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ABSTRACT

The global demographic shift towards an ageing popul@gaisinnovative
approaches to elderly care. As the elderly face complex challenges including
declining health and mobility, tailored care solutions are vital. Technological
advancements, especially in the realm of the Internet of Tlifysoffer
promising avenues for transforming elderly care. This report encapsulates the
creation of an loT platform designed to address the healthcare needs of elderly
individuals.The platform's foundation lies IoT technology, wearable medical
devices, an@omotics. Wearable sensors monitor vital signs, while smart home
devices automate tasks, fostering a safer and more independent living environment.
The platform's goal is to create individual profiles and detect exceptions in daily
routines, initiating apmpriate responses when predefined thresholds are reached.
Developed during a Master's internship in Software Engineering at the Coimbra
Institute of Engineering (ISEC) in Portugal, this initiative collaboséth the

Kirepo S.ar.l| company in Luxembourg. It leveragéiial IntelligencgAl) to

analyse sensor data, detect anomalies, and automate workflows, ensuring timely
intervention and personalized cditee platform encompasses l0T interactions,
APIs, Akdriven triggers, and data analysis. Its adaptability has gained support from
healthcare associations in Luxembourg, hinting at the potential for broader
implementation beyond the elderly demografiednternship focuses on a subset

of the system,onicentrating on key sensonamely thelectrocardiogram (ECG)

and motion sensors. ECG sensors detect heart anomalies, while motion sensors
track physical activity, detecting sudden changes indicating potential health issues.
To assess which is the best way to ariafysensor data, several Machine Learning
tecmiques arecompared and tested sucHiffsrent feature extraction methods and

types of used classifié@irmditional andNeuralNetworks)For demonstration and
validation purposes, a proof of concepuilt incorporating the ECG and motion
sensors data gathering and the respective analysis of the datdusitwe of a
simplified dashboard permike visuakationof the data that is gathered and the
respectivanalysis.

Keywords:Elderly Cardnternet of Things, Machine LearniBbtpctrocardiogram
Human Activity Recognition
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RESUMO

A transicdo demografica para uma populage envelhecida nivel global
necessita de abordagens inovadcharasidado de idosos. A medida omi@osos
enfrentam desafios complexos, inclugadmlee mobilidade decadente, solucdes de
cuidados adaptadafo vitais. Avancos teadgitos, especialmente na area da
Internet das Coisas (Igprometem a transformacédo cuidado de idosdsste

relatorio resume a criacdo de uma plataforma loT projetada para atender as
necessidades de saude dos idosos. A base da plataforma reside na tecnologia loT
dispositivos médicos vestiveis e domoética. Sensores vestiMeiszamsinais

vitais, enquanto dispositivodomaoticos inteligentes automatizam tarefas,
promovendo um ambiente de vida mais seguro e independente. O objetivo da
plataforma é criar perfis individuatketetaexce¢des nas rotinas diaii@siando

respostas adequadas quando os limites predefinidos sé&o atingidos. Desenvolvida
durante um estagio de Mestrado em Engenharia de Software no Instituto Superior
de Engenharia de Coimbra (ISEC) em Portugal, esta iniciativa colabora com a
empresa Kepo S.ar.l no Luxemburg®.Inteligéncia Artificial (IA) é usapara

analisar dados de sensodetetaranomalias e automatizar fluxos de trabalho,
garantindo intervencdo oportuna e atendimento personalizado. A plataforma
abrange interacdes de loffafacesde programacao de aplica¢déds) decisdes
tomadaspor IA e andlise de dados. A sua adaptabilidade ganhou o apoio das
associacoes deuidadosno Luxemburgo, sugerindo o potencial para uma
implementacdo mais ampla para além da populacéo idosa. O estaggontentra
subconjunto do sistema, concentrasglaos principais sensores, nomeadamente o
eletrocardiogram{&CG) e sensores de movimento. Os sensores de ECG detectam
anomalias cardiacas, enguanto 0s sensores de movimento rastreiam esata/idade f
detectando mudancas repentinas que indicam possiveis problemas de saude. Par:
avaliar qual a melhor forma de analisar os dados dos sensores, diversas técnicas d
Machine Learns@@ comparadas e testadas, como diferentes métodos de extracao
defeaturestipos denodeloautilizadosPara efeitos de demonstracéo e validacéo, é
construida uma prova de conceito incorporando a recolha de dados de ECG e
sensores de movimento e a respetiva analise dos dados. A inclusfskieoan
simplificado permita visualizacdo dos dados recolhidos e a respetiva analise.

Palavraschave: Cuidado de idosos, Internet das Cois&sshine Learning,
Eletrocardiogram&econhecimento ddividadeHumana
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EPIGRAPH

In computer science, as in life, 86/20 Rul® unveils the essence: 20% of the
efforts yield 80% of the results.

1ii



Ruben Anténio de Jesus Marques

ACKNOWLEDGEMENT

First and foremost, éxpresany sincere gratitude to the Coimbra Institute of
Engineering, along with asademic staff and professdos their pivotal role in
facilitating the completion of my Bachelor's degree and the pursuit of my Master's
degree, which is the subject of this document. | reserve a special dedication to my
PhD supervisor, Professor Francisco Pereira, whose unwaugmogt and
guidance wenratalthroughout the course of this internship project. | am profoundly
thankful for his invaluable insights, particulathe field of Machine Learning, and

for his indispensable assistance during the composition of this Master's thesis, to
which a significant portion of the credit for its success is due.

Secondly, | wish to express my appreciation to Kirepiofeing meo engage in

an internship centred on a multifaceted project related to IoT and elderly care. | am
equally thankful for the autonomy granted to ntieeiprojectd development and
research. In particular, | would like to acknowledge Steve Reisdorf, CEO, and Tom
Weber for theiconsistensupport and flexibility over the duration of the internship.

A profound debt of gratitude is owed to my girlfriend, Gabriela Verissimo, who has
been my constant companion throughout my academic journey, culminating in the
completion of this Master's thesis. Her own successful Master's thesis defence served
as a sigficant source of inspiration and motivation for the development of my
thesis. | am deeptigankfulfor herillimited support across all facets of my life,
especially duringteeonc | usi on of . my Mastero6s degt

| wish to extend my appreciation to André Santos, with whom | shared a productive

and mutually supportive working relationship throughout the entire process of this

Master's course. Our collaboration, marked by a spirit of healthy competition, played
a piwtal role in our collective success.

To conclude, | wish toffer my heartfelt thanks to my family, particularly my
parents, for their enduring belief in my abilities and unwavering faith in my potential.

iv



[oT Platform for Personal Healthcare of Elderly People

TABLE OF CONTENTS

N 053 > Vo3 PP L.....
RESUIMO. ...ttt ettt oo et e e e e e ettt e et e e e e e eenees I....
ERIGrapn ... e e ———————————————— ll...
ACKNOWIEAGEMENT.......ciiii e eeee e emmmmm e e e e e e e mmmmm e \Y
Table Of CONENIS......ccon e emmmre e e e e s memmmm e V.
] B0 o T | P Vil
S 0 B 1= o] L= X..
List Of ADDreviations.........coooi i e e e Xi
I 11 o To [ Tox 1 o P 1.
1.1 Coimbra Institute of ENQINEEriNg..........ccvuiiiiiiicmceee e eeeevi e 1
1.2 KiIr€PO S.Ar.l...cceeieiiii e e e e 2
1.3 The emergence of wearable and domotic technology.................. 2.
1.4 Scope of the INternShip..........ooeiiiii it 3..
1.5 Objectives and CoNtribULIONS............uviiiiiiicceee e ceeme e 4
1.6 Structure of the dOCUMENt..........covviiiiiiiicm e e e 4.
2 Technological background.............cooiiiicrccei e e e 6...
2.1 Internet of ThINGS.....couii i e mmree e G....
2.1.1 Healthcare and medical deviCes.............couicccecvie i 6...
220 O 5 To 4T 1o P 6
2.2 COMMUNICALION.......uiiiiiieii et ccceem e e e e e mmmmm e e e e e e e enmne 7.
2.2.1 Shortrange technologies............uiiiiiiiicccceee e, 7
2.2.2 Longrange teChNOIOgIES........coevuiiiiiii e e e 7.
2.2.3 MeSSage DIOKELS ... .ccvvveie et eemm e s mmemmmm e eeeanans 7...
2.3 Artificial INntelligenCe.........ccooovii i e 8...
2.3.1 MacChing LeAIMING........ceuieiiiiiiesceeeee e e e et e s meeen e e e eenees 9...
2.3.2 MEIMICS ceitiii i e e ieeiiiie et ceeeemm e e ettt e e s s mmmnnmm e e e e e eaetn e e e e s mmennne 15
3 General Platform architeCture.............vviiiicemcee e e e 18
O (P2 1T R ] U 21
4.1 Domotic and homeriented SOIUtIONS...........c..oviivivi e, 21.
4.2 Healthcar@riented SOIULIONS...........covviiiiiiicem e 22
5 ECG @NalySIS....ccoouuiiiiiiiiiiiit oo e e e 24



5.1 Fundamentals of Electrocardiography........ccccooovvvemmcervieeeeennnnnn. 24..
5.1.1 ECG CUNVE...ce e cemmem ettt s mmmmmm e e e e e e e enom 24.
S0 I =T T IS ] (=] 4 ¢ PP 25..
5.1.3 ECG AEVICES......cieeiiiie et emmeem e 26..

5.2 Machine Learning for ECG analysSiS............couuvuiccceeeeeeeevieeeeennnn. 26..
5.2.1 Related WOrK..........oiiiiii et e 26..
5.2.2 Dataset diSCOVEIY.......oiiiiiuiiieiiicmmmce e e e e mmmmen e e eaaaas 21.
5.2.3 PrepProCeSSING . ....cccuuuiieiiiiiesceemmmm e eeteeeeeti e e e s s mmmmmmm e eeernneeas 30..
5.2.4 Feature exXtraCliOn..........cccuiiiiunisceemmce e e e mmmmemm e e e eaaes 32
5.2.5 Model training...........oiiiiiiiiiscceemmc e eemmmm e 34..
5.2.6 Results and diSCUSSIQN............oieiievncceeeeeeeieeeeei e mmeenn e 37

6  MOtioN @NAlYSIS........uiiiiii e e 43

(G0 R Y/ o (o) g =TT 0 0] = P 43.
6.1.1 ACCEIEIOMELEL.....cciiiiiiiiie e eemmmee e e 43..
6.1.2 GYIOSCOPE....cuuiiiiiiiteeetieemmm e et e et e e e mmmmmnn e et e e e e e e een oo 44

6.2 Machine Learning for motion analysiS...........ccoovvvcemceeineeriinnnn 44..
6.2.1 Related WOrK........oovviiiiiiiiii e e e 45..
6.2.2 Dataset Creation............coeevuuiiiicmccee e e e e emmmm e e e e e 45.
6.2.3 Preprocessing and feature extraction..............ccoeceemcevneennnnn. 47,
6.2.4 Model training...........coeeiiiii it cceemc e eemmm e 49..
6.2.5 Results and diSCUSSIQN............oveveeinccee e eeeeie e e mmeene e 49

7 Implementation of the Elderly Care Platform................cooceeeeeennnni.. 52

7.1 Scope of the proof of CoNCept.......ovvviiiiiiiiccem e 52
7.1.1 FEAMUIES.....ccei it eemee e e et e e 52
7.1.2 REQUINEMENTS......uuiiiiiieeeeiincmmmen e e e eeee e e e e s mmemmm e eeen e e e ennn s 53..

7.2 Materials and Methads...........ooouuueiii e e 56
T7.2.1 PYthON..cc e e e 56
A Y U = [ U 56
7.2.3 ANdroid StUIO...........oeiiiiiii s cceee e e e 57.
472 S 1Y/ [ I PP 57
7.2.5 Software design Patterns...........covvuvvunccrccceeeeiie e e mmmmmea e 57

7.3 General System ArchiteCture.............ooviiicemmcc e 58

Ruben Anténio de Jesus Marques

Vi



[oT Platform for Personal Healthcare of Elderly People

7.3.1 Central MQTT BroKer.........uoiiiiiiiiiiiiceemme e mmmemm e 60
7.3.2 The Orchestrator module..........couiiiiiiiiee e 60
7.3.3 10T Sensors and deVICES ........cvevvuiiivicceeem e s mmmmnees 6l

7.4 ECG recording and analysis WOrkflow.............c..uicccceeeneeviiinnnnnd 62.
7.5 Motion recording and analysis WOrkflow................ovcocceeennennnnnl 6.3,
7.6 ECG control WOIrKFlOW. .......cccuiiiiiie i cmmeem e memmem e 65
7.7 Dashboard..........cooouuiiiiiii e emmeee e e 66

8 Conclusions and future WOrK...........cocouuiiiiemmceee e ceemmm e 71
8.1 FUIUIE WOIK ...ciiiiiii e e emmmmm e et e e e et e mmmmme 72
RETEIENCES. ... et mmmeem et e et e e et emmmmmmm e e eaaaeees 74.
Y 0] o1 [ [ 82.
Appendix A Internship proposal.............oeieviiiicccceee e 83

Appendix BABML model sd performance charts o
classification (Feature extraction methods comparisan)......................86

AppendixGML model sd performance charts o

classification (Model COMPArISON)........ccevvunieiicemmcie e e e o 92
Appendix D3 Architecture of the Minas Gerais Neural Network........... 96.
Appendix E3 Architecture of the Exploratory Neural Netwoik.............. 97.

vii



Ruben Anténio de Jesus Marques

LIST OF FIGURES

Figure 10 Depiction of the generic functioning of the publish and subscribe pattern.
Image retrieved from [8].........oi oo 8...

Figure 20 lllustration of the relationship between Atrtificial Intelligence, Statistics,
Machine Learning, Deep Learning and Expert Systems. Image retrieved from [10].

............................................................................................................... 9
Figure 3 Breakdown illustration of Machine Learning in several branches. Image
retrieved from [13]. ... e e e 10

Figure 4 Depiction of the model creation process. Image retrieved froni[l14].

Figure 50 Simple illustration of how a neuron worksDeep Learning and
comparing it to a biological neuron (right bottom corner). Image adapted from [20].

............................................................................................................. 12

Figure 60 Depiction of some of the types of possible ANN architectures. Image
retrieved from [21].....oe i e e e s 13

Figure © How DL is a subset of ML and how ML is a subset of Al. Image retrieved
from a Wikipedia article about Deep Learning [22]..........ccovvvicceennnes 14

Figure 8 Example of a confusion matrix about ECG predictions. Image generated
L1710 T 1224 15.
Figure 9- Relationship between the precision and recall metrics. Image retrieved
from WikKipedia [B0]........ooiiiiiiie i eee e e 17

Figure 1@ General platform architecture diagram. Produced with draw.io software
[32] and FIatiCONS [33)-.....uuiiiiii it ceceee e e mceemm e e e e e e e 19

Figure 1B Random normal 3€econd ECG recording from the DeepFake database
[ 46] . Chart genephoed..wibhaPRPyi h@hds 0c¢

Figure 128 Characterization of an ECG heartbeat segment with the five labelled
waves from left to right (S, QB&nplex and T). Image retrieved from a Wikipedia
article about electrocardiography.[4Z].....coouo e e 25

Figure 130 Representation of the three limb leads (I, Il and Ill) and their
corresponding ECG waveforms following the Einthoven triangle. Image retrieved

from a Wikipedia article about electrocardiography.[47]..........ccoiiceeee.. 25
Figure 14 Diagram explaining how the uniformisation for all datasets is performed.
Produced with draw.io software [32] and Flaticons [33]............ccccccceeee. .31
Figure 1% Performance metrics of the Random Forest classifier............ 50.
Figure 1@ Confusion matrix of the predicted labels of inactive, active and walking
ACTIVITIES. oottt ee it emmm et e e e e s mmmmm—— e et e et e et ———————a e raa e eran 51.

viil



[oT Platform for Personal Healthcare of Elderly People

Figure 18 General architecture diagram. Produced with draw.io software [32] and

FIatiCONS [B3 e it e e e e mmmmmen e ee 59

Figure 18 ECG recording and analysis workflow diagram. Produced with draw.io
software [32] and Flaticons [33]......ccouuuiiiiiii e memme e 63

Figure 19 Motion recording and analysis workflow diagram. Produced with draw.io
software [32] and Flaticons [33]......ccouviiiiiii e e e 65

Figure 2@® ECG control workflow diagram. Produced with draw.io software [32]
=1 o I o Voo 1S 1 20§ P 66

Figure 2B Dashboard and MQTT communication diagram. Produced with draw.io
software [32] and FIaticons [33].....ccoveviiiiiiii e e e 68

Figure 22 Screenshot of the simple GUI to visualize ECG and motion.dz@a.

ix



Ruben Anténio de Jesus Marques

LIST OF TABLES

Table 16 List of datasets used in this project for ECG analysis............... 29..
Table 2 List of the five feature vector creation methads........................34
Table 3 List of classifiers submitted to test in this study.........................36
Table 40 Summary of key comparative results (unbalanced dataset.anlg9
Table 53 Description of each recorded activity............ccooovvcemccvvieeeennnnn. 46.
Table & Description of the variables that were gathered from each. sendar
Table 70 List of features used to feed the ML classifiers................ccc..... 48
Table 8 List of reqUIreMENLS.........cooviviiiii e cmmen e 53.



[oT Platform for Personal Healthcare of Elderly People
LIST OF ABBREVIATIONS

Al 0 Artificial Intelligence

ANN 0 Artificial Neural Network
BLE 0 Bluetooth LowEnergy

CSVo CommaSeparated/alues

DL & Deep Learning

DNN 0 Deep Neural Network

EBM & Explainable Boosting Machine
ECG 6 Electrocardiogram

GPSd Global Positioning System
GUI o6 Graphical User Interface
HAR & Human Activity Recognition
HDF5 & Hierarchical Data Format 5
0T d Internet of Things

KNN d k-Nearest Neighbours

ML 6 Machine Learning

MQTT 0 Message Queuii@lemetry Transport
NFC d Near Field Communication
PoC & Proof of concept

RAM 08 Random access memory
SVMa Support VecteMachine
WFDB 6 WaveForm Database

Xi






[oT Platform for Personal Healthcare of Elderly People

1 INTRODUCTION

The world is experiencing a significant demographiwishifin ageing population

that isbecoming a prevailing global treimd2019, tle size of thislemographic
surpassed 1 billion, and projections indicate a rise to 2.1 billion &) Zi50e
projectionssuggest tripling inthe age group of 80 years and abloom 143

million in 2019 to 426 million by 2Q3D As life expectancy rises, the challenges of
elderly care are becoming increasingly complex and demanding for societies
worldwide. Providing comprehensive and efficient care for elderly individuals has
become a pressing concern for governments, healtistéwngians, families, and
caregivers alike.

The elderly face unique challenges, including declining mobility, cognitive abilities,
and potential health complications, necessitating tailored care and constant
monitoring. Family members and healthcare facilitiescofierwith the pressure

of the escalating demand for elderly care. However, the shortage of trained
professionals, the emotional impact on seniors, and the increasing demand for
specialized facilities pose significant obstacles.

Recognizing the importance of supporting elderly individuals in maintaining their
independence and quality of life, technological advancements have emerged as a
promising solution. The convergencehef Internet of ThingsldT), wearable

medical devices, ambmoticsopens new possibilities for empowering elderly
individuals to age in place, enabling them to reside in their homes longer without the
need for constant external assistance.

