing and properly classifying data.

Monitoring the accuracy curve over epochs helps identify if the model continues to
improve or reaches a saturation point. A flattening or decreasing accuracy curve
may indicate that the model requires further tuning. The Figure 4.4 shows the

accuracy curve for the training and test datasets:
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FIGURE 4.4: Accuracy Curve for Training and Test Datasets

These curves are crucial in evaluating the model’s performance and diagnosing po-
tential issues during training, ensuring the model achieves optimal generalization

on unseen data.
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4.3 Actual vs Denoised Signal Results

By using interface mentioned in Figure 3.8, we denoised the self collected ECG sig-
nal, results of denoising are showin in Figure 4.5 which shows that QRS complexes

are clearly visible after denoising.

ECG - Actual

wj -

ECG - Denoised

FI1GURE 4.5: Actual and Denoised Signal

The model demonstrated strong predictive performance, achieving an accuracy of
74% on the self-collected ECG dataset. This result highlights the CNN model’s

capability to recognize patterns in abnormal ECG signals effectively.

The classification report on the test data confirmed the model’s ability to gener-
alize and classify ECG segments accurately, further validating its robustness and

reliability for real-world applications.

The Figure 4.6 presents the classification report, showcasing the achieved accuracy

on the self-collected dataset:

The successful application of the model to our own dataset demonstrates the effec-
tiveness of CNNs in detecting abnormal ECG patterns, reinforcing the potential

for clinical application and further research.
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FIGURE 4.6: Classification Report on Self-Collected ECG Dataset

4.3.1 Performance Analysis
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Raspberry Pi was shown to achieve lower delays than smartphone, with average.

latencies of 70-120 ms for the Raspberry Pi and 100-400 ms (up to 1 s peak delays)

for the smartphone under high traffic conditions. Table 4.1 shows the minimum,

maximum and average delays in single transmission of ECG data from sensor to

both edge devices. This difference is because of smartphones being so multitasking

and there being many background processes competing for resources.

TABLE 4.1: Delay Measurements of RPI and Smartphone Edge Devices

Edge Device Lowest Delay Highest Delay Avg. Delay Readings

RPI 12 ms
Smartphone 660 ms

684 ms
3382 ms

89 ms
534 ms

The Figure 4.7 show the delay comparison between both edge devices. Highest

delay of RPI device was around 700 ms and average delay for RPI was less than

100 ms where as for smartphone, highest delay was around 3400 ms and average

delay was around 530 ms which shows that there is a significantly higher delay on

Smartphone edge as compared to RPIL.

On both these platforms, the packet delivery and loss ratios performed consistently.

Throughput measurements showed that both devices were capable of processing

data rates required for real-time ECG monitoring without drastic performance

degradation. Throughput was measure to be between 780 bps to 820 bps on both

devices and the average of througput over 35 readings on Smartphone resulted in

807 bps and on Raspberry Pi, it resulted in 815 bps.
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FIGURE 4.7: Delay comparison of Smartphone and RPI as Edge Devices

The energy consumption turned out to be an interesting observation. Even though
Raspberry Pi is a fine machine in terms of processing, it needed more battery and
was power hungry, because when the smartphone is not in use, it can put the edge
application to sleep mode. The trade-off between processing power and energy

was crucial for determining the appropriate deployment scenario per device.

4.4 Discussion of Findings

This increase in delay on smartphones is primarily due to computational re-
source contention from running multiple applications concurrently on the de-
vice.Smartphones, as multi-purpose devices, are designed to run variety of ap-
plications at once. This resource excess is usually found in the form of Processing
power being shared over several different tasks that can induce latency in applica-
tions that require high-priority /real-time computations like ECG data processing

is.

On the other hand, towards a single, dedicated task, the Raspberry Pi displays
consistently low latencies. Raspberry Pi do not experiences identical resource
contention in regards to the processing of the ECG data like a smartphone would

when configured. By limiting its processing to just ECG data, computational
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resources are completely used for this purpose, allowing for very low latencies and

ultimately real-time system performance.

