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Abstract
The elderly population worldwide has an increasing expectation of wellbeing and life
expectancy. The monitoring of the majority of elderly people on an individual basis, in a
medical sense, will not be a viable proposition in the future due to the projected
numbers of individuals requiring such activity. The expectation is that the infrastructure
available will not be adequate to meet all the anticipated requirements and subsequently
people will have to live at home with inadequate care. A new global objective that aims
towards enhancing the quality of life of the elderly is being supported by extensive
research. This research has been taking place in the field of ambient intelligence (AmI),
considering factors including more comfort, improved health, enhanced security for the
elderly, and facilitating the living in their homes longer. Prior research has shown a
need for accelerated expansion in the ambient intelligence domain. To that end this
work presents a novel learning technique for intelligent agents that can be used in
Ambient Intelligent Environments (AIEs).
The main objective of this work is to add knowledge to the AmI domain and to
explore the practical applications within this research field. The added knowledge is
accomplished through the development of an ambient intelligent health care
environment that allows a practical assessment of the human well-being to take place.
This is achieved by transforming the elderly living environment into an intelligent
pseudo robot within which they reside to better understand the human wellbeing.
The system developed aims to provide evidence that a level of automated care is
both possible and practical. This care is for those with chronic physical or mental
disabilities who have difficulty in their interactions with standardised living spaces. The
novel

integrated

hardware

and

software

architecture

provides

personalised

environmental monitoring. It also provides control facilities based on the patient’s
physical and emotional wellness in their home.
Entitled Health Adaptive Online Emotion Fuzzy Agent (HAOEFA), the system
provides a non-invasive, self-learning, intelligent controlling system that constantly
adapts to the requirements of an individual. The system has the ability to model and
learn the user behaviour in order to control the environment on their behalf. This is
achieved with respect to the changing environmental conditions as well as the user’s
health and emotional states being detected. A change of emotion can have a direct
15
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impact on the system’s control taking place in the environment. Thus HAOEFA
combines an emotion recognition system within a fuzzy logic learning and adaptation
based controller. The emotion recogniser detects the occupant’s emotions upon the
changes of the physiological data being monitored. In addition to acting as an output to
the occupant’s physiological changes, the detected emotion also acts as input to the
whole situation being observed by HAOEFA. This allows HAOEFA to control the
Glam i-HomeCare on the user’s behalf with respect to their emotional status.
The system developed incorporates real-time, continuous adaptations to
facilitate any changes to the occupant’s behaviour within the environment. It also allows
the rules to be adapted and extended online, assisting a life-long learning technique as
the environmental conditions change and the user behaviour adjusts with it. HAOEFA
uses the fuzzy c-means clustering methodology for extracting membership functions
(MFs) before building its set of fuzzy rules. These MFs together with the rules base
constitute a major part of the proposed system. It has the ability to learn and model the
individual human behaviour with respect to their emotional status.
Following the provided literature review and the presentation of Fuzzy logic
MFs (see section 3.3). The thesis presents two chosen unobtrusive self-learning
techniques that are used in the development of the intelligent fuzzy system. Each
approach combines an emotion recogniser with a fuzzy logic learning and adaptation
based technique for systems that can be used in AIEs. A comparison of two different
MFs designs is contrasted showing the impact they have on the system learning ability.
A number of carefully designed experiments were performed by volunteers in the Glam
i-HomeCare test-bed at the University of South Wales to examine the system’s ability to
learn the occupant’s behaviour with respect to their health and emotional states. The
experimental procedures were performed twice by each volunteer, while maintaining
the same behavioural actions to compare how much the design of fuzzy membership
functions can impact the learning process and the number of rules created by the
system. Besides evaluating both systems’ emotion recognition accuracies and
comparing them to one another for each occupant, the empirical outcomes show the
potential of the approach in assisting the extension of independent living. The results
demonstrate how the type-1 fuzzy system both learnt and adapted to each occupant’s
behaviour with respect to their health and emotional state whilst assessing multiple
environmental conditions.
16
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1 Introduction
We call ourselves Homo sapiens (man the wise) due to our mental capacities that are
essential to us. For thousands of years, scientists have tried to understand how people
think; that is, how the human brain can perceive, understand, predict and manipulate a
world far larger and more complicated than itself. The field of artificial intelligence
attempts to understand intelligent entities and one reason to study it is to learn more
about ourselves [1]. The history of computing to date has been marked by different
important and continuing trends like ubiquity, interconnection, intelligence, delegation
and human orientation [1, 2].
Ubiquity simply means that the continual reduction in cost of computing
capability has made it possible to introduce processing power into places and devices
that would hitherto have been uneconomic and perhaps even unimaginable [1]. While
the earliest computer systems were isolated entities, communicating only with their
operators, computer systems now are usually interconnected. The Internet is an obvious
example showing that they are networked into large distributed systems. Another trend
focuses on the movement towards ever more intelligent systems; this is the main
concern in this thesis. Today there is a momentum to a progressively better
understanding of how to engineer computer systems to deal with different tasks. This
leads to the next trend which implies that control is given to computer systems. For
instance, in “fly by wire” aircraft, the judgment of a computer programme is frequently
substituted in place of an experienced pilot. Finally, the last trend is the steady move
away from machine-oriented views of programming toward concepts and metaphors
that more closely reflect the ways in which humans themselves understand the world
[3].
New digital technologies have revolutionised the way people conduct their
everyday lives. The levels of expectations that health service users have of
computerised health care systems, and how they interact with them, are also changing
rapidly. Greater use of information and technology could help users learn more about
themselves and address different life challenges, such as health care. The potential
exists to support cultural transformation and a move towards a social model of health,
by empowering service users to exercise greater choice and control and to manage their
own conditions more effectively [4]. Thus, the motivation of this research is the
17
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necessity to find an intelligent mechanism that supports independent living for those
having problems living independently in their homes.