To this extentthe present repodtailgshe conceptionf an |oT platform fothe
personal healthcare of elderly pethyaehas been generated during a segead
Master's internship Software Engineeriagjthe Coimbra Institute of Engineering
(ISEC) in Portugal. This initiative is conducted in collaboration with the Kirepo S.ar.|
company based in Luxembourg.

1.1 Coimbra Institute of Eng ineering

The Coimbra Institute of Engineerif§EC)[3], situated on the right bank of the
Mondego River, forms a cornerstone of the Coimbra Polytechnic IiRi@G)te

With a legacy spanning over four decades in student education and development,
ISEC originated in 1974 through the transformation of the former Coimbra
Industrial and Commercial Institute, established in December 1921. ISEC's
commitment to delivering etlence in engineering education is coupled with its
aspiration to stand as a beacon of distinction on both the national and international
educational landscapes. Rooted in its mission of "the creation, transmission, and
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dissemination of culture, science, and technplt§yC provides advanced
education tailored to professional engagements within the field of engineering.
Notably, ISEC maintains robust ties with diverse organizations, fostering an
environment of enhanced interaction between students and companie®rgkis sy

not only enriches the academic experience but also bolsters success within the
competitive job marketSEC provides a comprehensive range of engineering
courses, including both Bachelor's and Nmastlmgrees in fields like civil
engineering, electrical engineegog)puter sciencad mechanical engineering.

This reporthappens in the context thfe Master's in Computer Science program,
which is designed to elevate computer science education. Its primary goal is to
produce professionals equipped with engineering expertise for the design,
development, and maintenance of computer systems acoossivdustries. This
program offers two specializations: Software Engineering and Intelligent Data
Analysis and thisreport happens in the context of the branch of Software
Engineering.

1.2 Kirepo S.ar.l

Established in 2004, Kirepo is a Luxembourgish company that has consistently
pioneered tailored innovations fostering business gwtleveraging cutting

edge technologies, such as versatile applications accessible across various platform:
Kirepo empowers businesses by enhancing engagement and operational efficiency.
At the core of Kirepo's suite of offerings lie adaptable applicdéiomsating

effective product marketing and seamless information dissemination. These
solutions are enhanced by advanced features, accommodating modern digital
landscapes across devices. Moreover, Kirepo addresses diverse requirements with its
array oftools, providing a versatile platform for dynamic content management.
Complementing these initiatives, Kirepo's dedication to holistic solutions extends to
facilitating streamlined transactions and supply requisition processes. The company's
journey is m&ed by collaborative partnerships with prominent clients and close
relations with governmental projects, embodying innovation as the driving force
propelling advancement.

1.3 The emergence of wearable and domotic technology

The realm of technology has witnessed a significant transformation with the
emergence of wearaldd technologies addomotics. These advancements offer
invaluable tools for monitoring vital signs and activities through wearable sensors
and enable the automation of routine tasks through smart home devices.

Wearable technologies encompass a wide range of medical sensors and I0oT devices
Key sensors include tekectrocardiograntE CG) sensorwhich providesnsights
into heart health, heart rate monitoring for stress assessment, and sensors for
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respiration, heat, motion, sleep, and sound, facilitating anomaly detection and sleep
disorder evaluation.

In parallelDomotics integrates sensors and actuators to automate tasks and enhance
home functionality. Automated lighting, window control, and security cameras
ensure a comfortable and secure living environment.

The synergy between wearable technologié3oamotics opens new possibilities

for comprehensive monitoring and prompt responses to potential issues. These
advancements pave the way for improved independence and safety, offering
personalized and efficient solutions to meet the evolving needs afafeivid

In conclusion, the emergence of wearable technologi2srantics revolutionizes

the landscape of technology, offering seamless integration for enhanced monitoring
and automatiorgroviding a transformative impact on various aspects of modern
living.

1.4 Scope of the internship

Kirepoisat the forefront of developing an innovative-bafed platform designed

to support elderly people in their homes. By leveraging interconnected devices, the
goal of theplatformis tocreate individual profiles and idgreceptions in their

daily routines. When a predefined threshold is reached, the platform initiates
appropriate responses, such as contacting a call centre, alerting family members, or
summoning professional assistance.

The challenge lies in seamlessly communicating with diverse 10T sensors, effectively
assessing the status of elderly indigjgunal interacting with them in ragale. The

platform orchestrates the interaction between various sensors and can pilot other
devices, such as enabling remote door opanitegatizindights, andacilitating
personto-person dialogues.

A key aspect of the platform involves the uéetidiicial I ntelligence (Al) to analyse
sensor data, detect anomalies, and awavogkflows. This Aldriven analysis
enables the identification of potential health issues prompsuring timely
intervention and personalized care.

The scope of the platform encompasses various computer science disciplines,
including 10T interactions, APIs,-Ativen triggers, and data analysis. Healthcare
associationsn Luxembourghave warmly received the concept, expressing their
support for its potential impact on the elderly care landscape. The platform's
adaptability and positive reception open the possibility for future expansion to other
countries and populations beyond tdergl demographic.

The focus of this internship is to develop a proof of cofieef)for a subset of
the aforementionedystem, concentrating on key sensors, nameiCtheand
motion sensorsuch as the accelerometer, gyr@esand Global Positiorg System
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(GPS) The ECG sensor plays a pivotal role in monitoring the electrical activity of
the heart, allowing for the early detection of anomalies such as arrhythmias or heart
attacks. On the other hand, motion sensors track the physical activity of the
individual, poviding insights into movement patterns and enabling the detection of
sudden changes that may indicate potential health issues.

Ultimately, the development of this lbdsed elderly care platform holds immense
promise in revolutionizing elderly care practices, fostering independence, and
enhancing the overall quality of life for senior citizens. As technological
advancements contie to accelerate, the platform's expansion and incorporation of
additional sensors and capabilities can further bolster its effectiveness and
contributions to the evolving landscape of elderly care.

The original anddetailedinternshipproposalcan be found in Appendi for
further information.

1.5 Objectives and contributions

This internship aims to assess the feasibility of utilizing 0T sensors, including
medical wearables and home automation devices, to create a healthcare platform for
continuous monitoring of the elderly, thereby improving their daily lives. Within the
broa field of 10T technologies, this project focuses on evaluating specific sensors
and devices to developaCand assess its potential for future development.

To this extenthe goalshatarepursued inthis projectonsist in
1 Conducting atateof-the-art analysis of 10T devices in the healthcare sector.

1 Performing a stataf-the-art analysis @nalogougprojects related to elderly
care.

9 Defining the scope of thoC

1 ApplyingMachine LearninfML) techniques to analyze ECG and motion
data.

1 Implementing the software components oFPth€
1 Validating thé&oC

1.6 Structure of the document

This documenis structured into eight chapters, each serving a distinct purpose
within the context of the internship projethe first chapter introduces the
internship project's scope and primary challefgesecond chapter provides the
technological backgroufidhe third chapter outlines the general system architecture
and higHevel requirement¥he fourth chapter examines analogous projects in
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elderly care and healthcarth astateof-the-art analysisn the fifth chapter, we
delve into th&IL analysis applied to ECG d&mmilarly, the sixth chapter discusses
theML analysis applied to motion d&ailding on insights from previous chapters,
the seventh chapter focuses on implementing software module® &k tleestly,

the eighth chaptendswith the projectconclusionsind futurgerspectives
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2 TECHNOLOGICAL BACKGROUND

The technological landscape of healthcare, particularly in the realm of elderly care,
has witnessed a remarkable transformation tmtimgfusion of loTwith medical

sensor technologies. Thmnvergenchas enabled the continuous monitoring of

vital health parameters and environmental factors, generating vast streams of data.
In tandem with thigylL techniques hauy@enenhanced and tailored to this field,

acting as pivotal tool to analyse and derive meaningful insights fragpéhaf

data To offer contextual insights into the technologies and concepts employed in
this project, the following subsections intend to elucidate each of them and elucidate
their relevance to the project.

2.1 Internet of Things

The Internet of Things encompasses a range of defiritibasits core, it signifies

a network where devices interact autonomously, enabling seamless data collection
and exchand®8]. Thisinnovation drives automation across industries and facilitates
thegathering of da@boutany kindof subject

IoT encompasses a wide range of sensors and devices, fostering the creation of
diverse applications like smart parking systems, precision agriculture, and water
usage optimization, among others. Similarly, the array of loT sensors opens avenues
for smart he#thcare systems, capitalizings@gnificantadvancemenis portable

and wearable medical techn@®daking this into consideration, the prospect of
bringing healthcare to patients' homes through a remote care approach becomes
increasingly viabdecevital signge.g., ECG, respiration rate, dt@} could only

be monitored in clinical setuga now be monitored at home with I0T devices

2.1.1 Healthcare and medical devices

The spectrum of 10T devices and sensors that may be used in healthcare systems
valiesfrom sensors that measure the most vital data such as ECG, oxygen saturation
and breathing rhythm to less critical informati&e blood pressurend body
temperature among others. The availability of devibed incorporate the
mentioned sensokeeps evolvinghich potentiates more and more research and
experimentation on the subject.

2.1.2 Domotics

Pardl to the emergence of healthcare I@Chnologiesarisesthe concept of
Domoticswhich is also referred to as home automation or smartédmelogy
[6]. Severallevicesare grouped withithe Domotics field such as lighgswer

outlets blinds,thermostatsand smoke detectors, among othéiisose devices
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permitgatheringnformation about thenvironmenof a patienbther than medical
data and also provide automation capabilities to assist the elderly.

2.2 Communication

In the realm ofoT, communication technologies play a pivotal role, providing the
fundamental functionality and purpose of the IoT concept. These technologies
encompass both shaenge and longangevarietiesfacilitating the exchange of
information among loT devices and enabling seamless control and interaction with
other components withaosystem

2.2.1 Short-range tec hnologies

In the realm of shomrange communication technologies, Bluetooth stands out as a
wireless solution for data exchange over short distances, commonly found in
headphones, speakers, and smart home déucédse other hand/igbeeand
Bluetooth LowEnergy (BLE)offer lowpower wireless communication for IoT
devices like thermostats anddicakensors. Another shaenge option idlear

Field CommunicatiofNFC), enabling secure data exchange between nearby devices
and finding applicationsdontactless payments and device pairing.

2.2.2 Long -range technologies

In the context of longange communication technologies;F\Wemerges as a
prominent choice, providing higheed internet connectivity over larger areas,
catering to devices such as smedvisios and cameras. Cellular networks,
including 4G and the upcoming 5G, offer extensive coverage and rapid data
transmission, making them suitable for applications like asset tracking and remote
monitoring.The GP$a satellitbased navigation system, ensures accurate location
informationand motion through spacinding utility inthe tracking of many
objects

2.2.3 Message brokers

A message broker is a software tool that facilitates communication and information
exchange among applications, systems, and d&ivitests asan intermediary
responsible fodelivering the messages sent between the given sEing@agasain
advantage of a message broker is thagiostic andlatformindependentvhich
permitsthe intercommunication between services from diffggeygramming
languagesr different platform implementationghis way, services and software
components camncouple theommunication logic fromeilr core business logic.

The inherent high heterogeneity within I0T's encompassed technologies and device
presents a challenge in creating comprehensive solutions involving diverse
componentsinceevery device has its way of commungatth the rest of the
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systemTo this extentmessage brokers serve as intermediaries for facilitating
message transmission within highly heterogeneous l0T systems, asasiitg
communication between diverse devices and technologies.

A couple ofmessage distributidypescan be used with message broketis the

publish and subscribe pattern being the most widelyTig®ohessaging pattern
involves message distribution where message producers mebkksigesn

specific topics, while multiple message consumers subscribe to topics of interest.
Messages published within a topic are then distributed to all subscsbetkrs

[7]. Figurel illustrates how the generic publish and subscribe patterrwitionks

a system.

Publisher < Topic A

Subscriber

L

Subscriber

O ) > |
) T Topic B
Publisher b Subscriber

Figurel & Depiction of the generic functioning of the publish and subscribe .patteye
retrieved fronj8].

2.3 Artificial Intelligence

Artificial Intelligence was first introduced by John McCarthy in 1968 ssience

and engineering of making intelligent mach@kl essence, Al entails employing
methods to enable computer systems to execute humdhGhsksigure2, the
composition of Al can beontemplated along with how it coexigth the branch

of statisticsArtificial Intelligence can lertherdivided into two primary branches:
Machine Learning, employing mathematical models to learn from data and discern
underlying patterns, and Expert Systems, which consist of autonomously operating
rulebased systems created by humans, such as fuz#olegicer, for this work,

the focus will residen Machine Learnirfgr data analysis
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Artificial Intelligence
Methods for computer systems
to perform human tasks

Machine Learning
Mathematical modelswith specified structure Expert S\r’StEI’I"ISI Statistics

o orm tasks from data Operate auton ously i ;
learn to perform tasks from data P Foundational Techniques
% and Training Principles

rules., {e.g. fuzzy logic) and Training Principles

Deep Learning
Meural networks with

multiplespecialized layers
for encoding structural
information

Figure2 @ lllustration of the relationship between Atrtificial Intelligence, Statistics, Machine
Learning, Deep Learning and Expert Systemagje retrieved frofhO]

2.3.1 Machine Learning

Thefirst mentiorof Machine Learning the scientific literature was mddeads

agoby a researcher tryingfiggure out how to program a computer to play checkers
anddefinedthe field of MLa® a f i el d of study that gi
| earn without bei flgf explicitly prograr

ML algorithms are computational procedures that function through the utilization
of input data to accomplish designated tasks. In contrast to conventional
programming paradigms characterized by deterministic difectjvesnditional

or fuzzy logig)these algorithms adopt a more flexdpf@oachTheircapability of
learning through repetition and previous experipeceststhem to be used in a
variety of contexts in soci¢ty]

Figure3 illustrates the three primary domains of Machine Learning: Supervised
Learning, Unsupervised Learning, and Reinforcement Learning, each addressing
unique challenges and characteriSigservised.earning algorithms work with
datasets comprising features, with each input example linked to a corresponding
label or target outputUnsupervised.earning algorithms analyze datasets with
numerous features to extract structural properties, aiming to uncover patterns
without prior knowledge of underlying labaislike Supervised Learning
Reinforcement Learning employs ateatthing framework based on dynamic and
systematic learning through actiand subsequent rewgrdemmonly used in
gamesand robotic$13]
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Geographic
text analysis

Invasive vegetation

Land surface temperature
change monitoring

Population
distribution studies

mapping

. Gravity anomaly
Feature rapping

A Infrastructure
Learning

mapping

Remote sensind

image retrieval
Damage

assessment

Climate zone Unsupervised Supervised

identification Learning Learning Population

estimation

Aeronautica MaChlne Regression Crop forecasting
Charts mapping .
Learning

land cover

change detection parine biome Plant phenotype Real-time
mapping prediction crop yields
Mediterranean Pedestrian
landscape dynamics =il el s behavior
Learning
Vehicle routing

Building energy

optimization
Propagation of noise
in urban environments

Figure3 0 Breakdown illustration of Machine Learmingeveral branches. Image retrieved
from [13]

2.3.1.1 Supervised Learning

In the realm of Machine Learning, various learning methodologies are available to
facilitate the creation of models capable of acquiring knowledge from data.
Supervisetearning represents one of the learning approaches and finds application
in approximating an unknown mapping of (input, output) pairs based on known
(input, outputsamplegl 2] To elaborate, the known mappings embody the training
data, comprising labelled inputs, while the unknown mappings encompass data
never encountered by the model. Consequently, the model tries to forecast the
output for an unfamiliar input by drawing oa titaining data it has been furnished
with. This task is also referred to as classificatisammary, the creation of an

ML model comprises three primary stages: data collection to form the training and
test datasets, model trainirsgng an ML algorith, and the subsequent validation
using data not encountered during the training phdke.end, the model should

be capable gferforming future predictions autonomoasla way of being applied

in a realvorld scenarid-igure4 depicts the differersteps of the model creation
process in ML.

10
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Get Data Train Model Improve

Clean, Prepare
& Manipulate Data

Figure4 d Depiction of the model creation procéssmge retrieved frofi4]

In the field of Supervised Learning, various approaches are employed to create
models that can train on data, learn from it, and subsequently classify new, unfamiliar
instances. There are numeralgorithmsavailablehat permit the creation of
modelsfor classification, each with unique characteristics and capabilities for
addressing different problems. Tragerithmsnclude Support Vector Machines,
k-Nearest NeighbourBecision Trees, Random Forests, Logistic Regression, Naive
Bayes, Neural Networkand otherd15] In this project, our focusesideson

Random Forestk-Nearest Neighbours€Explainable Boosting Machines, and
Neural Networks.

Random Forest(RF): Random Forestonsist of an ensemble of tree predictors,
where each tree relies on the values of a random Mejtorhis vector is
independently sampled and follows the same distribution for all trees within the
forest. As the number of trees in the forest increases, the generalization error of the
forests converges to a limit. The generalization error of a forest dassifiers

relies on two factors: the individual strength of the trees within the forest and the
correlation between thdib6]

k-Nearest Neighbour (KNN) : The Nearest Neighbour is a simple and powerful
technique in Machine Learnthgtdetermines the class of a query by identifying its
nearest neighboyts/] This approach is important due to improved computational
power, reducing concerns about runtime performane&NN variant considers
multiple neighbours for classification. Since the training examples are required to be
in memory during runtime, this approach is often referred to as MeEvedy
ClassificatiofiL 7]

Explainable Boosting Machine(EBM) : The Explainable Boosting Machine is a

type of Generalized Additive Model that uses tree structures and employs cyclic
gradient boosting and automatic interaction detddt6pi=BMs offer a balance
between accuracy similar to advanced black box models and full interpretability.
Although they may require more time for training compared to traditional
algorithms, they stand out for their efficiency in compactness and rapidrmpredict
capabilitiefl 8]

11



Ruben Anténio de Jesus Marques

2.3.1.1.1 Deep Learning

Deep Learnin¢DL) is a field of Machine Learniwberecomputational algorithms

and modelsare createthat emulate the structural composition of biological neural
networks within the brain, known Aagificial NeuralNetworls (ANN) [19] The

term 0deepd indicates that several | ay
of layers exist with them being the input layer, responsible for receiving input data;
the output layer, tasked with generating the outcomes of data processhey; a
hidden layer, entrusted with the extraction of inherent patterns embedded within the
data[19] When multiple hidden layers exist within an ANN, it is also commonly
referred to aaDeep Neural Network (DNN).

Neuron: The neuron stands adumdamentaklement within theealmof DL,

serving as the primary constituent of ANNSs. It receives a set of independent
variables as input and generates an output through computations applied to these
input variables. Each input variable possesses an associated weight, signifying its
contributionto the final output. The neuron then condustsmoperation on the

input values, and the resulting sum is subsequently processed through an activation
functionthatdetermmesthe output valug20] Figure5 depictsthe functioning of

an artificial neuron and how it relates to a biological neuron.