But even though the Raspberry Pi outperforms in maintaining low latencies, the
inherent portability of smartphones means that they are the ideal candidate for
patient-centric deployments, where proximity and ease of access are paramount.
Smartphones are small, light, and ubiquitous devices that patients can carry with
them during their daily routine. This is crucial for continuous monitoring ap-
plications, as it allows the patient to incorporate monitoring into their daily life
without the need for additional hardware. So, even if a Raspberry Pi guarantees
performance reliability, it cannot compete with a smartphone for patient-focused

deployments, which require portability and convenience.



Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this study, we evaluated the smartphones and Raspberry Pi as edge devices
for an edge-centric loT based ECG monitoring system in terms of feasibility and
performance and provide important insights on their suitability for such smart
health applications. Complete pipeline of IoT based healthcare system was im-
plemented by designing and developing a prototype which includes the design of
ECG sensor, configuration of RPI and development of an android application that
enables smartphone to act as edge device. Web interface for doctors, patients and
paramedics was also developed and deployed on cloud. Doctors can login the sys-
tem and can view the patient profile including the ECG values sent by the edge

node to cloud.

Multiple ECG reading were taken on both edge devices to evaluate the results.
The results of findings show that smartphones as edge resulted in comparatively
higher delays as compared to Raspberry Pi, however, their wide use and user
friendly interfaces can make them available and practical for many of the health-
care applications. With the fact that smartphones are by now so widespread and
so familiar to users the latter are likely to choose them first if portability and ease

of use are the prime considerations.
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However, the most significant results in delay variance made Raspberry Pi per-
form better than Smartphone in a critical metric like the delay variance and is
hence a reliable and more efficient solution for real time ECG monitoring. It is
especially suited for applications requiring the robustness of a network as well
as timely transmission of data as are specialty healthcare emergency systems and
continuous monitoring in clinical environments because its lower delays and higher
processing efficiency. Nevertheless, its spread may be restricted by the prerequisite
of technical expertise needed for setup and upkeep, in some areas that may not

even have specialized technical support.

We further study the importance of denoising the signal to improve ECG inference
accuracy and show that a deep neural network trained using the denoised dataset
is successfully deployed on both device use cases. The results show that the edge
device selection is very important and has to be carefully taken with respect to the
function to be performed in the healthcare application, i.e. processing speed needs,
wireless networking reliability, user accessibility, and trade-off between technical

complexity and performance.

This research provides important insights for healthcare professionals, developers
and researchers related to IoT based healthcare services. To help with the wider
adoption of IoT technologies, the study makes it possible for trade-offs between
the efficiency and reliability of a Raspberry Pi, but enhanced user friendliness
and ubiquity of a smartphone to be identified. This work lays a foundation for
improving real-time monitoring systems and optimizing edge device deployment

to improve healthcare delivery.

5.2 Future Research Avenues

Based on the insights from this study, potential future research avenues to take
edge-centric IoT-based healthcare systems a step further towards feasibility and

improved performance are outlined below:
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1. Evaluating Sensor Communication Channels: Future studies should
assess the communication channels between health sensors and edge devices,
especially via Bluetooth. Evaluating these channels will provide insights
into their impact on latency, reliability, and data integrity, particularly in

real-time monitoring applications.

2. Implementation of Federated Learning: Federated learning can be im-
plemented. It enables edge devices to collaboratively local model training
with preserving privacy of data. This method would enable a federated se-
cure and distributed training of models leveraging data from different data

sources to enhance model performance.

3. Integration of Multiple Health Sensors: Testing the system’s ability to
handle higher data loads originating from multiple health sensors is essen-
tial. This includes simulating real-world use cases such as multi-parameter
monitoring (e.g., ECG, SpO,, and temperature) to evaluate the system’s

feasibility and scalability in more demanding scenarios.

4. Enhanced Signal Processing: Investigating advanced signal denoising
techniques and developing more robust denoising algorithms can substan-
tially improve the overall system’s effectiveness. Implementation of DNN
based signal denoising techniques could further improve the signal quality
by only removing the noise component in signal without attenuating or re-

moving useful information from ECG signal.

5. Scalability and Multi-User Data Handling: Observing the system’s
scalability to process and deliver data from multiple users simultaneously is

crucial.

6. Real-World Field Trials: Conducting extensive field trials in diverse
healthcare environments will help identify practical challenges, validate sys-

tem reliability, and assess performance under varying conditions.

Addressing these aspects in future research will lead to a better understanding of

smart healthcare system deployment and associated edge device optimization.
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