1.1 Research Motivation
The needs of people within society are being fashioned by different demographic trends
that will affect the human life over the coming years. One of these trends is labelled as
global ageing where the population around the globe continues ageing rapidly. In the
next few decades this global phenomenon [5] promises to affect everything from
business psychology and workforce productivity to the shape of the family and the
direction of global capital flows [5]. The Standard and Poor’s ratings agency [6] report
states that as the number of people who are retiring from work in the next twenty years
increases, the burden on the countries will rise sharply. Moreover, the spending on
pensions, health care and long-term care will rise to a level that many consider
unsustainable.
This global trend will have a stronger impact on developing countries such as
China and Brazil than on developed countries such as Japan, Europe, and North
America, as they will have a shorter amount of time to prepare for the ageing of the
population [7]. For instance, it took more than 100 years for the share of France’s
population aged 65 or older to increase from 7% to 14%, but countries including Brazil,
China and Thailand will experience the same demographic shift in just over 20 years
[7]. Nevertheless, the realities of this trend have been brought into focus by several
commentators, typical of which is the UK Office for National Statistics (ONS) [8]. They
demonstrated that the percentage of the population aged 65 and above within the UK
had increased from 15% in 1985 to 17% in 2010, an increase of 1.7 million people.
More important is that over the same period, the percentage of the population aged
below 16 decreased from 21% to 19%. Future estimates were calculated as shown in
Figure 1.1 where it indicates that by the year 2035, 23% of the population is projected to
be aged 65 and over compared to 18% aged below 16 years old.
Furthermore, according to the World Health Organization (WHO) [9] in the next
40 years the population of the people ageing over 60 years old around the world will
more than triple and it is expected to grow from 600 million to 2 billion.
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Figure 1.1: Age composition of the elderly population, UK [8]