The Neuron

Input value 1 X

Weight wl

Weight 'Iu'\:l r\ Activation function
; y Output value

Input value 2 Xz . neurgn

Biological neuron

B

Input value m Wi N F-* lt'

?*&/

Figure5 o Simplellustration ohow a neuron works in Deep Learning and comparing it to a
biological neurofright bottom corner)mage adapted fro[20}]

Artificial Neural Network: ANNs consist of multiple layers of interconnected
neurons Forthe sake of simplicity, they are also commonly referred to as Neural
Networks When there is only one neuron, it is referred to as a perceptron. Various
ANNs exhibit distinct architectures, varying in the number of layers and their
interconnections. The two primary categories of ANNs ard-Beedrd Networks

and Recurrent/FeedbacKetworks [21] In FeedForward Networks, input
information flows in one direction through the layers until it reacegthelayer

12
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In contrast, Recurrent/Feedback Networks involve bidirectional communication,
where input is exchanged back and forth in multiple iteratibhis reaches the
output layer

Neural networks J

=l mas %

Feed-forward networks Recurrent/feedback networks
Single-layer Multilayer Radial Basis Competitive Kohonen's Hopfield ART model
perceptron perceptron Function nets networks SOM network mace:s

=) 3% Eap

Figure6 & Depiction ofsome othe types opossibleANN architecturedmage retrieved from
[21]

YYy

DL permits to steeBupervised Learnitgchniques, such as classification tasks, on
data such as imagasdsounds, among others as a way of resolving problems that
involve image or speech recognition for exanpe.the contrary, more
conventional Mimodelsncounter limitations when dealing with raw, unprocessed
natural data, while Deep Learning has the potential to effectively manage the
intricacies of this type of data.

Figure7 helps to depict how Deep Learning integrates the field of Machine Learning
in the field of Artificial Intelligence.

13
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Artificial Intelligence:
Mimicking the intelligence or

behavioural pattern of humans
or any other living entity.

Machine Learning:
Atechnique by which a computer
can "learn" from data, without
using a complex setofdifferent
rules. This approach is mainly
based on training a model from
datasets.

Deep Leamning:
Atechnique to perform
machine learning

inspired by our brain's
own network of
neurons.

Figure7 d How DL is a subset of ML and hdiL is a subset of Al. Image retrieved from a
Wikipedia article about Deep Learhzg}

Convolutional Neural Network (CNN) : CNNs emerged from the study of the

brai nds andawebdden apmiedto@mage recognitiortlsant820§23]

It excels at identifying patterns in images, allowing it to recognize objects and
categories effectively. CNNs can also be applied to audiseriiase and signal

data. These networks can comprise nhumerous layers, each specializing in detecting
different image features. Filters are used to scan images at various resolutions, and
the results from these scans feed into subsequent layers. Thestafiltby
identifying basic attributes like brightness and edges and progress to more complex
features thauniquely characterize the object.

ResidualNeural Network:

A Residual Neural Network, also known as ResNeflisapproach where the
network's layers are designed to learn what's left over or "residual” from the input
data[24] Those layers are called residual Tinég enable the training of vdegp

DNNs by addressing the vanishing gradient issue, leading to improved feature
learning and superior performance on tasks like image classification and object
detection. ResNets are also excellent for transfer learning, alloviiaimeate
models to be fintuned for specific tasks. Their interpretability makes them a

14
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preferred choice for many applications, making them a substantial advancement over
traditionalCNNs [23]

2.3.2 Metrics

When working with ML modele perform classification tasks, it is important to
haveassessment metrics that measure the performance of a given vlassiiier

metrics, including accuracy, precision, and recall, among others, are employed in
Machine Learning to gauge model performance. The significance of these metrics
varies based on the specific objectives they aim tolrulfilis project, the
subsequent metrics are important as a way of evaluatingelhdtwe models

perform their taskf evaluatigthe normality oECG samples or motion activities

later in this work

2.3.2.1 Confusion matrix

In ML, a confusion matrisonsists of a tabllkatserves as a visual tool for assessing

the effectiveness of an algorithm, typically in the cont&peifvised_earning

[25] In this matrix, every row corresponds to instances within an observed class,
and each column pertains to instant#ssified into a predicted clg8} This

permits to assess the performance of the clasgitiienseacltlassFigure8 depicts

an example of a confusion matrix akenutarbitrary and randobinary ECG
classificationn this instance, the model correctly predicteddra@al samples and
erroneously identified 5 normal samples as abnormal. Conversely, it also incorrectly
classified 8 abnormal samples as normal, while accurately predicting 80 genuine
abnormal samples. These observations provide the basis for calddiatngla
performance metrics, including accuracy, precision, recall, anddbie F1

ECG prediction
TARGET
NORMAL ABNORMAL SUM
OUTPUT

120 8 128
NORMAL 56.34% 3.76% 93.75%
6.25%

5 80 85
ABNORMAL 2.35% 37.56% 94.12%
5.88%
125 88 200 /213

Sl 96.00% 90.91% 93.90%
4.00% 9.09% 6.10%

Figure8 8 Example of a confusion matrix about ECG predictions. Image generaf2d]with
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2.3.2.2 Accuracy

The accuracy metric is used to meath@eproportion of correctly predicted
instancegboth true positives and true negajives of the total instances in a
dataset, indicating how well a model predicts across all Glassgdlowing
formula defines how the accuracy is calcyzged

Accuracy =

where TP = True positive; FP = False positive; TN = True negative; FN = False
negative

2.3.2.3 Precision

The precision metric measures the accuracy of positive predictions made by the
model. It is calculated as the ratio of true positive predictions (correctly identified
positive cases) to the sum of true positive and false positive predictions (incorrectly
identified positive caseBpr examplein ECG classification, precision indicates

how well the model correctly identifies actual cases of the target condition (e.g.,
abnormal heart rhythms) among all instances it predicted as positive. The following
formua defines how the precision is calcul[2@&d

Precision =

whereTP = True positive:P = Falsepositive

2.3.2.4 Recall

The ecalmetricmeasurethe model's ability to identify all positive instances in

the dataset. It is calculated as the ratio of true positive predictions to the sum of
true positives and false negatives (actual positive cases that were missed by the
model) For exampleniECG classification, recall signifies the model's
effectiveness in capturing all instances of the target condition among the total
instances that should have been identified as pdsieviellowing formula

defines how the recall elculated29}

Recall =——
whereTP = True positivel-N = False negative

2.3.2.5 Flscore

To assess thmlance between precision and recall, tsedf& metric is utilized.
This metric represents the harmonic mean between the two m&asures
following formula defines how the-§dore is calculatéD}

F1l-score =

where TP = True positive, FP = False posifiXe= False negative

16
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In Figure9, it ispossible to visually perceive the relationship between the precision
and recall metrics.

relevant elements
r 1

false negati versue negativ

true posiftailwses po 4

retrieved elements

How many retrigvidadw many relevar
items are?rel ejainttems are 2retri:

Precision— Rec &l +—

Figure9 - Relationship between the precision and recall mbtragge retrieved from Wikipedia
[30]
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3 GENERAL PLATFORM ARCHITECTURE

Developing a platform for assisting and monitoring elderly individuals poses
inherentechnological and physical challenges. Overcoming these obstacles is crucial
to ensure the platform's effectiveness and reliability. On the technological and
physical front, the integration of various medical and domotic sensors within the
eldely's environment requires addressing the heterogeneity of |oT devices. To
accommodate this diversity, agnostic software components are necessary to
encapsulate different device types and facilitate expandability. Furthermore, some
loT devices possess limitgutocessig capacities and utlize lemergy
communication protocols liIBLE, necessitating an additional gateway component

to communicate with these devices and relay information to the network.

The communication aspect within this distributed system introduces its
complexities. The conventional chesrver paradigm is insufficient for managing
data exchange among multiple IoT devices and modules. Addressing this, the
Message Queuing TelemetrgniBport (MQTT) protocol emerges as a lightweight
and effective solutido implement the publisfubscribe paradidBil] Employing

a centralized broker, MQTT facilitates communication by managing publishers and
subscribers within specific message topics.

Data analysis forms a pivotal aspect, demanding a robust processing pipeline for
continuous assessment of diverse sensors and devices. This pipeline must
accommodate various data types, from ECG and motion recognition toupahavio
patterns. Depending on the analysis outcome, a sensor orchestration module triggers
data collection or alerts caregivers. The adaptability of the processing pipeline to
accommodate new device additions is impesaitathe goals to integrate more

and more medical datgeés (e.g., respiration rateygen levels, etc.) in the future

Given the intricacy of data patterns, particularly in medical contexts, integrating Al
becomes essential to identbmplexpatterns and generate accurate responses
beyond simple ruleased programming logic.

Likewise, the platform can effortlessly accommodate different elements like data
storage, a versatile backend, caregiver dashboards, and external APIs. Tools like the
TICK stack make storing sensor data easy, working well with how the platform
handles datthrough MQTT It's also simple to add caregiver dashboards using
modern frontendools and languagi®t connect with the platforover MQTT.

The platform's flexibilitynake it adaptable fointegration with externaystems
thatcan easily get important medicalin&b is produced his adaptability also lets

it work with government systems and APIs, showing how the pl&toitates

the sharing diealth data. With its adaptable nature, the platform is ready for future
changes and can grow as newntdolgiesand needs come up.

18
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As depicted irrigurel(, the higHevel architecture of thmresentealderly care
solution embodies this integration of devices and saaswea gateway computer
through MQTTwith other software modules.

10T sensors

ECG Blood pressure Breathing Fire & Gas Blinds and windows Cameras

$p0O2 Motion Lights Water

Patient Home

Low-level communication protocols

Home Assistant

zigbee ,,. 2% ®

Other low-level protocols...

1° =}

= —

Gateway computer

—SNMQTT=

IoT message broker j

y b Y

S HEYDEY

Data Sensor Data analysis Backend Caregiver External APIs
persistance orchestration module Dashboard

Figurel0d General platform architecture diag®roduced with draw.io softw§B2]and
Flaticond33]
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The platform architecture foresees sevéypes of software and hardware
integrations that range from individual 10T sensors toaowmgrehensiveoftware
modules such as data analysis, sensor orchestiradidata persishce among

others Howeverdue to limitations in terms of time and resouecéged number

of featureamust be set tenable the development of a sdefined and testable

proof of concepfThe firstfeature consists &ICG Analysis @ature landplays a

pivotal role by gathering data framECGsensor and employing Machine Learning
techniques to analyse ECG normality, enatfismgnonitoring ofthe patient's
cardiac health. Additionatlye feature dflotion Analysis @ature Pleverages data
collected fronrmotionsensors to discern the patigpitigsical behaviour and detect
whether they are at rest or moviRgrthermorethe Sensor Simulationg&tured)
functionality is incorporated, offering the capability to simulate physical sensors for
comprehensive testing and validation purposes. The Orchestiatme{lrserves

as a vital software module, effectively coordinating and managing all sensors and
data analysis processes. To showcase the system's capaiiptiBedasraphical

User Interface (GUI) @atureb) is implemented, offering a dfsemdly interface

for visualising and demonstrating the aforementioned features cémistiised
communication over MQTT ¢ature6) underpins the entire system, facilitating
efficient commnuication between all software components, including sensors, the
Orchestrator, the GUI, and more, through a central MQTT broker utilising the
publish and subscribe paradigm. These interconnected functionalities form the core
of our platform, addressing tlballenges and requirements of elderly care
assistance and monitoring.

Thetechnical aspects of how the aforementioned software modules are developed
and how the sensor data is analysed usirgeflicther detailed in thr®ubsequent
chaptes.
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4 RELATED WORK

In recent years, the confluence of, tigital healthcare, abdmotics has captured
considerable attentitnom researcherparticularly in the context of addressing the
complex issuex the development of elderly care solutidesocieties worldwide
undergo a demographic shift towards an increasinglypgatitionthe demand

for innovativesolutions has become paramount. This chapter serves as a gateway to
the existing body of research and developments in the field of elderly care platforms,
with a specific emphasis on those harnessing the potential of 10T, digital healthcare
technologies, and domotic devices.

Survey studies about I0T have been conducted sincarDMaith the new
advancementsnore oriented studie$ IoT applicationsvere driven in the fields

of healthcarehome automation anuore specificallglderly carg34] A survey
enumerates what kind of data is collected in the development of such systems. The
data types arBiomechanical date.g.the motion of the body and activities),
cholesteroblata, ECG data and other vital signs (e.g. blood pressure, pulse rate,
respiratory rate and temperat(8&] With the gathered daiarious applications

are possiblsuch asaged care monitoringlumanActivity Recognition (HAR)

clinical monitoring at hospitals, emergency condimehsiorg35] Parallel to the
possibilities of 10T in elderly care contextset of challenges arisésiong the
variousis the creaton of intuitive uselinterfacedor the elderly the addresf

security and privacy conceansl the managementtbé heterogeneity among loT
devices and vendof36] Also, the strong dependency on power sguitoe
contextawareness capabilitigicultiesandthe lack of longerm support of 0T
devices for healthcgreesent anothdayer of obstacles thraay present a threat to

the viability of such syste{34]

In terms of practical applications of elderly care systamsjmplementations are
presented by the researchershaliterature.Someapproaches place a strong
emphasis on home automation, while others focus more on healthcare aspects.
Additionallysome efforts ar@ningto combine these two areas seamlessly

4.1 Domotic and home -oriented solutions

In an Argentinianuniversity the authors present a specific implementation of an
elderly care solution using a group of devices controlled by a central computer with
dedicated software cal@&istema Integrado de Control y Automatizacion Asistida
[37] The patient can control domotic devices at home using hand motions, such as
turning on lights or requesting hélpweverthe system is hardwanéensiveand
maycarry problems in terms of user interaction.

Portuguese researchdevelogd an innovative healthcare 0T system known as
"We-Care'[38] This system focuses on data collection and monitoring of the elderly
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at home, utilizing a combination of hardware and software modules. The main
components consist of a wearable wristband call@dai¢k, service modules, and

a cloudbased platform. The Weatch wristband gathers vital data such as body
and environmentalrtgerature, pressure, light, humidity, and acceleration via built
in sensors. This data is then sent to th€¥8ve board, which stores it locally on an

SD card or uploads it to the cloud for further analysis and stéramgeable
advantage of the systestiie WeNatch's impressive energy efficiency, boasting a
remarkable autonomy of 12 days

A comparable system is established in a research project where motion, temperature,
and humidity sensors are installed within various rooms of the rgSigebeee

to the specific sensors it incorporates, this system solely enables the monitoring of
the patient's home. It generates alerts via Twitter when irregularities occur, such as
excessively high temperature, inadequate humidity levels, or instandes of mot
detected within the rooms, indicating the activity of the elderly individual within the
houseFor example, it is possible to detect if a patient spends too much time at the
toilet. Moreover, the system includes a-ouiltlle mode, which is automatically
engaged when other individuals, such as family members or caregivers, enter the
premises. This feature prevents the accumulation efelated data resulting from
gatherings with the household

4.2 Healthcare -oriented solutions

Researchers in Malaysia deeelapsystem whose focus is on the monitoring of
heartbeat and body temperafd@ Additioraly, it provides the abilitp detect

falls Furthermore, the system also integrates the functionality of door access at a
pat i entThessystera gogerns access to the patient's home door, allowing
designated family members, who are entrusted with their care, to manage whether
or not to grant entry to individuals such as professional caregivers.

An analogousystenis implementedy other researchethat track vital signs
such as temperature, heart rate,>»8p@ fall detectiof1] The datas gathered
with a Raspberryi Bnd then sent to a remote InfluxDB datalaaseto an alert
system thdbrwards ito a mobile dashboard made in Flutter.

Otherworkspropose integrating wearable devices with domotics and he#tthcare.
2010,SmartVestvas presented which consisfsa domotic wearable vest that
combines clothing with healthcare and house control in -friersdly way.
However, challenges arise in the textile and technology industry to create devices
that are unnoticeable when integrated into clddfhin 2019theauthors suggest

a wearable domotic solution using medical sensors like ECg, a®dO
temperature, connected to a central processing unit that communicates with the
home domotic network through MQTT to automate fas{s

A more precise investigation centres on an adveareeslysta thatincorporates
an ECG sensor that transmits signals via Bluetooth to a central server for signal
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processing44] The sensor is integrated into a wearable shirt, designed for
convenient wearingith a zipperFurthermore, it facilitates waveform visualization
through an Android application. A noteworthy aspect of this researcapagcisy

to analyze intricate data, specifically ECG, which distinguishes it from other studies
concentrating primarily on simpler metrics like heart rate, temperature, and SpO2.
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5 ECG ANALYSIS

5.1 Fundamentals of Electrocardiography

The field of electrocardiographyolves the study of the electrical activity of the
heartthroughan ECG that captures the depolarisation and repolarisation of atrial
and ventricular cells over tifd®&] Given the fact that the body can represent a
giant conductor yoplacing electrodes on the skin's surface, the voltage of the heart's
electrical field is detectwadan ECG reading can be produdédte resulting ECG

graph displays voltage (in millivolts, mV) plotted against time (in setonds).
minimize voltage fluctuations caused by skeletal muscle movement, ECGs are
typically recorded with the patient at fEisé ECG has evolved into a powerful
diagnostic tool for heart disease, especially fotéetiaeof arrhythmias and acute
myocardial infarction. The use of the ECG has become a standard of care in
cardiology, and new advances using this technology are continually ifd®duced

5.1.1 ECG curve

The pattern of the ECG curve is characterized by the regular and frequent beating
processof the heart, which results in a rhythmic wavefd&h The voltage
measurements obtained from the ECG recording follow a distinct pattern that
corresponds to the electrical activity of the heart during each heartbeat. This pattern
typically consists of a series of identifiable waves, including the @ wave, R

wave, S wavand T wave.The Q, R and S waves are also known as the QRS
complexThese waves represent specific electrical events in the heart, such as atrial
and ventricular depolarization and repolarization. The repeated occurrence of these
wavesn a consistent and organized manner reflects the regularity and synchrony of
the heart's contractions, providing valuable information about the heart's
functioning and overall cardiac he@l8j

In Figurell, an example of a normal ECG recordimgyaesenteand inFigurel2
the position of the different waves is illustrated.
|

il |||i'i'||""'|iiiiiiniiiiii|
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Figurelld Random nrmallOsecond ECG recordirigpm theDeepFake databdgé] Chart
generatedwitRy t h o n@dlsdiliady c g
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Figurel2d Characterization @in ECG heartbeat segment withfibe labelled wavé®m left
to right (S, QRS complex and IMage retrieved from Wikipedia artickbout
electrocardiograpiy7]

5.1.2 Lead system

The ECG recordings are performed by installing a couple of elanttbddmiman

body which capturethe electricahctivity of the heartHowever,the way the
electrodes are placed in the bgelyerates different types of E@&veformsTo

this extentseveral lead systemsredefinedto uniformizehow electrodes are
positioned in the bodyn ECG kadis a specific electrical pathwaywveen two
electrodesThe three lead positiotisat aranost frequently used today are known

as leads I, Il, and lll. To understand the placement of these leads, the body's torso
can be interpreted as equilateral triangle. This configuration is called Einthoven's
triangleln Figurel3 the Einthoven trianglman be illustrated for the three limb
lead445]

|
+ AN

Figurel30d Representation of thieree limb lead$, Il and IIl) and theicorresponohg ECG
waveforms following the Einthoven triantyfeage retrieved from Wikipedia article about
electrocardiograpl@7]

The transition to the I2ad ECG further expanded the diagnostic capabilities by
incorporating additional leads top of the first three leads (I, Il and ldhd
capturing electrical signals from different angles, enhancing the interpretation of
cardiac abnormalitigds]
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5.1.3 ECG devices

Various ECG devices are available on the market, ranging from those capable of
recording multiple leads, such as the stand#dd ECG used in hospitals for its
precision in medical diagnostics, to morefusadly loT-based devices that offer

a comfaotable experience but provide fewer leads. The latter allows for the
development of healthcare applications, as exemplified in this project. However, it's
important to note that lobased ECG device development is still intsrgent

stages, with limitedvailability and relatively high costs. This project primarily
focuses ofead IECG due to constraints relatediteproject timeline and financial
resources.

5.2 Machine Learning for ECG analysis

In the hospital, ECG analysis is traditionally carried putfegsional cardiologists

who meticulously examimdectrocardiogram recordingfs the patientsThese

experts inspect the waveform patterns, durations, and intervals to identify potential
cardiac abnormalities. However, this process can fmtisuening and subject to
variations in interpretatiolloreover, in the context of tlelkslerly carplatform, it

Is unfeableto hire professionalgho continuoushanalyse the ECG @aif every

patient

In this subchapter, the applicatiorvif techniquess exploredo automate and
enhancethis analysis process, with the ultimate goal of assisting healthcare
professionals and improving the accuracy and efficiency of ECG interpretation.

The analysis of ECG using Méchniquesnvolves several stepach aghe
discovery of datasets the gathering of training data from patietitectly the
preprocessingf the gathered data, the extraction of features and the training of ML
models.The following subchapters describe how each one of the mentioned
concers is addresseaal the context of this elderly care platform.

5.2.1 Related work

The usage of Machine Learning to analyse ECG slaidied by many researchers
Experiences with different datasets, ML modelgrpcessing techniques and
feature extractiomethodsare carriedut to converge into an optimal solution
concerning ECG analysis and abnormalities detection.

Many studies use the welbwnMIT-BIH Arrhythmia Databag$é8]as the training
input for the ML modelghat aretested.The database consists48 halthour
recording$rom distinct subjectnd the recordingse labelled by professionals to
define what type of abnormality is pregestrveyof 20150n theclassification of
ECG signals using ML techniq{#3] presents sevetapes of researalsingthe
MIT-BIH database. 1fb0] the performance @upport VecteMachinefSVM)
and ANNsis comparedlhe author [51]proposea neural network that achieves
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over 90% accuradilso, in[52] neural networks are ugedest the performance
of heart arrhythmia detection.

Anotheranalogousurveyf 2018on ECG analysi®3]enumerateseareral studies

that use differemdIL models preprocessing and feature extraction techniques, and
datdbasesSome suggested modeld\maralNetworksthe KNN, SVMsBayesian
NetworksandDecisionTrees, among otheAlso,many dataasesrementioned

such as the MFBIH Arrhythmia Databas@8] and thePTB Diagnostic ECG
Databas¢b4] which are the most cited and used.

In a studyin 2020 researchers condada largescale study on ECG classification
usingDNNs with residual network architectis®] They gathered a very large
datasetepresenting more than 2.3 milli@ecordings of more than 1.6 million
peoplewith 18second long recordin§fs6] The goal was to achieam optimal

ECG classification capacity withanyfeature engineering and usindeh?l ECG

which means that the ECG recordings are fed raw to the neural network as input.
Their results consisted of met(mecision, recall and-Béorepf more than 90%

trying to predict 6 different types of ECG abnormalities.

In 2022, a study was propodedclassify ECQecordingsusing Explainable
Boosting Machind57] In opposition td55] the goal is tsolate every heartbeat
of the recordings and process with feature extraction for everysivent
calculations based on theand T waveand the QRS complex. As a resait
accuracy of over 95% was achiéwdle evaluation of heartbedise MIT-BIH
database was used as training and test data

5.2.2 Dataset discovery

The process of finding datasets, which act as training data for the ML models used
in ECG analysisnvolves exploring various datasets mentioned in literature and
utilized by related studies. In this regard, an incremental approach is adopted to
gather the datasets individually, one at altirttee context of this work, the goal

Is to gather datasets that have informadloout normal and abnormal heart
recordingsThe exact heart conditiaescriptionof abnormal recordings not

relevant athis development stad&ince this project handles onlgad IECG
devicethe dataset needs to have inftionaboutheECG recordingsf the given

lead

To this extenttwo criteria are defined to decide whether the found dadiaset
eligible or not to be usedhe first ihaving data about ECG recordinfsead |

and the second is havuhata that has been labelled by a professional in whether the
recording is normal or abnormal.

Althoughit isthe most frequently used dataset, the BAH Arrhythmia Database
Is not eligible for the sake of this stbdgause t doesndt contain
of leadl.

Tablel liststhe datasets that were discovaretiused in this project
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Tablel 0 List of datasets used in this projecECG analysis

Sample size  Frequencyn Totall;se'd Heart conditionf
Name Leads Quantity in
seconds (s) Hertz (Hz) secondss)
seconds (s)
CODE-15%: a largscale 382196 of Normal
annotated dataset of-12 10s 400Hz All 12 leads 993033
lead ECG$56] 610843 of Abnormal
A largescale 1-kead 0's ofNormal
electrocardiogram databa 10s 500Hz All 12 leads 451456
for arrhythmia studi8] 45145G of Abnormal
PTB Diagnostic ECG BetweerB2sanc .y, All12leads and: 553505 9280 Normal
DatabaSﬁél-] 120s Frank XYZ leads 46070 s oAbnormal
DeepFake
electrocardiograms using 250000 S o |
generative adversarial S dNorma
networks are the beginnir 10s 500Hz All 12 leads 25000G 0 s ofAbnormal
of the end for privacy
issues in medici46]
PTB-XL, a large publicly
available 10 500H All 12 lead 21799 71720 s oormal
electrocardiography datas S z eads 146270 s ohbnormal
[59]

29



Ruben Anténio de Jesus Marques

All gathered datasgtgart from CODE 15%nd DeepFakeweredownloaded

from PhysioNetvhich is a collection of openly accessible medical research data,
overseen by the MIT Laboratory for Computational Physiology in the United States
of America/60] As an exceptionhé DeepFake an@ODE 15%dataset were
downloaded frortheirindependentepositoiescreated byheirrespectivauthors

[46], [56]

The combinedecordingduration of the five datasets comprises a total of 1967820
seconds of ECG recordings. Among these recordings, 713190 seconds represent
normal recordings, while the remaining 1254630 seconds encompass abnormal
recordingsln other wordsthe normakecordings represent more or less 36 % of

all the recordings and the abnormal recordings represent moré68reshe
percentages reveal an imbalance in the final dataset intende&pit usmains
uncertain whether this class ilabee will pose an issuken training the models

later Therefore further analysien the imbalancépic will be conducted for
comparison purposasd it will be discussed whether it has or not an impact

5.2.3 Pre-processing

5.2.3.1 Dataset uniformization

There are some persistefarenatvariationsamong all downloaded datasétse
onesavailable in the PhysioNepositoryaresaved in th&/aveForm DataBase
(WFDB) format which can lbeadusingP hy si o Net 6 s WFDB1l]Sof t w
The DeepFakelataset istored insimpletext filesthat can be parsed without
complexityusing traditional file reading methad@stly the CODE 15% dataset is

stored inthe Hierarchical Data Format BYF5) file format which can be parsed

using the official HDFbbrary[62]

After parsing all five datasets arsd aa way ofeasingthe processing and
concatenationof the differat datasets, several steps of uniformizadien
performedTo them belong theownsampling into a common frequemsing the
Fourier transfornthe scalingof the signato a specific rangthe sigral cleaning
and filteringto remove noiseandthe extracon of featuresin the end, every
uniformized datasetstoredn homogeneouSommaSeparateValues (CS\iles

Figurel4illustrates how each step of uniformisation for all datasets is performed.
In the subsequent sectiorss,more detailed explanation is given about the
specificities of each uniformisation procedure.

The final CSV files are going to be made availadle
https://www.kaggle.com/datasets/a21270652Heacgdatarawandcalculated
features
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1a. TTDFS5 file read

CODE-15%: a large-scale

annotated dataset of 12-lead ECGs

1b. WFDB filc rcad

A large-scale 12-lead

clectrocardiogram databasc for arrhythmia study

1c. WFDB file rcad

PI'B Diagnostic ECG Database

1d. Simple file read

Deepliake clectrocardiograms

le. WFDB file read

PI'B-X1,, a large publicly
available electrocardiography dataset

Figurel4d Diagram explaining how the uniformisation for all datasets is perferotated with draw.io softw@B2]and Flaticonf33]

2. Extract only
lead T recordings

3. Downsample to
250 Hz using

Hourier transformation

4. Signal scaling using
MinMax and cleaning
using BioSPPY library

6. Convert to Pandas

5. I'cature extraction
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5.2.3.2 Downsampling

Due to limitationsin terms of processing powavailabilitya downsampling
procedures applied to all datasets. That way, the trainingdiitressmodels and

the amount of random access meni@AM) that is neededan be optimized

study demonstrates that ECG signals recorded above 1&thielze enough
accuracy tbe analysed3] Also,in a survepn ECG analysiseveral works are

cited where downsampling to 250 Hz was done due to computatiofaB]cost
Nevertheless, downsampling data to 250 Hz carries the risk of losing information
that is only detectalbde the original frequency. The datasets employed here span
frequencies from 400 Hz to 1000 Hz, implying that the downsampling process could
result in the loss of up to 75% of the data. While numerous studies affirm the
sufficiency of accuracy above 120iHg,imperative to consistently consider this
tradeoff and its impact on trenalysis of the resault

To this extenta threshold of 250 Hz is settled tioe commonfrequencyor all
datasetsTo downsample the datheoresampléfunction in thedsignab module

of the SciPy librang used[64] Thefunction downsamples the data using the
Fourier transform ntleod.

5.2.3.3 Signalscaling and cleaning

After converting all dagatsinto the same frequency baseline (250 tHe)ECG

signal needs to Bealed andeanedFirstly, the data needs to be scaled to a specific
rangesincethe signal amplitude may vary from individual to indiodoalise of

the distinct body morphology of every patient and the type of recording ECG device
that was usdd5] Factors like the bodyeightor smallunexpected motions of the
patientmay alter the amplitude of the signdilich can bias resulb] By using

the oMinMaxScalér classfrom the opreprocessiigmodulein the Sikit-learn

library, it is possibléo scale the signal ¢confinethe amplitudevithin therange of

[0;1].

The second step is to clean the sigsalgthe BioSPPylibrary [65] more
specifically théecg function from thedecg module.This function passes the
ECG signal through a filtdratremoves unwanted noise from it. It also detieets
R peakpresent inthe ECG sample which are useful latdrigthapter.

5.2.4 Feature extraction

In pursuit ofharvestings much valuable information from the datasets as possible,
some feature engineeringapplied to the prprocessed datdhere are several
possibleapproachesegarding several aspects of feature extradtefirst aspect

Is the time window, which can vagnirindividual heartbeeltunkgd57]to several
seconds or minutgs85] The second aspectvbethetthe feature vector represents
the raw ECG signal ocof-thebox or a set of calculated features based on the P,
QRS complex and T wavA$so, a combination of the tapproacheis possible.
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5.2.4.1 P, QRS compland T waves

The synchronousehaviour of the ECG curnpeoduce the characteristit QRS
complex and T wav€Bigurel?. Someworks[57] make use of thevaves to
calculate important featutkathelpdescrib¢he ECG curveRelevant featurean
bethe amplitude difference between tpposite peake.g. R and 9y the time
difference between two different peaksfeagd P, or R and T)

Sincethe downloaded dataset® organized in time windows of 10 seconds or
more,it is necessary to isolate the individual heartbehtietect the different P,

QRS complex and T wavé@® helpwith this,the functiorthatisused tdilter the

ECG signalfrom the BioSPPY moduls availedbecauset alsoretrieve the
locations of the different R peaks in the sidih@.R peak locations indicate the
presence of a new heartb&satsed on the R peaks, it is possible to detenther

P, Q, Sand T waves.dchieveit,the u n c t i el 0 fecanaheNeoroKit2

library is used to extract the remaining waves. It takes the inpuawfstgnal and

the previously retrieved R peak locations to detect the other remaining four peaks
(P,Q,SandT)

To this extenand inspired by a previous st{ff} the following calculatiorse
madefor all heartbeats:

a) R and S amplitude difference;

b) R and P time difference;

c) R and T time difference

d) time difference between two consecRiypeaks

When calculatgithe mentionefatures oa time windowvith multiple heartbeats,
each feature is calculated for each headbehé time windowand then the
arithmetianean is calculatémget an average value for each feature inside the time
window.

5.2.4.2 Creation of feature vectors

As a wayf testing thelifferent approaches tine windows&ndthe usage of raw
ECG signal data and/or calculated ECG wave fedfiueedifferent feature vectors
are definedThe goal is to test the different feataaors and seehich onevave
better perfomancewhen fedo ML models.

In Table2, the five methods to create the feature vectors are Mgtigabds 1, 2

and 3are based on a-$6cond time windgwhereMethod 1 only contains the raw
ECG dataMethod 2 contains the raw ECG data and the respective calculated
feature®of the time windovandMethod 3only contains the calculated features for
the time window. Methods 4 and 5 are based on individual heantierakéethod

4 has the raw signal of the heartbeat with its calculated featiiethaadd only
contains thealculated features.
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In this context, a feature can denote either a specific ECG value at a particular time

point or acalculate@talue based on the P, QRS, and T waves. For instance, with the

ECG recording frequency set at 250 Hz-setbnd recording yields 2500 values.

Consequently, Method 1 comprises 2500 features, each representing an ECG value

within that 18second intervaMethod 2 includes the 2500 raw ECG values along

with 4 feature calculations derived from the waves. Method 3 solely considers the 4

feature calculans. Similar reasoning applies to methods 4 and 5, but with the

distinction that only one individual heartbeat is consitstedd of a X8econd
recordingresulting in fewer raw features.

Table2 8 List of thefive feature vector creation methods

Name Time Raw ECG Calculated Number of feature
window data ECG features for training
10 second
Method 1  (multiple Yes No 2500featurs
heartbeats (raw ECG only)
10 second 2504features
Method 2 (multiple Yes Yes (2500 raw ECGeatures
heartbeats and4 calculated feature
10 second 4 calculated
Method 3  (multiple No Yes
features
heartbeats
. 153 features
Individual
Method 4 heartbeat Yes Yes (150 raw ECGreatures
and3 calculatetkatures)
Method 5 Individual N Yes 3 calculated
heartbeat features

5.2.5 Model training

In the quest foexploring the differemtvailabléiL modelghat could be used for
ECG classificatiomn empical approach is drivém compare the different types
of models systematicaynce the gathered dsts contain only two distinct labels,
namely onor mal 6 and Orathatis analsdd@ansists bfe
binary classificatioiihe goal is teonductacombinatory analysis where each ML
model is tested with eafdature vectoin Table2. Furthemore, to complete the
analysiseach model and feature vector is tesitdbalanced and unbalanced data
to assess how the imbalance of the training dataset affects performance
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Three traditional modetsetested, such dbe RandomForest classifiethe k-
NearesNeighbourglassifieandthe ExplanableBoostingMachine.

The Random Fores employed in several studogsECG classification with the
MIT-BIH databasevhere it achieveamn accuracy of over 950563], [66] Other
studies employ the KNN for ECG classification purposes using th8IMIT
database achieving sensitivity and specificity of ovgs30¥%6 7]Also, he usage
of EBMs is inspired by an analogous study where thBIMIdatabase is used for
training and an accuracy of over 95% is achieved.

To diversify the approadchreeDNNs areemployed antksted, with one based on
residual units with convolutional layarsl the other twoonly containing
convolutional layers without residual uifiit first DNN is inspired by the study
from Minas Geraisnentioned beford55] where a DNNis created using
convolutional layers and residual ulmtghe previous studyheéNeuralNetwork
performed well in diagnosing six heart conditions with precision, recall and
specificity of over 85%, 90% and 95% respectively. However, the neural network is
built for a 12ead ECG input recorded at 400 Hz for 10 seconds. Also, the output
layers are set to classify six different classes. For this study, small modéreations
made to adapt tHeNN to lead | ECGdownsampled at 250 Hz and lanary
classification of normal and abnormal conditions.

The second neural networkspired by the previous one with fewer layers and less
complexity. The goal is to try to create a simpler DNN that is not as resource
consuming in terms of training and predicting time as the okignaal Gerais
DNN. By also using convolutional layers like in the original DNN combined with
dropout and maximum pooling layers to avoid overfitting, aréagtarizedeural
network is developed. However, the adaptations result in@tftialdere the faster
training times glhtly compromise the ovemaktrics

The third neural network is the same as the second neural rmetiwerthout
regul ari zati on. | rayeocsttohaeord owerbttingl as a way bf h a
testing the effects of those layers

Table3 summarizes which classifiers are submitted to test in this study.
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Table3 0 List of classifiers submitted to test in this study

Classifier name Type Description

Traditional Random Forest classifiel

Random Forest model with all defaulparameters

Traditional KNN classifier with all

KNN model default parameters

Traditional EBM classifier with all

EBM model default parameters

NeuralNetwork repurposel
from another studyp5] The
Minas Gerais Neural architecture igresented in
Neural Network  Network  AppendixD. The original
Python code can be found
[55]

A simplified version of the
Minas Gerais Neural
Neural Network without residual
Network  units The architecturand
Python codarepresented it
AppendixE.

Exploratory Neura
Networkwith
Regularization

Exploratory Neural Networ
without overfitcombatting
Neural layergDropout and
Network MaxPooling)The
architecturand Python cod
arepresented in Appendix

Exploratory Neura
Networkwithout
Regularization

5.2.5.1 Trainingand testingenvironment

In this studyPython[68]is used with the Jupyter Notebook environnjg@ito
pre-process the datasets, generate the feature \arudmreate antrain theML
models.

The ORandomForestClassifierod cl-laasns fr o
library is used to represent the Random Bdi#§tTh e O KNei ghbor s Cl
class from the o0nei gdarb ibrary & dsediordpuekeat i n
the kNearest Neighboyr0] The OExpl ai nabl eBoostingCl
0glassboxo6 module in the | n[i8gFRomptmeet ML

creation of the neural networtkee TensorFlow library is udéd]
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To the extenbf homogenizinghetraining and testing environment for all models
and feature vect@ombinations, several procedaesdondo avoidbiases from
different training and testing instances.

Firstly, the random seed set to ararbitrary valuef 42 in the Python and
TensorFlow environmentélso, the same value passedas the random state
argument for reading the dataaet$ executintipe splitting of the training and test
data Additionallywhenexecuting the trainingpe random state of 42 is also passed
as an argument.

Thesplitting of the train and test data is set to aab80% and 20%espectively.
Exceptiomly, to train the neural networks, an adddl split of 10% of the training
data is made for the validation data.

In terms of hyperparameteai, nodelsreinitialized with their default values
no hyperparameter tuniaggrid search analyssonducted.

In addition, all testing combinations of ML models and feature seater
performed using a balanced and unbalanced versiondatdbket as input. That

way, it is possible to compare the impact of balancing the dataset or not. It can be
notorious since more abnormal ECG samples than normal ones are available.

5.2.6 Results and discussion

In this study, mitiple ML models undergan evaluation processconjunction

with various feature extraction techniques to ascertain the most suitable choice for
this projectThe evaluated results consist of predictions on test instances that were
not encountered during model training, ensuring that the models' eventual high
performance is not attributed to overfittimgraining dataAdditionally, amanalysis

Is conducted to determine the impatthe performancef utilizing a balanced
dataset versuan unbalanced one. In totality, 60 test instances are conducted,
encompassing eddh model combined with each feature extraction method, along
with the consideration of a balanced or unbalanced dagasendixB and
Appendix C contain performance charts for each conducted test, facilitating
straightforward comparisons between individual models and feature extraction
methods. This is achieved through two distinct types of comparison charts. Within
AppendixB, comparisons are made between individual feature extraction methods
within a specifidlL model. Conversely, in Appen@ixcomparisons are drawn
between individudL models using a specific feature extraction method.