Moreover, according to Ergas [10] the number of people ageing from 65 to 84 years old
will be more than double and the number of people 85 years and over will be more than
quadruple by 2051 in Australia. A chart presented by the HelpAge International [11]
showed in Figure 1.2 the different world countries in different regions ageing around the
globe as years pass. The vertical axis measures the percentage of each country’s
population between 65-79 years old, where the horizontal axis presents time in years.
This shows the countries’ population getting "older" as they move upwards and across
the years.
The extent of contemporary research into the social and financial effects of
demographic trends, life expectations and social responsibilities of both the individual
and governments is a strong indicator of the pressing need for alternatives. One valid
alternative is technology that further assists in the lives of many individuals. It is
obvious from the above figures that society has to react to this dramatic process.
Researchers [12] presented studies prepared by the Counsel and Care in United
Kingdom showing that elderly people would favour living in their own houses rather
than in nursing homes. Accordingly they will need some support to remain self-reliant
with a strong feeling of independence.
In addition, the public expectation of health services, and how people interact
with them, are changing. Through greater use of technology, the public are becoming
more active and informed consumers in their own healthcare [4]. This strongly supports
the direction of attempting to utilise technology in the monitoring of patients beyond the
boundaries of a doctor’s office in a non-invasive, continuous, and intelligent manner
[13].
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Information technologies are expected to evolve toward a new computing
concept known as ubiquitous computing with increasing demands to implement cost
effective, computing concepts and continuous access to different data and services. This
will allow computing artefacts to be virtually invisible by being embedded in our daily
life environments [14]. It will be characterised by invisible computational power in the
everyday appliances and other common physical objects, including intelligent mobile
and wearable devices. This change will be reflected in the type, content, and
functionality of emerging products and services, as well as on the way people will
interact with them, bringing about multiple new requirements and challenges for the
development of information technologies [15].
However, all these artefacts need to be managed in a non-invasive, discreet, and
seamless way. This must be without overloading the user by having to configure all of
these devices to achieve their desired functionalities [14]. AIEs are supplied with many
built-in devices that can determine the state of the environment at any moment, as well
as the user interaction with the environment [16]. The problem here is how to learn
human behaviour models from sensor information in a home environment. The ambient
intelligence vision is introduced to address such challenges where it enhances the
quality of human life by creating the desired environmental conditions via personalised
intelligent interconnected pervasive systems [17]. Ambient Intelligent Environments
(AIEs) are characterised by being unobtrusive intelligent environments that are aware of
people’s presence and are responsive and sensitive as well as adaptive to their needs
[17].
The work proposed in this thesis aims to enhance the everyday living experience
and maximise the wellness factor it gauges from the remotely acquired data without the
need for constant supervision by a carer. This unobtrusive HAOEFA developed has the
ability to learn and model the occupant’s behaviour as well as the emotions that
accompany this, in order to control the environment correctly on their behalf. This
should allow HAOEFA to maximise the occupant’s comfort while monitoring their
health state.
During the IET Assisted Living Conference in 2011, the EQ02 LifeMonitor belt
[18] was offered to the author by Hidalgo Limited to conduct experiments in the
intelligent healthcare environment being built. The belt was used in this project to
wirelessly monitor the occupant’s physiological data, using its high data quality
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transmission rates within the Glam i-HomeCare. The EQ02 features a system of sensors
and electrodes embedded within it. It senses, records and intelligently processes data
measured from the person and is able to transmit this over a wireless or wired interface
[18]. It has two components, the Sensor Electronics Module (SEM) and the Sensor Belt,
where the sensor belt positions the SEM on the left side of the chest. The Sensor belt is
available in a range of sizes to fit different body sizes. It can also be worn 24hrs/day and
is machine washable. This belt has a lot of advantages, some of which include the
flexible software platforms with development modules available for 3rd party
application developers and its long battery life (up to 52hrs) in full disclosure logging
mode from integral power supply. The EQ02 was integrated into I think this should
either be ‘integral to’ or ‘integrated into’ – not sure which meaning you are after the
system developed (see section 5.2.1) and was used within the experimental phase of the
Health Adaptive Online Emotion Fuzzy Agent (HAOEFA) as an attempt to learn more
about the occupant’s health and emotional states that should allow for a better
understanding of the human wellbeing over time.

1.2 Aims and Objectives
The aim of this work is to create a novel system that provides a level of care for those
who have difficulty in managing to interact with a standardised domestic environment.
It should transform their living environment into a pseudo intelligent robot within which
they reside. To achieve these goals the following objectives have been set:


Develop a novel ambient intelligent home care environment that assists the
elderly in their homes to enhance their quality of living. It should remotely
provide personalised environmental monitoring and control facilities based on
the occupant’s physical and emotional wellness in their home.



Develop a novel system that helps decrease the burden of constantly monitoring
the elderly for care providers, while increasing the elderly’s ability to live
independently in their homes.



Develop a novel non-invasive system that has the ability to control different
house appliances on the occupant’s behalf, in order to enhance their personal
comfort while living independently in their homes. The system must have the
ability to adapt itself to changing personal situations or capabilities of the
individual and the environment to fulfil individual needs.
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Develop a novel system that gives freedom to the user to be anywhere while
monitoring their physiological information, in addition to being able to override
the system controls from any place and at any time by providing various control
options through different tools such as (Smartphones, PC, and Tablet
applications).



Further investigate the meaning of the term human “wellbeing” to achieve a
clearer definition for it.



Evaluate the new proposed understanding of the human wellbeing using real life
practical experimentations.



Evaluate different learning techniques used to obtain the best approach that can
be implemented in an unobtrusive ambient intelligent home care environment.