To evaluate the influence of dataset balance, all charts are dupiiczdet
balancing scenari®his duplication allows visual examination of tests conducted
with both balanced and unbalanced datasets.

The followingsections aim thighlight the main responses obtained by the results
from the testsAll observations are based on the charts that are available in the
appendies (AppendiB and C)
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5.2.6.1 Class balance

The datasatsed to feed the ML models in this analysis suffers from class imbalance
since approximaf 36%o0f the instances represent normal recordings and 64%
repreent abnormal recordings. Machine Learning, the issue of class imbalance
presents a persistent challenge for clas§figrsendering them susceptible to
overfitting on the prevalent claslso, when a dataset is unbalanced, the sole usage
of the accuracy metric magt reflect the reality of all classes which can be
misleading. In those cases, it is important to also analyse precision and recall.

Through empirical comparison of all test instances #weassiousML models

and feature extraction methods, the findings indicate that balancing the dataset does
not seem to yield a noticeable enhancement in the overall ingirozdly, when
confronted with unbalanced datasets, the acasraitgn higherwith a greater
disparity between precision and recall. Nevertheless, in this scenario, thefaccuracy
the unbalanced datasetpasses that of the balanced dataset test, while concurrently
demongtating elevated precision and recall metrics.

Henceforth, considering the superior performance exhibited by the original and
unbalanced training dataset compared to the balanced version, all subsequent
observationaredirected towaskthe unbalanced datategts

5.2.6.2 Performanceof the classifiers

Due to the extensive volume of results obtained in this study, it is impractical to
present them all within a tableable 4 provides a concise summary of key
comparative findings. While there may be additional noteworthy results, we have
prioritized discussion of the most significant scores to maintain analyticahearity.
extendedesuls findings with all scores can be found in the amesnaamely
Appendix B and Appendix C.
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Table4 6 Summary okeycomparativeesultunbalanced dataset only)

Feature
Model extraction Accuracy Precision Recall F1-score
method

Method 1 74 % 72 % 95 % 82 %
Random Fores Method 3 71 % 77 % 78 % 77 %
Method 4 79 % 83 % 86 % 84 %

Method1 65 % 68 % 86 % 76 %
KNN Method 3 68 % 75 % 76 % 75 %
Method4 72 % 80 % 78 % 79 %

Method1 74 % 75 % 88 % 81 %
EBM
Method 3 72 % 79 % 78 % 78 %

Method1 80 % 87 % 82 % 84 %

Minas Gerais
Neural Network

Method4d 82 % 78 % 97 % 86 %

Method3 71 % 77 % 79 % 78 %

Exploratory Method1 80 % 87 % 80 % 83 %

Neural Network
with
Regularization pethod 4 76 % 80 % 85 % 82 %

Method3 65 % 68 % 86 % 76 %

Exploratory Method1 75% 78 % 84 % 81 %

Neural Network
without

Regularization Methodda 79% 83% 86% 84 %

Method3 71 % 77 % 77 % 77 %

5.2.6.2.1 Traditional model® LISNF 2 NXI y OS

The traditionaRandom Forest and KNBassifiershow the worst performance
among all testespecially when submittedhe feature extraction methods of raw
ECG inputs(Method 1) Theiraccuracy peaks between 70% and AS%ever,
the two classifiers show high recall of 95% and 84% respetiarebnalysing raw
ECG, but subsequently also have a high precision-dffidé 72% and 68%
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respectivelylhe onlyexception isvhenthe previouswo classifiers are submitted
to the heartbeat features and raw sige#ahod(Method 4) where theachieve
higher accuracy of 79% af2%0 and an F4core of 84% and 7946th an optimal
balance between precision and recall. Imitisod they evemompete with the
other tested classifiers in terms of performance.

The EBM classifieshares similar performance with the Random Forest and the
KNN classifiersvith smalimprovemerdg among all the metridSor examplein

raw ECG input (Method 1), the EBM achiareaccuracy of 74% with and€bre

of 81% while assurindpetter precision and rechhlance than the other two
classifiers Unfortunately, due tanexpectedechnical encountershe EBM
classifier could not be traingith the input offeature extraction methods 4 and 5.
To this extefy no results are available for this case andmments can be drawn

on them

5.2.6.2.2 DeepNeural Networks

The trainedDNNs exhibitgood performance, particularly when exposed to raw
ECG input(likeMethod 1) in contrast to the performancdtudtraditionaimodels

in this scenarid’ he adapted Minas Gerais Neural Network attains an accuracy of
80%, along with precision, recall, anesdete values of 87%, 82%, and 84%
respectively. Similarly, the Exploratory Neural Network demonstrates comparable
results, achieving accuracy, poegisecall, and Fdcore of 80%, 87%, 80%, and
83% respectively. Converselg,uthregularizedersion of the Exploratory Neural
Network, without overfitcombatting layernske Dropout or MaxPoolingyields
scores of 75%, 78%, 84%, and 81% respecikiesdy.it is possible to concluate

first glanceéhat neural networks exhibit greater proficiency in uncovering concealed
patterns withimaw ECG data compared tmaditionalmodels.Moreover,it is
observable that the oveddtmbatting laysrappliedo theregularize@&xploratory

Neural Networkead to a marginmhprovemenin its overall performance scores.

On the other handhe performance of neural netwagplied to featurenly input
methoddike Method3 and Method Bropssignificantly. For example, in this case,
the Exploratory\Neural Network reaches accuracy, precision, recall-aoor €& bf
65%, 68%, 86% and 76% respectividig. other two DNNs follow the same
tendencyn terms of performance degradation

Analogously to the traditional methods, when submitted tedntbeat features
and raw signal method (Methgdthe three neural networks perform well too
For exampldhe Exploratory Neural Networkacheaccuracy, precision, recall
and Fiscore of76%, 80%, 85% and 82% respectivgbwever in the
unregularizedgersion of the Exploratory Neural Network where no overfit
combatting layers exighe performanceoncludes to be higher than the
previous one witecores o¥9%, 83%, 86% and 84%&spectiely.
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5.2.6.3 Featureextraction methodsperformance

This analysis revealsticeablevariations in the performance of the five
feature extraction methods contingent upon the model employed for their
training. Specifically, within the context of neural networks, tHgpeaw
methods(Method 1 and Method 2khibit superior performance, as earlier
mentioned. Conversely, feature extraction methods inclined towards feature
engineering, such as Method 3 and Method 5, tebe tmetterwhen
implemented with traditionsllL. models. Notably, feature extractiegthod

4, encompassing both individual heartbeat features and the raw heartbeat data,
attains commendable performance across all classifier types, encompassing
both traditional models and neural networks.

5.2.6.4 Finalobservations

This analysipermitsus to understand which ML models work best with which
feature extraction methods. Although no universal answer can bef dvhieh is

the best classifier tire besteature extraction methadisstill possible t@hoose

the best classifier depending on the needs and problem restrictions. As an example,
the Neural Networks in generalemonstrate here that they are capable of
uncovering the hidden patterns of ECG and peuitié satisfactory classification
performanceNonethelesiNeuralNetworksalsohave the disadvantage of having
low interpretability when compared to more traditional clashifeets theivast
hidden layers structurdhis may be problematic when dealing with medical
informationwherethere is a need to interpret how a given classifier hasataived
certaindecisionTo this extent, thasage of the featuretxction methodhat is
based on heartbeat features @wd heartbeat data (Methodrddy be a more
favaurable choice since the traditional methods such as Randonpfewessto

be capable ahakinggood predictions. This way, it is possibleave a reasonable
performance and still maint#ue high interpretability of the models.

Another importantobservation is the fact that none of the trained classifiers
achieve the scores of other related studmsntioned previousl{s0], [52]
However, most of those studies haveornmmon the fact that they use only one
dataset, namely the MBIH Arrhythmia[48] Despite its widespread adoption in
stateof-the-art research, this dataset is marked by certain limitations. These include
the absence tdad Irecordings and its constraisedpeconfined to data collected

from only 48 distinct patients. The dataset's relatively modest size could be a
contributing factor enablitige utilizedtlassifiers to promptly discern ECG patterns

and achieve higher scorks contrast, our study revolves around an extensive
datasetombinedirom five distinct sources in thesitd@ture. The composition of

this dataset potentially introduces heightened complexity to the underlying data
patterns. This complexity arises from the inclusion of hundreds of thousands of
recordings encompassing diverse demograpdileslogieand recording devices.
Despitethis diversity, the dataset uniformly empiegs las the recording lead,
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thereby fostering consistency in our analj/seseforethe classifiers used in this
study may not be firtaned enougho the vast training datasetachieve more
optimal performancesmilar to other studies.

To concludehis discussion, it rsoteworthyto mentionthe good performance
exhibited by the Minas Gerais Neural Network in ECG classification. In the original
study [34], the authors engineerdlaralNetwork capable of classifyingldad

ECG recordings. The training dataset comprised a substantial cghidoticadhy

the researchers themselves. For our study, the same neural network is repurposed,
adapted to solely procésad Irecordings and operate at a lower frequency of 250
Hz. Remarkably, despite being trained with significantly fewer instances than the
original configuration and without the presence of data from the other 11 leads, it
attains an accuracy of 80%. Further, it achieves precision, recakcane ¥dlues

of 87%, 82%, and 84% respectively, when compared to the original study's metrics
of 92%, 93%, and 93% for precision, recall, aisddie respectivelowever, it's
noteworthy that the Minas Gerais Neural Network used in this study possesses the
drawback of demanding substantial computational resources. In contrast, the more
simplereguarizedExploratory Neural Network, derived from the architecture of

the original Minas Gerais Neural Network, achieves remarkably similar outcomes
while significantly reducing both training and prediction times. This adaptation
proves particularly suitable foe tbT-oriented nature of this project, where energy
efficiency constitutes a pivotal consideration.
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6 MOTION ANALYSIS

In this projectthe concept of motioanalysisefers to the study and analysis of
body movements exhibited by a patient. By examining how a patient moves, valuable
insights can be gained regarding their physical condition and activity levels. This
information serves as a complementary source toalysisof ECG data. The
analysis of motion helps determine whether a patient is at rest or in motion, allowing
the detection obptimal moments to record ECG readings without interference
from human movementurthermore, motion analysis provides a broader
understanding of the patient's overall physical activity, shedding light on factors such
as walking frequency, prolonged periods of rest, and patterns of motion. By delving
into the idea of motioanalysisa more comprehensive view of the patient's level of
activity can be attaohe

This projectnakesise of a smartphone as the primary source for motion data, given
the absence of viable alternatsueh as dedicated sensors or defacédss praof

of conceptHoweverusingthe smartphone prowedpracticality and accessibility in
capturingdiversemotion data.The widespread availability and builsensors
facilitate reliable and convenient data acquisition.

6.1 Motion sensors

Accelerometer and gyroscope sensors play a fundamental role in capturing and
measuring the concept of motion or movenfditionallythe GPS permits the

precise geolocalization of an objecthattackng ofits movemenilhese sensors

are integrated into devices such as smartphones, fitness trackers, and wearable
technologies, allowing for precise monitoring and analysyaiovements.

By utilising the data from the accelerometer and gyroscope sensors, the motion and
movement can be quantified and analysed in a precise and objective manner. These
sensors serve as essential tools for capturing, recording, and interpreting the intricate
dynamics of human motion, enabling applications in various fields such as sports
performance analysis, rehabilitation monitoring, and activity tracking for overall
health and welieing.

6.1.1 Accelerometer

The accelerometer sensor measures the acceleration forces acting on an object or
device in three axes: X, Y, and Z. It detects changes in velocity, enabling the
measurement of linear motion, such as walking, running, or even the slightest tilts
or jolts. B analysing the data from the accelerometer, the intensity, duration, and
frequency of movements can be determined, providing valuable insights into the
level of activity and physical exertion.
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6.1.2 Gyroscope

On the other hand, the gyroscope sensor measures the rotational or angular velocity
of an object or device around its three: a&e¢ and Z It tracks the orientation and
angular changes, allowing for the detection of rotations, twists, or turns in the body's
movement. The gyroscope sensor provides information on the direction, speed, and
angular changes of motion, enhancing the understahdioighplex movements

and capturing nuances in physical activities.

6.1.3 GPS

The GPSis a vital technology that contributes to the understanding of spatial
positioning and movement. By leveraging a network of satellites, GPS receivers can
accurately determine their precise location on Earth. The GPS measures the time it
takes for signalso travel from multiple satellites to the receiver, enabling
triangulation and calculation of the receiver's coordinates. With the help of GPS,
movements, trajectories, and distances travelled can be tracked, facilitating
navigation, mapping, andgationbased applications.

6.2 Machine Learning for motion analysis

Theanalysis of motion data can present significant complexities when approached
through traditional conditional logmethods. The multidimensionality of motion

data, characterized by the involvement of multiple sensors and the abundance of
variables associated with each sensor, introduces intricacies that can be difficult to
navigate using conventional analytical agpFeaTlhe volume and diversity of data
generated by these sensoesin®re advanced techniques, sudilaalgorithms,

to effectively uncoveatterns, relationships, and insights within the intricate fabric

of motion dataAnalogously to ECG analysis, usidganced methodologies, the
challenges posed by the complexity of motioncdatde overcomand its full

potential for meaningful analysis and interpretediofe unlocked

In this subchapter, the application of ML techniques is explored to automate and
enhancehe analysis procese$ motion dataas a way of complementithg ECG
analysis and thueforming when the best time is to execute +i@seECG
recordings

The analysis @notion dataising ML techniques involves several steps such as the
gathering of motion datthe preprocessing of the gathered data, the extraction of
features and the training of different ML models. The following subchapters
describe how each one of the mentioned concerns is addressed in the context of this
elderly care platform.
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6.2.1 Related work

The usage of Machine Learning to anatysion data is studied by many
researchersespecially using commpravailable devices like smartphones or
smartwatchesExperiences with different datasets, ML modelgreeessing
technigues and feature extraction modes are carried out to converge into an optimal
solution concerninipe recognitiorof different activity types and movemeriss

concept is often referred tokisman Activity Recognition

An inclusive overview of HAR utilizing smartphone sensors encompasses the latest
advancements in thield [73] The survey encompasses a variety of datasets,
characterized by the sampling frequency (e.g., 20 Hz, 100 Hz,&0Danz the

body location where the sensors are situated (e.g., waist, pants poeke}, arm
Moreover, the context in which the datasets are collected can range from controlled
laboratory settings to natural outdoor environments or home sEttmtigstmore,

some feature extraction mechanisms are proposedcsime windowingf the

data, the calculation of statistical featur calculation of the orientation
independentmagnitude features and further Deep Learningmethods for
dimensionality reductiolm. terms of ML models, the survey enumeth&eblaive
BayesDecision Tree Random ForestSVMs, KNN andariouseural networks.

A study from 202fbcuse®n the creation of jpublicly available HAR datasem

19 subjectsusing smartphone sensors for several activities: driving, walking, active
and inactivg74] Also, an SVMmodelis put to the test for its classification
capabilities on the created datd$et.accuracy andBtore pealit 70% and 75%
respectively.

Another analgous studyests the performance of the Random Fokd$N and
SVM modes by classifying 6 different activitifsa publicly available dataset
walking, walking upstairs, walking downss#trsg, standing and lyiffidnemodels
achieve an accuracy of 96%, 93% and 93% respedtivélQ different features
[75]

6.2.2 Dataset creation

In pursuit ofcreating m ML modelto predict the activity type of the patient, data
has to be gatheredanually or from publicly available datasetsthE@ake of
simplicity of this proof of conceptonly three different types of activity are
considered: inactive, active and walldfsp, the data is manually gathered and
labelledhrough an Android smartphone applicatiwat is built for thgpurpose

All recordings are performedthg authorexecuting daily activities.

Table5 describesach activity that is recorded:
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Table5 0 Description of each recorded activity

Activity/ Label Description

Recorded hen lying quietly in be

Inactive or sitting quietly on a chair
Recorded when performing
Active everyday tasks at home (e.g.

washing the dishes, cooking, go
from one room to another, etc.’

Recorded when performinglking
Walking for longer periods outside of the
home(e.g., walkgthe dog

Each activity is recordéar 15 minutes at a frequency of 50wtere data from
the accelerometer, gyroscope and GPS are gailmerechartphone is haltside
the pants pocket of the rigleglin the portrait position pointing upwarésch
distinct activity data is sawe@n independent CSV file for further analysis

Table6 describes the data timftetched from each sensor:
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Table6 6 Description of the variables that were gathered from each sensor

Sensor type Variable Description Unit of measur
X Acceleration force along the »
axis (including gravity6]
Acceleration force along the m/s?
Acceleromete Y ceelera |Ior(;_ orce alohd ) (meters per seconc
axis (including gravity6] squared)
= Acceleration force along the :
axis (including gravityn6]
X Rate of rotation around theaxis
[76]
Rate of rotation around theyis rad/s
Gyroscope Y _
[76] (radian per second
- Rate of rotation around theaxis
[76]
The peed aagiven time m/s
Speed :
P instanceg /7] (meters per seconc
GPS Estimated horizontal accurac
AcCUrac radius in meters of this locatior %
Y the 68th percentile confidenc  (percentage)
level[77]

6.2.3 Pre-processing and feature extraction

The gatherenhotion data is not subjected to eelgvanpre-processing techniques
However,the data is subjected to some feature extraction techikguese
windowingstatistical calculations aheé measurement tfe angular velocity of
the sensors.

6.2.3.1 Time window

At a frequency a?0 Hz,a value from each sensor variable is obtained every 50
millisecondddoweveraminimum range of 3 seconds is ne¢oladalyse the data

and recognize human activities like wakBjcAlso, some studies use a fixed-2.56
secondwindow and get accurate enough re$uBE [75] A previous survey
indicates thahe time window should reside between 2 and 5 s¢¢8ilnist the
besttime window size is still debated in literature
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In this analysis, fixed Ssecondime window length is set to partition thetion
data.For 15 minutes of activity recording, it results8i sliding windows of 5
seconds.

6.2.3.2 Calculated features

The accelerometer and gyroscope sensors can provide information about
gravitationalacceleratioand angular velocity respectivEhe three X, Y and Z

axes values of each sensor can be reducedltolated magnitude vallnat can
beobtainedyy the following formula:

magnitude=w ® Q.

The magnitude of a signal is a feature therected from mutdimensional sensor
data and is independent of orientaf¢8} For each time windquwhe arithmetic
mean of the magnitude fach sensor is calculatsthg the following formula:

mean of the magnituedthin a time window (5 seconds)=

n = number of sliding windows

The GPS can provide information about the geographical attiveyatient with

the speed and accuraeyiablesThe speethforms how fast a person is moving
which can facilitate the detection of prolonged walking activities. The accuracy
informs how accurate angkliable the GPS signal is which can help detect if
someone is inside a building or Rot. each sliding window, thethmeticnean

of the speed anatccuracy variables are calculated.

6.2.3.3 Feature vector

In Table7, the four Batures that are used to feed the ML classifiers are listed. Each
featureepresents a time window of 5 seconds

Table7 o List of features used to feed the ML classifiers

Feature Sensor

Acceleration force

Magnitude Mean Accelerometer

Angular velocity

Magnitude Mean Gyroscope

Speed Mean
GPS
Accuracy Mean
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6.2.4 Model training

The Random Forest classifier is employed to evaluate the predictive abilities of
inactive, active, and walking activities. Its recurrent mentions in lifé&amnd

proven efficacy in comparable stufiié$underscore the significance of assessing
the Random Forest's potential.

In pursuit of findinghe besiRandom Forest parametrization for trainengrid
search approach is conductediszover thényperparameter combination that is
more optimizedor this studyThe grid search combination of hyperparameters is
the following:

a) Number of estimators: 100, 200 and 300
b) Maximum depthdefault 5 and 10
¢) Minimum samples spi, 5, 10

The grid searcbonsists o combinatory analysis of all parameters as af way
finding the most performant combinatidiso, 16fold crossvalidation is applied
to evaluate the performance of different data splits during the grichsabsibk.
6.2.4.1 Training and testing environment

In this analysis, Python [32] is used with the Jupyter Notebook environment [33] to
process the datasets, generate the feature vectooadunct the grid search

To create the Random Forest clasdifitre & ®@ir kniot | [7/Blr ary i s

To the extent of homogenizing the training and testing environment for all models
and feature vector combinatiotig same procedures as in the ECG analgsis
done to avoid biases from different training and testing instances.

Firstly, the random seed is set to an arbitrary value of 42 im Rygbothe same

value is used to pass ass the random state argument for reading the datasets anc
executing the splitting of the training and test data. Additionally, when executing the
training, the random state of 42 is also passed as an argument.

The splitting of the train and test data is set to a raldd©&nd30% respectively.

6.2.5 Results and discussion

Theconductedyrid search results in a Random Forest classgifienaccuracy of

95 %, precision, recall anddebre of 96%Il he scores can be visualizedigure

15 This result concludes the capabilities of the Random Forest classifier in
predictng the activities dctive, inactive and walkifidpe hyperparametettsat
permitted the achievement of those scores are:

a) Number of estimators: 1,00
b) Maximum depth: default
c) Minimum samples split: 2
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W Accuracy Precision Recall Fl-score
100%
90% 96% | 96% 96%
80%
70%
60%
50%
40%
30%
20%
10%

0%

Figurel59d Performance metrics of the Random Forest classifier

The elevated accurafyd5 %signifies that the classifier accurately predicted nearly
every instance within the test set across all activity categories. Nevertheless, it's
important to note that relying solely on accuracy can be misleading, as the classifier
might excel in certaialdels while not performing as effectively in athers

The further interpretation of the precision and recall szio®&s%permitsusto
conclude that the classifErssesses a low false posrate as well adaw false
negative rateA low false psitive rate means that when the model predicts a
particular activityt isvery likely that it is accurate. On the other haody talse
negative ratmeans that the modepioficient in identifyingll instances of a given
activity.To putit all together, the Fdcore is the harmonic mean of the precision
and recalbrovides insight into the model's ability to maintain equilibrium between
correct positive classifications and minimizing false negatives and false positives.

The confusion matrix depictedrigurel6 provides a visual representation of the
performance within each specific class
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Figurel60 Confusion matrief the predicted labels of inactive, active and walking activities.

The analysiseveals that the "inactive" label demonstrates the most accurate
predictions, as the classifier consistently performs without errors in this case. The
"active" class is occasionally misclassified once as "inactive" and five times as
"walking." This occumee can be attributed to the positioning of the "active" label
between the other two categories in terms of motion intensity. While it possesses
more energy than "inactive," it falls short of theurvigssociated with "walking."
Variations in body moventeamplitude during "active" instances could lead to
confusion with the amplitude typical of "walking." Lastly, the "walking" activity
encounters only two instances of confusion with the "active" label. This can be
rationalized when considering instancesemalking steps occur at a slower pace

than usual, resulting in reduced speeds that might not distinctly resemble typical
walking patterns.

In conclusion, employing the Random Forest as the HAR classifier proves to be a
sound selection for thiBC Nonetheless, some margin for enhancement remains

in certain areas. Enhancing data collection in terms of both quantity and
demographic diversity could introduce intricate patterns to the classifier, bolstering
its generalizabiligincethe data collection of only one personthis caseamight

suggest potential overfittindhe validation using othelevices such as
smartwatches or dedicated I0T sensors, could fhedpeto create more variety in
terms of data sourcesdditionally, refining the featuextraction process offers
potential for improvement, including exploring novel feature calculations and the
incorporation of supplementary sensors to augment existing data
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7 IMPLEMENTATION OF THE ELDERLY CARE PLATFORM

The evolution of the present@drk encompasses two discrete stages. The primary
stage entails the creation of ML models dedicated to classifying ECG and motion
data. Subsequently, the secondary stage involves the implementation of software
modules that embody the elderly care platfortowtd by the integration of the
trained ML modules into the said platfoimthis chapter, we will delve into the

scope of the proof of concepo(® that will be developed as part of this internship
project. It is ess&al to acknowledge that thevisageglatform has vast potential

and encompasses numerous possibilities for future expansion and development.
However, for this internship, specific limitatamessebn the scope of the project

to focus on the creation of a wadfined proof of concept.

7.1 Scope of the proof of concept

Given the limited duration and resources of this internship, it becomes impractical
to tackle the entire expanse of the platform. Ingteafibcus must be pragmatically
narrowedo specific aspects, making the development of a proof of concept feasible
within the given timeframe.

The RC followsfour principles, with them being feasibility, clarity, validation, and
future developmentThese principles shaplee PC, ensuring achievability,
precision, and viability. Successful implementation ofo@evil also lay the
groundwork for the platform's growth and evolution.

a) Feasibility: By concentrating on a specific segment of the plétédPoC
remains achievable within the allotted time and resources.

b) Clarity: A weltlefined scope enables to menanhcef clarity and precision
throughout the development process, ensuring a clear understanding of the
goals and objectives.

c) Validation: The proof of conceicts as a validation mechanism to
demonstrate the viability and effectiveness of the selected features or
functionalitiedor further development of newer ones

d) Future Development: The successful implementation of this limited scope
can pave the way for future expansion, guiding the platform's growth and
evolution.

7.1.1 Features

The proof of concept is based on a limited set of features, but the vision is to expand
with more functionalities in the futufée list of features is outlined as follows
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ECG AnalysidF1) Gather data from &ad |ECG senso and use Machine
Learningo analyz&CG normality.

Motion AnalysigF2) Collect motion data via Android smartphone sersa's
analyze the type of activity being perforinethe patient

Sensor Simulation (FBpility to simulate physical sensors for testing purposes.

Orchestrato(F4): A software module to coordinate and manage all sensors and data
analysis.

SimplifiedGUI (E5) A user interface twisualize the implemented features for
demonstration purposes

Centralized communication over MQTT (A@)communication between software
components (sensors, Orchestra&df|, etc.) is managed by a centralized MQTT
broker using the publish and subscribe paradigm.

7.1.2 Requirements

As a way of tracking awmdlidating the individual functionalitiéee features of the
PoC are split into several individual requirentieatare outlined ihable8:

Table8 0 List of requirements

ID Requirement Description

Creation of several M Several ML models shall be created for |
models  for  ECC analysis with different types of classifier:

FLR1 analysis different types of feature extraction mett
Random Forest for the sake of comparison purpoSdse
Neural Networks classifiers must predict whether an E
KNNs and EBMs recording imormalor abnormal.

A fixed pipeline mudbe defined to pre
procesgshe ECG data before analy3isis
includes downsampling, filtering of
signal and feature extraction

Creation of a pre
F1-R2 processing pipelirfer
ECG before analysis

Integration  of & The physicallbad ECGensodevicdrom
physical dead ECG the VitalSigns vendshould be integrate
sensoffrom VitalSign: into the system to be ufeddemonstratior
[79] purposes.

F1-R3

The ECG sensor should record the date
10 secondsnd should only send the data
analysisif the 10second recordings
performed with success.

The ECGdatashould
F1-R4 be recordedsing time
windows of 10 secont
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Independently of thephysicald e v |
The ECG data shoul default frequency, the data should be
besentfor analysiata over the networkt a 250 Hirequency fo
frequency of 250 Hz further analysis as a way of saving band
usage

F2-R1

F2-R2

F2-R3

F2-R4

F2-R5

Creation of an ML An ML model musbe created to recei
model for motion motion data as input and classifyaittevity
analysisising Randor that is being performed by the patidifie
Forests activities arenactiveactiveandwalking

Creation of a pre

processing pipeline f A fixed pipeline must be definedextract
motion data befor features froomotion datdbefore analysis.
analysis

Creation of an Androi An Android application is needed to ga
application to gathe motion data for the sake of this proof
data from the concept. The application shall gather

accelerometer, about the 3 axes of the gyroscope
gyroscope and GF accelerometer, and the speed and acc
sensors provided by the GPS sensor.

The frequency of the motion recording s
be 20 Hz only due to bandwic
optimization andeviceenergy savings.

Recording of motiol
data at 20 Hz

The time window o Motion data shall be gathered for 5 sec
motion data should k and then sent for analysis if theebond
5 seconds recording is successful.

F3-R1

F3-R2

It shall be possible to simuléte sending
of ECG data for testing purposébe data
Simulation of ECC must representealistic or pregatherec
data ECG recordingdn other words, it shoul
be possible to test the E@8ated module
without a physical ECG sensor.

It shall be possible to simulate the sen
of motion data for testing purposes. -
data must represent realistipregatherec
motion recording$n other words, it shoul
be possible to test the motimlated
modules without a physical motion sel
or smartphone.

Simulation of motiol
data
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F4-R1

F3-R3

The analysis of ¢ :
sensor data shall To the extent of separation of concerns

erformed b al Orchestrator museceive the data from
P Y sensors (ECG, motion, etand execute th
independent softwa : .
tasks of prgrocessing the data, extrac

module, name _
Orchestrator featureand feeding to the ML models.

An Assessocomponent consistd a piece
of software thatinalyses a certain type
data(ECG, motion, etc.)For example, &
Assessor for ECG analysis only takes c:
incoming ECG dataand its respectiv
analysis, discarding therefore any othel
type from other sensors. Thisncept of
OAssessordé i s i mpi
of concerns and guarantees
expandability of the system facoming
new types of sensors

Inside the
Orchestrator, th
analysis of sensor d:
must be divided int
individual anc
independent softwa
modules name
0 As s e, 29.B0Gs
Assessor, Motio
Assessor, etc.

F4-R2

The orchestrator shé All predictions from the classifiers or res
publish the outcome ¢ from any kind of analysis shall be publi
the ML classifier over MQTT as a way of being visible
(ECG and motion)  other softwarenodules.

F5-R1

F5-R2

F5R3

The GUI should hav The charts should plot the values that
information about th« retrieved from the sensors or their calcul
sensors in the form ( features when applicable. Each sens:
charts for motion dat datatype should have itglistinct separai
and ECG data chart.

It should be possible 1 The GUI should have graphical elem
change the classifi that permit the selection of the differ
that is being tested fi kinds of ML models an@ature extractio
the ECG analysis modes for the ECG data analysis.

The predictions of the ML classifiers
results of any other analysis shoulc
displayed in the GUI. It can consist
simple labels that update according tc
predictions made by the classifiers.

The GUI shall displa
the output of the
motion and ECG dat
analysis.

55



Ruben Anténio de Jesus Marques

All recorded sens( The sensor data must be published
data (ECG, motior MQTT so that it can be analysed by
etc.) must be publishc Orchestrator and used by the GUI
over MQTT visualization.

F6-R1

All  software  modules  must
parametrizable with configuration fifest
example, he Orchestrator must &
configurable in terms of MQTT host a
port, which assessors to load, MQTT to
to subscribdo, etc. Analogously, for ti
sensors, it should be possible to define
MQTT host, port and topics, the record
frequency, time window size, etc.

Every software modu
must
MISC parameterizable
-R1 through configuratiol
files for eas
manipulation

7.2 Materials and Methods

7.2.1 Python

Python[68]is choselas the core programming languagkeveloghis FOC due to

its high compatibility with 10T, Machine Learning, APIs, libraries, and more. Its
versatility allows seamless integration of 0T devicdsneealonitoring, and data
collection. The robust support for Machine Learning ereddgsintegration of
intelligent algorithms for personalized care. Python's extensive APIs facilitate
efficient communication with external services, enhancing the platform's capabilities
for elderly care.

The platform's core, including the Orchestrator and its Assessor subcomponents,
relies entirelyroPython Additionally, it serves as the primary tool for developing
sensor software modules that encapsulate physical sewmsdhgir lowevel
communications over BLdétich ashe ECG sensor

7.2.2 Vue.s

Vue.js is selected for the GUI of the presermvé€dd@ie to its adaptability, seamless
integration with various services and Aflsh as MQTT and rich plugin
ecosystem. Its support for sersiele rendering and progressive web application
development ensures optimal performance. With Vue.js, the platform can efficiently
connect with external systems, enhancing functionalities for elderly care.

The future development of the platform is already planned to incorporate Vue.js as
a crucial element, leading towards a more final and complete solution.
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7.2.3 Android Studio

To overcome the absence of motion devices with accelespgytesscos and

GPS sensors, an Android Studio applicaideveloped. This temporary solution
enables data collection from a standard smartphone, providing essential motion data
for the implementation of thiso. However, he inclusion of the Android
application for motion data (or other types of data) in the system's fatilre is
uncertain.

7.2.4 MQTT

MQTT [31]is chosen for the platform due tolightweight and efficient nature,
making it ideal for seamless communication between components. Its publish
subscribe pattern ensures-tiea¢ data exchange from various sensors, such as
ECG and motion sensors. With support for Quality of ServiceNé@dl$,ensures
reliable and scalable message delivery, crucial for maintaining data integrity.

Its low bandwidth and resource requirements align well with the platidrm's
naure andiocus on efficiencgnd expandability to new incoming types of sensors
and functionalities

7.2.4.1 EMQ X

EMQ X is a highly versatile and scalable-epercamplementation of aMQTT
broker that facilitates efficient communication and data exchange between
deviceslin this project, it is used as MOTT broker of the platform.

7.2.5 Software d esign patterns

By incorporating design patterns into this elderly o@reaRobust foundation is
established for future development, especially when integrating new sensors and
functionalities. The implementation of design patterns enhances code
maintainability and facilitates seamless expansion, ensuring a solid base for the
project's advancement. The curremdC Pencompasses various software
components, such as the Orchestrator, Assessors, and sensor drivers, exemplifying
the utilization of design patterns to ensureztital expandability and smooth
integration of additional features and sen&birpaternsused in this projectre
inspiredoy the 0Dive Into Design Pattera®ook[80]

Factory method: This design pattern is ideal for the Orchestrator's core in the
elderly care platform as it separates the concern of cAsatisgor objects. This
allows for easy integration of newer Assessor types in the future, while the
Orchestrator can focus solely on starting and stopping Assessors without the need
to create each one individually. This enhances flexibility and mditytamgie
systemAlso, it permitshe handing of diverse ML models for the ECGAssessor
without the burden of loading models from various technologies and parameters.
This enhances flexibility and modularity, allowing seamless adaptation to different
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ML models for ECG assessment without impacting the ECGAssessor's
responsibilities.

Adapter: The adapter pattern is essential for encapsulating MQTT communication
and lowlevel sensor interactions tinis FOC. It allows the core to remain
independent of specific hardware or technologies, facilitating easy changes without
disrupting the system. This promotes flexibility, adaptability, and maintainability,
making the platform more resilient to future advancsraedtupdates.

Singletort The singleton patternbeneficialor MQTT, logging, and other objects

in the platform that must exist only onca ertain module like the Orchestrator

or sensor drivert ensures data integrity, resource efficiency, and centralized access,
preventing conflicts and promoting a coherent and efficient system.

Template method: This pattern is vital for the elderly care platform as it defines a
fixed algorithm structure with customizable steps by subclasses. This promotes code
reusability, maintainability, and adaptability, ensuring a consistent yet flexible
approach to algorithm exgion.lIt is very useful to implement the sitioh of

sensor datandsystematic and agnostic message parsing and treatment in MQTT

On top of the usage of the mentioned design patterrsinttemental rules and
principles of objedatriented programming were appiredll parts of the software.

7.3 General System Architecture

Thissulchaptempresentshe system architecture that undenfiadoreseen proof

of conceptThe focal point of this architecturen®QTT broker, which assumes

a central role in orchestrating communication between loT senbsdes/icesnd

the Orchestratomodule. The ensuing sections expound on the intricacies of the
architecture, delineate the functions of distinct components, and elucidate the
orchestrator's role in data analysis and sensor control, facilitated by the Assessors
and Controllersnodulesin Figurel7, the general architecture diagram is illustrated
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Figurel7d General architecture diagram. Produstrddraw.io softwarg82]andFlaticons
[33]

59



Ruben Anténio de Jesus Marques

7.3.1 Central MQTT Broker

The MQTT broker serves as a pivotal communication bridge between modules in
the PoC. To facilitate seamless data exchange, five distinct topics have been
established, each designated for specific purposes.

ECG Data: This topic is dedicated to transmitting raw ECG data collected from the
ECG sensor. It enables the transfer of unprocessed ECG readings for further
analysis.

ECG AssessmentThe ECG Assessment topic is employed to disseminate the
outcomes of the ECG data analysis performed by the ECGAssessor module. This
entails the results generatedhieyML models which determine whether the ECG
readings indicate a normal or abnormal cardiac pattern.

Motion Data: Within the system, the Motion Data topic is utilized for transmitting
raw motion data sourced frahe accelerometer, gyroscope, and GPS sensors.

Motion Assessment The Motion Assessment topic serves as the medium for
publishing the evaluations of motion data conducted by the MotionAssessor module
which indicatethe patient's physical activity status, classifying them as walking,
active, or inactive.

ECG Control Finally, the ECG Control topic plays a critical role in communicating
the control state of the ECG sensor. This involves determining whetG€Ghe
sensor should be actively transmitting data or ceasing its data transmission
temporarily because of mon detection

In this manner, the MQTT broker effectively orchestrates communication through
these welllefined topics, ensuring the efficient functioning ofd8ealAd enabling

data analysis, assessment, and control of pertinent sensor infdforgtenmore,

the system msasily expansilile newer topict acceptlata from newensorshat

may integrate tredderly carplatform in the future

7.3.2 The Orchestrator module

The Orchestrator module serves as the pivotal component responsible for
overseeing and managing the epiltéorm in terms of data collection and analysis

As the central cognitive entity, it analyses data from sensorsdiswcamg
decisions, and exercises control over various system compoti@stsbC, two
Assessorand oneControllerare implementetb analyse ECG and motion data.
Indeed, the Orchestrator remains open to the possibility of incorporating additional
Assessors and Controllers in the future, thereby accommodating the integration of
new sensors and devices as they become available.

7.3.2.1 Assessors

Prominent elements within tBechestrator module are the specialised components
known as "Assessors." Each Assessor fulfils a critical function by evaluating specific
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facets of the data and producing salient metrics or assessments. Tailored to focus on
distinct domains, such as environmental monitoring, performance evaluation, or
anomaly detection, these Assessors contribute decisively to the comprehensive
system analgsMore specifically, in thi®@, the focus lies othe ECGAssessor

and MotionAssessor.

ECGAssessar This Assessois responsible for gathering ECG daten the
respectiveensoover MQTTand subjecting it tdL techniques, aiming to predict
whether the recorded data exhibits a normal or abnormal pattern. Subsequently, it
disseminates the assessment to other modules within the system.

MotionAssessor This Assessor is responsible for gathering motiofratatéhe
accelerometer, gyroscope and GPS semgarsMIQTT and subjecting to ML
techniquesaiming to predict the kind of activityerted by the patient (inactive,
active and walkingdubsequently, it disseminates the assessment to other modules
within the system.