1.3 Structure of the Thesis
Chapter 2 presents an overview of the research being undertaken in the field of Ambient
Intelligence and Ubiquitous Computing. The presented work in this chapter covers
various academic and research institutions as well as industrial organisations’ attempts
to develop different solutions in the field of Ambient Intelligent Environments (AIEs)
with an emphasis on health care environments. It also presents how the literature review
led to observations that were considered during the selection process of the fuzzy
techniques that were going to be used in the development of this work, in addition to
presenting the importance of detecting the human emotion in an intelligent home care
environment due to the effect it has on the human behaviour.
Chapter 3 focuses on fuzzy logic systems where a comprehensive overview of
the type-1 fuzzy logic controller infrastructure is provided. This chapter also focuses on
imparting full descriptions for the different clustering methodologies used in the
learning process of the human behaviour.
Chapter 4 discusses the understanding of different human emotions and the
features needed to differentiate between them. It also presents the different
methodologies used for emotion recognition. Furthermore, chapter 4 demonstrates the
importance of detecting the human emotional state in an ambient intelligent
environment.
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Chapter 5 introduces the methodology used to achieve the aims and goals of this
research. It also discusses the importance of the practical real-life experiments needed in
order to evaluate the hypothesis presented in this thesis. In addition an introduction to
the real world health care AIE test-bed entitled the Glam i-HomeCare is provided, with
a description of its wireless network infrastructure showing how multiple sensors and
actuators communicate with the intelligent system developed and with each other.
Chapter 5 also introduces the life-long learning and adaptation system entitled
HAOEFA, which uses a novel fuzzy learning and adaptation technique combined with
an emotion recognition system.
Chapter 6 demonstrates the results obtained from the experiments performed by
different users to evaluate HAOEFA’s performance in the Glam i-HomeCare.
Finally Chapter 7 provides the conclusion of the work developed and the results
of the experiments performed. It also presents further research ideas and improvements
that can take place in future developments.

1.4 Summary
This chapter described the impact of the rising global phenomenon known as world
ageing on the society and people’s lives. It presented the significance of behaviour
analysis in the eldercare domain and included; enhancing personal comfort and safety,
reducing dependency, and delaying the process of moving to a nursing home. In
addition, it showed the importance of identifying the changes in patterns of the human
behaviour over longer periods of time (days, weeks or months). Identification of
changes in behaviour over such time frames is significant in the regard that it can be
used to help predict cognitive and/or functional decline that affects overall quality of
life. It also illustrated that if significant change in human behaviour can be recognised
early, then caregivers can take action to help avoid or postpone catastrophic events.
Furthermore, this chapter presented how new research and different technological
approaches can relate to the problem showing various proposals that can lead towards
promising solutions in the near future. Finally, it demonstrated the upcoming structure
of the thesis.
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2 Literature Review
This chapter examines the literature that has been published regarding different
approaches for developing ambient intelligent environments. Investigations into the
relevant previous research performed on the topic of ubiquitous computing are
presented. This chapter also identifies various areas that offer different opportunities for
further work in the field of pervasive computing and how it relates to this thesis.

2.1 Ubiquitous Computing
In 1988 Weiser [19] presented the idea of Ubicomp. Weiser introduced a vision of
merging computational resources into the human environment to present information
and supply services needed. His new vision illustrated the proliferation of computational
appliances at altering scales, ranging in size from hand-held “inch-scale” personal
devices, to “yard-scale” shared devices. This mechanism has indeed occurred, with
commonly used devices such as hand-held personal digital assistants (PDAs), digital
tablets, and laptops now in common use. With the accelerating development of internet
applications and web technologies, Ubicomp introduced new paradigms of interaction
and communication, inspired by the extensive access to information and computational
capabilities [19, 20]. Weiser saw three waves of computing shown in Figure 2.1. It
describes the mainframe period of computing where the internet revolution was the
transition phase between the PC and the ubiquitous computing wave. The graph starts
with a lot of users sharing the same mainframe, progressing through the PC wave where
each person had one computer only to use, and ending with the ubiquitous computing
wave where each person utilises more than one computer [20].