7.3.2.2 Controllers

Moreover, thérchestrator encompasses "Controllers” that play a central role in
effectuating decisions and controlling actuators ateai€es based on the insights
furnished by the Assessors. Malleable to dynamic circumstances, these Controllers
enact corrective measures, trigger actions, and optimise system perfortinance.
context of this BC, only a specific Controller is developedantrol the ECG

sensor device.

ECGMotionController: This Controllerhas the objective ofmanaging the
recording state of the ECG sensor. It ubes informationprovided by the
MotionAssessdp detect the activity type of the patientasitvates or deactivates
the ECG sensor accordindlne goal is to record ECG only when the patient is at
restso thatonlynoisefree recordingare analysed

7.3.3 10T sensors and devices

This layer hosts an array of 10T sensors and devices with the primary function of
collecting and transmitting diverse data, including heart and -relstied
information. For this®C, the system employs specific sensors, namely a heart ECG
sensor and three motion sensors. Nevertheless, the system retains adaptability for
future integrations.

Heart ECG sensor. This sensor captures time series data concerning the heart's
electrical activity. The acquired data is propagated via MQTT to the ECG data topic,
where it undergoesdepth analysis by the ECGAssessor module. Additionally, the
ECG sensor responds to amands from the ECGMotionController, enabling data
recording activation or deactivation to conserve energy and facilitabeeanoise
recording®ased on the physical activity of the patient
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Motion sensors Represented by the accelerometer, gyroscope, and GPS, these
sensors are instrumental in recording the patient's physical status, discerning whether
they are at rest or in motion. Analogous to the ECG sensor, the motion data is
transmitted via MQTT to tha@esignated motion data topacbe further analysed

by theMotionAssessor

7.4 ECG recording and analysis workflow

The ECG recording and analysis workflow initiates within the heart sensor module.
It commences by continuously capturing ECG data until a compdetohf time

window is filled. This data is subsequently disseminated over MQTT through the
designated EC@ata topic. The transmitted message is automatically directed to the
ECGAssessor housed within the Orchestrator, as it is subscribed to the
corresponding topic. Following this, the ECGAssessor engages in a series of pre
processing techniques outlined éB6G analysishapter Once the data has been
suitably prgorocessed, it undergoes analysis by the ML models. The results yielded
by these models are then published to the ECG assessment topic, rendering them
accessible to other software modules for further utilization.

Figurel8portrays the workflow of ECG recording and analysis, elucidating-the step
by-step process throughdiagram
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Figurel89d ECG recording and analysis workflow diagPaoduced with draw.io softwB2]

and Flaticong33]

7.5 Motion recording and analysis workflow

The motion recording and analysis workflow originates within the motion sensor
module, encompassing the accelerometer, gyroscope, and GPS components. This
process commences by continuously capturing motion data until a comprehensive
5-second time frame agtained. Subsequently, this data is disseminated via MQTT
through the designated motion data topic. The transmitted message seamlessly
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reaches the MotionAssessor component residing within the Orchestrator, facilitated
by its subscription to the corresponding topailowing this initial step, the
MotionAssessor undertakes a sequence-pfaressing techniques outlined in the
Motion analysishapter. Once the data has undergone suitahieopessing, it
undergoes analysis by dedicMédmodels. The outcomes derived from these
models are subsequently published to the motion assessment topic, effectively
making them accessible to other software modules for further application and
utilization.

Figurel9 portrays the workflow ohotionrecording and analysis, elucidating the
stepby-step process througlil@gram
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7.6 ECG control workflow

assessmentnto the

The ECG control workflow is initiated by capturing motion data through the motion
sensors. Upon collecting -aézond duration of motion data, it is transmitted via
MQTT to the designated motion data topic. The MotionAssessor, as elaborated in
the precedim subchapter, evaluates this motion data and subsequently publishes its
respective  MQTT topic. The ECGMotionController
component, subscribed to the motion assessment topic, responds dynamically to
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each new motion assessment. When an assessment indicates inactivity, the
ECGMotionController dispatches an "on" message to the ECG control topic.
Conversely, in the case of activity, an "off" message is dispatched. Ultimately, this
information is harnessby the ECG sensor to govern the activation or deactivation

of recording accordingly.

Figure20 portrays the workflow & CG cont r ol based,on tF

elucidating the stdprstep process througtldagram
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Figure2008 ECG control workflow diagrarRroduced with draw.io softw§B@]and Flaticons
[33]

6a. [BEBIE CG recording

7.7 Dashboard

The development of a dashboard with graphical capabilities for monitoring patients
is of paramount importance, given that the primary objective of this elderly care
solution is to assist and monitor the elderly. The dashboard's key functionality should
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encompass the visualization of all interconnected sensors and their corresponding
analysis provided by the Orchestrator components.

In this FC, a simplified dashboard has been defined to facilitate interaction with
the currently developed components. Nevertheless, its architecture has already been
designed to seamlessly accommodate the integratiordataéypes in the future.

Access to the system's information is facilitated through MQTT, following a similar
approach as with the other modules.

Within this simplified dashboard, two distinct view components have been
implemented, each with a specific focus on presenting particular types of data. One
component is dedicated to displaying ECG data along with their corresponding
analysis, while thehetr component showcases motion information alongside their
respective analysifie contents inside each component vary from charts, text labels
and any kind oFisual component that helps to visualize the Hagare21l
showcases how the GUI interacts with the syktengh MQTT:
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Figure22depictshow the GUI shows the information about ECG and motion data
that is being recorded and thiegpective assessments.
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8 CONCLUSIONS AND FUTURE WORK

In this project the creation of an loT platform tailored to address the healthcare
needs of elderly individuadsstudiedDue to the vastnesd functionalities and
features that are possiblarttegratento the overall system, a sceglesed proof

of concept igstablishedy focusing on the development of a proof of conitept,

Is possible tovalidate the applicability and viabilitytrad system through the
implementation and testingeofixed subset ddinctionalitiesThis approach all@wv

us to lay a foundational framework for a comprehensive healthcare solution that
integrates IoT technology, advanced data analysis, -éintere@nitoring.

The ECG analysis employing ML techniques demonstrates the feasibility of
constructing classifiers for evaluating ECG recording normality, aligning with prior
research in literature. Nevertheless, substantial room for enhancement persists.
Mainly, despite the vastness ofubedtraining datasets, their quality and variety
could be improvedy partnering with a cardiolog@ttrying to find new sources

of ECG daa,it would be possible &xpedite outlier identification and elimination

or evenassess theuth of the labelsesulting in a more refined dataset mirroring
reatlworld conditionsMoreover, to extract more nuanced insights from the ECG
data, a deeper exploration of feature extraction methddde beneficiddespite
achieving satisfactory results in this study, the performance isestdugbt to be

used in medical context$loreover, hyperparameter tunimpgrmits the
performance enhancemeot both trained neural networks and traditional
classifiersUnfortunately the constrained computational resources in this study
precluded the execution of hyperparameter tuning techniques like gridnskearch
therefore didnodot per mit the achi eveme
Nonetheless, considering the satisfactory performance of the trained classifiers, the
potential for enhancement is evident. Systematically exploringe divers
hyperparameters holds the promise of refining the models' capacity to precisely
discern among different ECG recordings, thus elevating the accuracy of our
evaluations.

The motion analysis undertaken in this studgttasedromising resultsith an
accuracyf 95% hrough the implementation of the Random Forest classifier. This
outcome underscores the classifier's potential to effectivelygaeeliat motion
basedctivitiesuch as inactive, active, and walking. However, dabéserveals
areas for further development and refinenéetdataset employed in this analysis
encompagsl5minute activity recordings authooatly by theauthor of the study
and proves to beenough for optimal resultslevertheless, the dataset's limited
scope presentsxpansion opportunitiesTo enhance the generalizability and
robustness of the classifier,effort to gatherdata from diverse sources, devices,
and user demographics is imperafilsn, the integration of datasets available in
theliterature could be bera#il if undergone througdprocess of homogenisation
to be compatible with the motion data structure in this prBjeatcorporating
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data from various devices and capturing a broader demographic spectrum, the
classifier's ability to accurately predict activities across different scenarios can be
significantly improve&urthermorethe variety of activity prediction carilbéher
expandedWhile the current model adeptly differentiates between inactive, active,
and walking states, its scope can be broadened by introducing a more comprehensive
array of activitiesuch as fall detectig@enong other3 his expansion could further

helpas e s s t he piaténsitghmoughaut thee dagnd helptdegtect more
situations of danger like falls.

8.1 Future work

While this study successfully demonstrated the feasibility of empMadying
techniques for ECG analysis, further improvements are possible to enable more
comprehensive cardiac headigsessment. Instead of merely classifying ECG
recordings as normal or abnormal, future work could focus on developing classifiers
capable of identifying specific types of heart conditions. Collaborating with
cardiologists and acquiring heglality and derse ECG datasets would allow for
refining the classifier's accuracy and relialigitionally, the integration of an
intelligent prelassification module directly within the ECG sensor unit is a
promising direction. By implementing a preliminasifcdaton step on the sensor

itself, only abnormal recordings would be transmitted to the central orchestrator for
in-depth analysis. This approach minimizes data transmission overhead and
optimizes the allocation of computational resoutsgmnding the ECG sensor
capabilities by incorporating midad ECG recordings is crucial for more accurate
cardiac evaluations. The integration of advanced ECG sensors with multiple leads
will enable a comprehensive assessment of cardiac activiggngnharsysim's

ability to detect and classify various heart anomaliesther enhance the motion
analysis capabilities of the system, exploring more complex activities, particularly fall
detection, presents a valuable direction for future work. Developing and integrating
algorithms that can accurately identify fall @based on motion data would greatly
improve patient safety and emergency response.

Moreover, fansitioning from the current Android application to dedicated loT
sensors optimized for motion analysis is recommended. These specialized sensors
would provide higher accuracy,-tea¢ monitoring, and better compatibility with

the broader 10T frameworkThis change would facilitate continuous and
unobtrusive monitoring of elderly individuals' activities, contributing to their overall
weltbeing.

Lastly, he modular nature of the developed software and feature extraction methods
allows for seamless integration of additional health senslorasSp0O2, blood
pressure, and respiratory rate monitors. By incorporating a wider range of health
data, the system can provide a more holistic view of an individudisngell
enabling more comprehensive health assessments and interFemti@rsiore,
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extending the system's capabilities beyond healthcare to endomp@ssievices

and sensorss a natural progression. Integrating sensors for environmental
monitoring, presence detection, gas and fire detection, and lighting control would
empower the system to not only ensure medical safety but also enhance the overall
living conditions and sety of elderly individuals.

In conclusion, the proof of concept presented in this study lays a solid foundation
for the development of a comprehensivelda3ed healthcare solution tailored to

the needs of elderly individuals. The future work outlined here highlights the
potential fo refining and expanding the system's capabilities, enhancing its accuracy,
reliability, and usability. By further developing the ECG and motion analysis
components, incorporating advanced sensors, and expanding into the realm of
domotics, the proposed ®m has the potential to revolutionize elderly care,
promoting both health and quality of life.

73



Ruben Anténio de Jesus Marques

REFERENCES

[1] O6Agei ngo. Accessed: A Wwgailable: 0 8 ,
https://www.who.int/healthtopics/ageing#tab=tab_1

[2] D. J. Aekanth Suhas G. and Til 1l
Technol ogi es I n He al t h dHamag\utom&ion Sy st
Interaction: Mobile Compdtiagd R. FL.. P. and T. M. M. Duffy Vincent G.

and Ziefle, Ed., Cham: Springer International Publishing, 202858p dé8
10.1007/978-031107887_3.

[8] 061 S-EI&stituto Superior de Engenharia de Coimbra | Instituto
Pol it ®cni coAcassed: Aag. B8ilh 20RZD [Online]. Available:
https://www.isec.pt/PT/Default.aspx

[4] O Kirepod. Accessed: Aug. 31,
https://kirepo.lu/
[5] S. B. Baker, W. Xiang, and | . At

Heal t hcar e: Technol ogi e tEEE ACdessbl.l enge
5, pp. 2652126544, Nov. 2017, doi: 10.1109/ACCESS.2017.2775180.

[6] J. |l . Abe, | . O. |l gagwu, and oth
Domotic Engineeringo, 2023, Accesse
https://www.academia.edu/download/98260557/Internet_of things I0Ts
Based Domotic_Engineering.pdf

[7] 6What are Message Brokers? | | BMZ@

Available: https://www.ibm.com/topics/messdgekers
[8] A. Lazi di s, K. Tsakos, O6Sabsalbe E . G

approaches for the l1oT and the cloud: Functional and performance evaluation
of opens our c e Istgrrett of hengsl, 19, p. 100538, 2022, doi:
https://doi.org/10.1016/j.i0t.2022.100538.

9] 6 A Brief History of AI 6. Accesse
https://aitopics.org/misc/briethistory

[10] S.E.Haupetal. 6 The Hi story and Practi c
Sc i e Bul Ams Neteorol,S0ot. 103, no. 5, pp. E13&1.370, 2022, doi:
https://doi.org/10.1175/BAMSD-20-0234.1.

[11] A. L. Samuel, O6Some Studies in M
Ch ec kieM 3 ®es Devol. 3, no. 3, pp. 24229, Jul. 1959, doi:
10.1147/rd.33.0210.

[12] J . Bel |, 0 Wh at Mashinemaarnng anel thé €itg:r n
Applications in Architecture and Urbanppesf§8216, May 2022, doi:
10.1007/978-319183053_1/COVER.

74



[oT Platform for Personal Healthcare of Elderly People

[13] & C@- Artificial Intelligence Tools and Platforms for GIS | GIS&T
Body of Knowl edgeo. Accessed: Oct
https://gistbok.ucgis.org/bckopics/2023quarterOl1/artificiatintelligence
toolsandplatformsgis

[14] 6 Machine Learning model training
[Online]. Available: https://www.langton.cloud/macHe®ningmodel
trainingovertime/

[15] R. Caruana and A. Niculeddw z i | , OAn Empirical
Supervised Lea Pmoeefdlggs @t thg 28nd interhatrosiad Confeéremc
on Machine Leatningi n | CML 0 06. New Yor k, N
Computing Machinery, 2006, pp.difB. d0|. 10.1145/1143844.1143865.

[16] L . Brei man, dVach hehrovoh 45; oor le spH32,0 |,
2001, doi: 10.1023/A:1010933404324.

[17] P. Cunni ngham -Meardst Neighbalr. Clagsiéidrsazndy , C
Edition (wit hAGWGompotrsumel. 64, nopd, Aps 2020,
doi: 10.1145/3459665.

[18] H. Nori, S. Jenkins, P. Koch, anct
Framewor k for Machi ne Learning | nt
Available: http://arxiv.org/abs/1909.09223

[19] D. Jakhar and | . Kaur , OArti fici

deep |l earning: d e €lin Bxp Darnmgatelsl. 43 nodl1, di f f
pp. 138132, Jan. 2020, doi: 10.1111/CED.14029.

[20] OAr ti fi ci al -TNeeNeurom Blogst Supevidata&cence

| Machine Learning | Al | Data Sci
Accessed: Oct. 19, 2023. [Online]. Available:
https://www.superdatascience.com/blogs/artifinliralnetworksthe

neuron

[21] A. K. Jain, J. Mao, and K. M. Mo |
t ut oGompater@Long Beach @aliB9, no. 3, pp. 344, Mar. 1996, doi:
10.1109/2.485891.

[22] Wi ki pedi a cont r i biu Wikipedia, The Free p I
Encycl opedi ad. 2023. [ Onl i
https://en.wikipedia.org/w/index.php?title=Deep_learning&oldid=1173423

104

[23] A. Géron, Hand®n machine learning with-L&arkit Keras, and

TensorFlow 6 OO6 Rei Il 'y Medi a, |l nc. 0, 2022
[24] Wi ki pedia contri but off 8ikipedaR€wei du a
Free Encycl opedi ad. 2023.

https://en.wikipedia.org/w/index.php?titte=Residual_neural_network&oldi
d=1164824154

75



Ruben Anténio de Jesus Marques

[25] S. V. St ehman, 60Sel ecting and i
cl assi fi c aRemoterSena Enswaln 62, g. &,,pp. 339, Oct.
1997, doi: 10.1016/S063257(97)0008B.

26 D. M. W. Powers, OEval uaRadtoota: Fr
ROC, | nf or medness, Mar kedness & Cor
https://api.semanticscholar.org/CorpusiD:55767944

[271 6 Confusion Matrix Generator 0. A C
Available: https://www.damianoperri.it/public/confusionMatrix/

[28] Wi ki pedia contri but ofir WikipediaAThe ur ac
Free Encycl opedi ad. 2023.
https://en.wikipedia.org/w/index.php?titte=Accuracy_and_precision&oldid
=1170544823

[29] Wi ki pedi a contr i buft Wikigedia, ®hE Freec i s i
Encycl opedi ao. 2023. [ Onl i
https://en.wikipedia.org/w/index.php?title=Precision_and_recall&oldid=11
63655774

[30] Wi ki pedi a c escotte riti bWIikipedias ,The &fee
Encycl opedi2ds. [Online]. Available:
https://en.wikipedia.org/w/index.php?title=$core&oldid=1171586319

[31] O MQTT Ver Accessed: ul. 260 2023. [Online]. Available:
https://docs.oaskpen.org/mqtt/mqtt/v5.0/mqgtev5.0.html

[32] 6draw. i o0. Accessed: Avadable: 01 ,
https://www.drawio.com/

[33] 6Vector l conPNG&NnNd SB8G| c ELISS PSD
Accessed: Aug. 01, 2023. [Online]. Available: https://www.flaticon.com/

[34] A. J. Per ez, F . Siddiqui, S. Zea
systems to enable independence for

Internet of Thingsvol. 21, p. 100653, Apr. 2023, doi:
10.1016/J.10T.2022.100653.

[35] S. Y. Y. Tun, S. Madani an, and
applications for el d@gngClyn Exp Beek 33, a r e
no. 4, pp. 85867, Apr. 2021, doi: 10.1007/S4682001545
9/TABLES/A4.

[36] R. Das, A. Tuna, S. Demirel, and
Internet of Things Solutions for the Elderly and Disabled: Applications,
Prospect s, dmedhaticdddl ddurhat of gCerspater Networks And

Applicationgol. 4, no. 3, p. 1, Jun. 2017, doi: 10.22247/ijcna/2017/49023.

[37] N. M. L-pez, S. Ponce, D. Piccin
Hospital to Home Care: Creating a Domotic Environment for Elderly and

76



[oT Platform for Personal Healthcare of Elderly People

Di sabl e dEEP uwspvoled no. 3, pp. 381, May 2016, doi:
10.1109/MPUL.2016.2539105.

[38] S. Pinto, J. CaioareaAnotbaseddheakh caré&so me
system f or FRrdcekdings of the IEEEpriteenational Conference
Industrial Technplogypp. 13781383, Apr. 2017, doi:
10.1109/ICIT.2017.7915565.

[39] H. Suzukiet al. 6 An Up d@vereSgstenivdging lan 10T
Devi ce, for El der |y PRrozgeding201B 3rdi n g
International Conference on System Reliability and Safefyp.|CERI 2018
Apr. 2019, doi: 10.1109/ICSRS.2018.8688843.

[40] B. D. Chung Hua, H. Fahmi, L. Yuhao, C. C. Kiong, and A. Harun,

Ol nternet of Things (1 OT)Intetdadional t or i
Conference on Intelligent and Advanced System, NoWMS2@088 doi:
10.1109/ICIAS.2018.8540567.

[41] A. Azizan, N. M. Din, D. R. M. Dzaki, A. D. I. A. Kadir, and N. Shafie,

Ol mpl ement at i o +ased fEldedynCaré bieklth Glbndanirdy

Da s h b odwnrintednational Conference on Smart Sensors and Applica
Digitalization for SocietalBéiatj, ICSSA 202@p. 156154, 2022, doi:
10.1109/ICSSA54161.2022.9870939.

[42] P. Ar a¥j o and R. Sal vado, O Smar
domoti cs, heal th care and i1 nfor mat.

[43] S.Poncetal. 6 Wear able sensors and dom
peopl ENMBE Pioaeedingpringer Verlag, 2019, pp. dI®. doi:
10.1007/978811090233_35.

[44] P. S. Sundar am, N . Baskesensorand N
f or ECG mlatarnationat Joutngl @f,Advanced Technology and Enginee
Exploratigmvol. 8, pp. 249801, Aug. 2019, Accessed: Aug. 16, 2023. [Online].
Available:
https://www.researchgate.net/publication/331331285 Smart_clothes with_
bio-sensors_for ECG_monitoring

[45] S. and | . P. A. Dupre Anthony a
Recordi ngs, a nHhndbookokQaniaceAhatoiny, Physidlogy, iand
DeviceB. A. laizzo, Ed., Totowa, NJ: Humana Press, 2005, §p01.9doi:
10.1007/978-592598359 15.

[46] V. Thambawit@tal O0 DeepFake el ectrocardi
adversarial networks are the beginning of the end for privacy issues in
me d i &ci Regrd. 11, no. 1, ppog, 2021.

[47] Wi ki pedia contri bufi dikipedia, he Freect r o
Encycl opedi ad. 2023. [ Onl i

77



Ruben Anténio de Jesus Marques

https://en.wikipedia.org/w/index.php?title=Electrocardiography&oldid=11
53483880

[48] G. B. Moody and R. G. MBIHK | 0T
Arr hyt hmi dEEDENgiredriagsneMedicine and Biology Mdgazine
20, no. 3, pp. 450, May 2001, doi: 10.1109/51.932724.

[49] S. H. Jambuki a, V. K. Dabhi, and
ECG signals using machi n20l5lineemational n g
Conference on Advances in Computer Engineering aMhARILEtipps
7145721. doi: 10.1109/ICACEA.2015.7164783.

[50] M. Moavenian and H. Khorrami, O0A
Neural Networks and Support Vector Machines in ECG arrhythmias
cl as s i Expec &ysti Appioh 37, no. 4, pp. 3@®93, 2010, doi:
https://doi.org/10.1016/j.eswa.2009.09.021.

[51] V. S. R. Kumar i and P. R. Kumar ,
i mproved mul til ayer prgernatienpl t Jouonal ofn e u
Electronics, Communication & Instrumentation Engineering Research and De\
(IJECIERD) vol. 3, no. 4, pp. @30, 2013, Accessed: Jul. 04, 2023. [Online].
Available:

https://d1wqtxts1xzle7.cloudfront.net/32156629/8. Electronics__

_IJECIERD -CARDIAC - VSR_Kumari-_Fult
libre.pdf?1391533094=&responeatent
disposition=inline%3B+filename%3D@ac_ArrhythmiaPrediction_Usin
g_Impr.pdf&Expires=1688466625&Signature=TXdEcsqBkRsNgweeyAJ
P61SmaPgYvvY SjvLzkDObAcsqT9kFALS5NgEYbwBYYSZax
uiDK76QE1nB3~YVzcvFi
zU9yz9rg~UKzzgqgorw4JotKGqgellKkndd15mA~AcCTgEM2soN7LIDsEh2
NgvO5jN~Ts5gygBb3Nz4E1mtith6 WyvAMp4mtMKysYqgMIZzAPtivGAG
Y8dQOKLOIixJTekF3S1fi~ujguC6el8Sei2nVk48t3Johue9vyNVmQYuea~4l
-HaavOnvUE~lutduHIQTObFjlI7R~gq0Co6kyAUYi
gMQTIlkaUJEpNV~ghW53XP3cOFy4nhYUIS89Bukf86w__ &Raiy
|d=APKAJLOHF5GGSLRBV4ZA

[52] D. Patr a, M. Das, and S. Pradha
Neur al Net wor ks For Cl asl8B8ENGiInt &t i on
Comput Saiol. 36, Jul. 2009, Accessed: Jul. 04, 2023. [Online]. Available:
https://www.researchgate.net/publication/26843936 Integration Of Fcm
Pca_And_Neural_Networks_For_Classification_Of Ecg_Arrhythmias

[53] S. Kaplan Berkaya, A. K. Uysal, E. Sora Gunal, S. Ergin, S. Gunal, and
M. B. Gul mezogl u, 0 Bionwd Signa Krocess Colirel G
vol. 43, pp. 213235, 2018, doi: https://doi.org/10.1016/].bspc.2018.03.003.

[54] R. Bousseljot, D. Kreisel er, ano
Signal datenbank CARDI ODAT der PTB ¢

78



[oT Platform for Personal Healthcare of Elderly People

Jul. 05, 2023. [Online]. Available: https://www.deepdyve.conylp/de
gruyter/nutzunegderekgsignaldatenbardardiodatlerptb-berdas
internetuemKpjlFzM

[55] A.H.Ribeircetal. 06 Aut omat i ¢ -ldad B@QGnusirggias o f
deep neur aNat Conentuwad. r1k,6no. 1, Dec. 2020, doi:
10.1038/s4146020154324.

[56] A.H.Ribeiretal. 6 CIB%E large scale annotated dataset of 12
|l ead ECGs0O6, Jun. 2021, doi : 10. 5281

[57] L. Xiaolin, W. Qingyuan, R. C. Panicker, B. Cardiff, and D. John,
0Binary ECG Classification Using E»x
Edge De 202229tk IEEE Intemational Conference on Electronics, Circu
and Systems (ICECS) 2022, pp. . doi:
10.1109/ICECS202256217.2022.9970834.

[58] J. Zhenget al. 0 Opt i-Btage AriMyihimia i Classification
Ap pr oSicRepso). 10, no. 1, p. 2898, 2020, doi: 10.1038/s40P898
598217.

[59] P.Wagnestal. 06-FLTaBarge publicly available electrocardiography
d at &si®dtabol. 7, no. 1, p. 154, 2020, doi: 10.1038/s41BBI4956.

[60] A. L. Goldbergeeta. 6 Physi oBank, Physi oTo:«
Circulatipn vol. 101, no. 23, pp. ed&320, 2000, doi
10.1161/01.CIR.101.23.e215.

[61] Physi oNet, OWFDB Software Package
06, 2023. [Online]. Available:
https://archive.physionet.org/physiotools/wfdb.shtmi

[62] The HDF Group, OHi erarchical Dat
Group, 2023. Accessed: Jul. 06, 2023. [Online]. Available:
https://www.hdfgroup.org/HDF5/

[63] E. Aj daraga and M. Gusev, 0Anal
resol ution i BO17ER&lGTelscorgnmuaidate® Forum (TELFOR)
2017, pp.d4. doi: 10.1109/TELFOR.2017.8249438.

[64] P. Virtaneretal. 6 Sci Py 1. 0: Fundament al
Computing Nabh Mebhgds/dl. olid, Opp. 26272, 2020, doi:
10.1038/s415921906862.

[65] C. Carreiras, A. Alves, A. Lourenco, F. Caneto, H. Silva, and A. Fred,
0Bi oSPPy: Bi osi gnal Processing in |
[Online]. Available: https://github.com/P#&roup/BioSPPy/

[66] R.J. Martis, U. R. Acharya, H. Prasad, C. K. Chua, C. M. Lim, and J.
S. Sur i, OApplication of hi gher Q

79



Ruben Anténio de Jesus Marques

c | a s s i Hiomed&ignaldrodess CanBpho. 6, pp. 88800, 2013, doi:
https://doi.org/10.1016/j.bspc.2013.08.008.

[67] Y. Kut | u and D . -stag€ uantoreatic parrhythin@  mu
recognition andCompuaBosNedli4t, act 1, gpnd37 sy st
45, 2011, doi: https://doi.org/10.1016/j.compbiomed.2010.11.003.

[68] G. Van Rossum and F. L. Drakthon 3 Reference M&aods
Valley, CA: CreateSpace, 2009. Accessed: Jul. 11, 2023. [Online]. Available:
https://docs.python.org/3/reference/

[69] T. Kluyveret al. 0Jupyt ed a pNblishmd foromdt dor
reproduci bl e ¢ omp woskidningpamch Powewia Adademio w
Publishing: Players, Agents and Rgkadades and B. Schmidt, Eds., 2016,

pp. 8890. Accessed: Jul. 11, 2023. [Online]. Available:
https://ebooks.iospress.nl/publication/42900

[70] F.Pedregostal. O0fHeiakint Mac hi neJoureabof ni n
Machine Learning Resedrd2, pp. 2882830, 2011, Accessed: Jul. 06, 2023.
[Online]. Available: https://scikiéarn.org/stable/about.html#citirggikit

learn

[71] Mard6\{}n~Abadietal. O T e n s o0 rSEale Machine lLeanmigge
on Het erogeneous Syst emsao. 201
https://www.tensorflow.org/

[721 G. E. A. P. A. Batista, R. C. Pr
Behavior of Sever al Met hods for Bal
SIGKDD Explor. Newslol. 6, no. 1, pp. @29, Jun. 2004, doi:
10.1145/1007730.1007735.

[73] W.Sousalima, E. Souto,KKEhati b, R. Jalali, a
Activity Recognition Using Inertial
Sensongol. 19, no. 14, 2019, doi: 10.3390/s19143213.

[74] D. GarciaGonzalez, D. Rivero, E. Fernandédanco, and M. R.
Luaces, OA PublIl i c-Lif®dumani Aativiti) Recogrstient f o
Using Smar t p hSemsersvolS €0 sno.r 8,06 2020, doi:
10.3390/s20082200.

[75] C. Dewi and RC. Chen, O Human Activity
Evol uti on of Features S e 20&9c IEEEO n an
International Conference on Systems, Man and Cyb&aetiz®1(EMP)
249®2501. doi: 10.1109/SMC.2019.8913868.

[76] 0 Moti on| A@ensoi i Devel oper so. Ac C
[Online]. Available:
https://developer.android.com/guide/topics/sensors/sensors_motion

)
t

80



[oT Platform for Personal Healthcare of Elderly People

[777 6 Loc dtAinadm oi d Devel opersd. Access
Available:

https://developer.android.com/reference/android/location/Location

[78] R. Khusai nov, D. Azzi, | . -Tirge. Ach

Human Ambulation, Activity, and Physiological Monitoring: Taxonomy of

| ssues, Techniques, Appl i Seasbrs 20h3s , C
Vol. 13, Pages 1282202 vol. 13, no. 10, pp. 12842902, Sep. 2013, doi:
10.3390/S131012852.

[799 6 VS _PRODUCTOWiStHA4103i gns Technol og
25, 2023. [Online]. Available:
https://www.vsigntek.com/vs_product_vsh101/

[80] Alexander Shvet8ive Into Design Patté&iegander Shvets, 2019.
Accessed: Jul. 26, 2023. [Online]. Available: https://refactoring.guru/design
patterns/book

81



Ruben Anténio de Jesus Marques

APPENDIX

82



[oT Platform for Personal Healthcare of Elderly People

Appendix A — Internship proposal

N

Instituto Superior
de Engenharia

Politécnico de Coimbra

Master in Computer Science
Internship proposal
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The academic year of 2022/2023

Title 10T Platform for Personal Healthcare of Elderly People

Student Ruben Marques

Supervisor (School) Francisco Pereira, PhD, xico@isec.pt

Company ' ' Kirepo S.ar.|

Supervisor (Company)  Steve Reisdorf— CEO — steve@kirepo.lu

Workplace Luxembourg / Mamer / Headquarter Kirepo & Remotely
SUMMARY

Kirepo is in the process of developing an loT-based platform to support elderly people in staying longer
in their houses without external daily help. The platform, through connected devices, creates profiles and
evaluates exceptions which will then, if a threshold has been reached, trigger a call centre that will either
contact the person directly or/and send professional help.

The challenge of this platform is to communicate with loT sensors to identify the status of the person, to
interact with the person (if 1 issue is found, automatically ask other sensors to verify), and pilot other
devices (open doors, allow a person-to-person dialogue). All those sensors should allow the creation of a
profile of the person’s daily routine, which is then analysed by artificial intelligence to detect anomalies
and automate workflows.

1. SCOPE

This platform is considered as state of the art, innovative, and composes several core computer science
topics (loT interactions, APls, network, centralized platform, Al, triggers). The concept of the platform has
been presented to healthcare associations which clearly support the idea and the concept and they're
willing to use it and are also happy to help during development. Other suppliers/installation partners are
also attached to the concept. The project is currently focused on Luxembourg due to its size, but it is, of
course, fully expandable to other countries. It is also not limited to elder people but can be generalized.

2. GOALS

This internship aims to reach the following generic goals:

e Create an inventory of sensors, partner company will build a show-room to have the system’s
setup

e Build a platform which will read out several off-the-shelf sensors and collect / store/ analyse their
data
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Build a level of artificial intelligence which will read this data and create a pattern where
exceptions are filtered out and leading to triggers

Based on triggers create roles to access/start other sensors to confirm/reject the initial finding.
Create a level system, where the handover to a physical person will be initiated if the value is
above the threshold.

Extract the data in a human-readable way and send it to the human operator as a basis for the
upcoming contact with the person.

Document the project allowing other persons to co-work / take over the project at the end.

3. WORK SCHEDULE

Note: The total workload consists of about 1170 hours: 390 hours in the 1%t semester and 780 hours in the 2™
semester.

The internship consists of the following activities and respective tasks:

T1 - Introduction of the student to the existing work (mainly conceptual), but also set up
introductions to the hardware devices already present. Define together the scope of the project
as well as the milestones.

T2 — Familiarization with the home-assistant platform, an intermediate building block of the
whole project. Connect devices to the platform, evaluate the APl endpoints and elaborate a
communication logic between the home-assistant devices and the central server

T3 — Set up a centralized server and services to accept home-assistant data. Create a logic of a
data lake to gather all incoming data to allow pattern creation to feed the Al

T4 — Data analysis with Al logic in mind to allow automatic detection of abnormal patterns in the
incoming data. The outcome should be a trigger-based system which reacts automatically to the
gathered data.

T5 — Create a user-faced interface (dashboard, email sending, webhooks, ...) which will be
triggered by the underlying systems.

T6 — Creating documentation of the different phases.

The following documents and materials will be produced:

D1 - Platform overview, from the device at home to the centralized server infrastructure where
the professionals are connected to

D2 — MVP client-side — Initial prototype of connected devices sending data to a central server
D3 — MVP server-side - Initial prototype of a centralized server receiving data

D4 — MVP data analysis/Al - Initial prototype of a model which analyses data and detects
abnormalities

Dx — Summary for the mid-term workshop — Summary and PPT presentation for the mid-term
workshop (somewhere in between D2 and D4, based on the progress (as D2 to D5 can and will
probably be initiated in parallel.

Dn — Final report — Final report for public auditions.

The expected schedule for the work tasks and deliveries is the following:

Tasks

Sep Oct Nov Dec Jan \ Feb Mar Apr May Jun Jul

2/3
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N
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T1 \
T2 |
\
\

Deliveries

D1 X |

D2 _ X

D3 \
|

4. WORK METHODOLOGY

As the project itself is in an advanced conceptual phase, but no code has been developed the chosen
methodologies will be evaluated altogether, leaving the freedom to use state-of-the-art development
languages and toolkits. Long-term evolution should be considered as well as scaling and the
documentation shall be in a stage so that other developers can be onboarded easily.

5. INTERNSHIP DESCRIPTION

Delete what isn’t applicable

Start date:
End date:
e Office hours:
e Type of offered perks:
e Type of professional training offered to the intern:
e Other conditions:
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Appendix B — ML mo d e eérfermance charts of all ML test
instances for ECG classification (Feature extraction methods
comparison)

Random Forest (Balanced dataset)
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KNN (Balanced dataset)
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EBM (Balanced dataset)
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EBM (Unbalanced dataset)
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Appendix C — ML model s’ perfor mance chart
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Appendix D — Architecture of the Minas Gerais Neural Network

e—>» Conv |BN| ReLU -[: ResBlk | ResBlk | ResBlk | ResBlk _I-) Dense o —

- - -
- -
- -
- -
- - -
- -
-
-

-
———
-

Max 1x1
¢ > Pooling | Conv >
e——>»| Conv |BN| ReLU | Dropout ¥ Conv BN | ReLU | Dropout —>
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Appendix E — Architecture of the Exploratory Neural Network

L

{ batch_normalization_input

INPUT] |

input: | [(None, 2500, 1)] I

[(None, 2500, 1)] |

InputLayer output:

convld_3

input:

(None, 309, 32)

ConvlD

output:

(None, 305, 32)

l

CNN

batch_normalization | input: | (None, 2500, 1) max_poolingld_3 | input: (None, 305, 32)
BatchN lizati tput: | (None, 2500, 1 . =~
atchNormanization o:'l pu (None, ) MaxPooling1D output: | (None, 152, 32)
convld | input: (None, 2500, 1) - l
ConvlD | output: | (None, 2496, 32) dropout 3 | input: | (None, 152, 32)
Dropout | output: | (None, 152, 32)
I
CN N max_poolingld | input: | (None, 2496, 32)

MaxPooling1D | output: | (None, 1248, 32)
l dropout | input: | (None, 1248, 32) I
‘ Dropout | output: | (None, 1248, 32) |
T
1
convld_1 | input: | (None, 1248, 32)
ConvlD | output: | (None, 1244, 32)
CN N | max_poolingld_1 | input: | (None, 1244, 32) |
| MaxPooling1lD | output: | (None, 622, 32) |
dropout_1 | input: | (None, 622, 32)
Dropout | output: | (None, 622, 32)
|
[]
convld 2 | input: | (None, 622, 32)
ConvlD | output: | (None, 618, 32)

| max_poolingld 2 | input: | (None, 618, 32)/[
| MaxPooling1D | output: | (None, 309, Byl

filters
kernel_size

model
model .

Sequential()
(BatchNormalization{input_ shape=(number of features,1)))

model .
model .
model .

(MaxPooling1D())
(Dropout ( N

_ (3):
model .
model .

model.

(MaxPoolinglD())
(Dropout(@.2))

model. (Flatten())

(2):
(Dense(32, activation-'
(Dense(8, activation

model .

model .
model. (Dense(l, activation="sigmoid"))
loss
1r
opt
model .

Adam(1r)
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flatten | input: | (None, 152, 32)
Flatten | output: (None, 4864)
dense | input: | (None, 4864)
Dense | output: (None, 32)
dense_1 | input: | (None, 32)
Dense | output: | (None, 8)
dense_2 | input: (None, 8)
Dense | output: | (None, 32)
dense_3 | input: | (None, 32)
Dense [ output: | (None, 8)
dense_4 | input: | (None, 8)
Dense | output: | (None, 1)

(loss-loss, optimizer-opt, metrics-['a

Dense

OUTPUT

(ConvlD(filters=filters, kernel size-kernel size, activation="relu'))

(ConviD(filters=filters, kernel size-kernel size, activation='relu')})
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