Figure 2.1: Weiser’s three waves of computing [20]
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The applications perspective, which has been growing in the last three decades
since the start of the Ubiquitous Computing project ParcTab at Xerox PARC [21], has
included different technological aspects like the quality of the graphical user interfaces
(GUI) design. This is used to ease and increase the communication capabilities between
computation systems and humans [19]. Ubicomp systems need to be context-aware, in
other words, to be able to adapt themselves accordingly to any behaviour changes,
based on the information imported from the physical and computational environment
around them [22]. Another aspect for Ubicomp focuses on time scaling, where new
challenges such as the system’s reliability of being able to interact with environment
surroundings 24 hours a day, 7 days a week could be considered. It is also characterized
by embedding the computer hardware and software in other equipment and objects of
daily use. Typical devices include small mobile computers, further developments of
today’s mobile telephones, entitled “wearables” like intelligent textiles or accessories as
well as computerized implants [23]. To conclude, Ubicomp system applications
endeavour to fully automate the capture of live events and offer flexible and universal
access to those experiences later on.
In the past, computer scientists have been investigating the implications of
continuous emersion of numerous computational artefacts on human life. Still, the
future holds long-term improvements that are much more significant than constant
availability of equipment to support traditional computer based tasks. Currently,
computers have the ability to provide a wide range of information at our fingertips. In
the future we will be able to add to that being able to learn, observe and enhance the
human awareness of the physical world while sustaining various connections between
distant people at all times in everyplace.
Many significant computational achievements have been fulfilled through the
modelling of biological and natural intelligence, leading to so-called “intelligent
systems” [24]. Artificial Intelligence (AI) was founded [25] in 1956 at the Dartmouth
College conference and was defined in 1996 by the IEEE Neural Networks Council [24]
as the studies of artificial computing systems that have the capability to make decisions
which humans are doing better. Computational intelligence (CI) is a sub division of AI
and it was inspired by the study and the observation of different natural and biological
systems. CI helped in developing new algorithms and techniques that are able to solve
complicated problems. Adaptive mechanisms studies have shown that CI paradigms
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such as artificial neural networks (ANN), evolutionary computation (EC), swarm
intelligence (SI), artificial immune systems (AIS), and fuzzy systems (FS) have the
ability to facilitate intelligent decision making in changing complex environments, as
they have the capability to learn, adapt to new circumstances, and associate with these
environments [24].
These CI techniques had their origins in the biological systems. ANNs model the
biological neural systems, EC models the natural evolution (including genetic and
behavioural evolution), SI models the social behaviour of organisms living in swarms or
colonies, AIS models the human immune system, and FS are originated from studies of
how organisms interact with their environment. Observing such a huge variety of CI
techniques, CI can be introduced as a combination of many research subjects such as
computer science, physiology, philosophy, and biology.
These different individual CI paradigms have successfully solved real-life
problems as they were applied in real-life environments, although the current focus is to
develop hybrids of those paradigms to eliminate the weakness of individual techniques.
The focus within this thesis was recommended by the supervision team during the
initiation of the project. Due to my previous experience of developing Fuzzy Logic
systems, the research focus was discussed several times during the interview process for
the PhD Scholarship. As a result, this research concentrated on using, testing, and
evaluating the different Fuzzy Logic techniques and how it can be incorporated within
an emotion recognition system in AIEs.

2.1.1 Intelligent Systems
What is intelligence and can a computer be intelligent? In order to answer this question
the domain of the word intelligence needs to be defined. Different attempts have taken
place to define “intelligence”, but there is still a heavy debate surrounding it. On one
hand, the Oxford dictionary [26] defines it as “the ability to acquire and apply
knowledge and skill” and on the other hand the Dictionary of AI [27] defines it as “the
ability to bring, to bear knowledge to solve problems and to adapt to new situations”.
Alan Turing [24], described it as the aspects where creativity, skill, consciousness,
emotion and intuition take place. Considering these different aspects of defining the
word intelligence, a conclusion can be made that the rest of the question will have more
debate than defining the word itself.
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Turing mentioned his vision on AI in the mid-1900’s stating that there was
nothing the brain could do that a well-designed computer could not. However, more
than fifty years later, his statements are still visionary and with limited fulfilment. While
various achievements have been made in modelling the organism behaviour using fuzzy
systems or small parts as biological neural systems, there is still no solution to fully
solve complex problems. Such problems include modelling intuition, consciousness and
emotion recognition which form the main integral parts of human intelligence. The CI
technological approaches can help both computational systems and people to understand
more about the human behaviour and its surrounding environments while addressing
different life challenges that rise over time.

2.2 Ambient Assisted Living Environments
Recently, many countries around the world have experienced a rapid increase in the
elderly human population. This growth affects the cost of health care that has become a
predominant aspect of our community life. Thus, Health Care Practitioners (HCP) and
research scientists anticipate a great demand for the consideration of monitoring patients
beyond the boundaries of a doctor’s office in a non-invasive, continuous, and automatic
way to face this challenge [13].
Researchers [28] have shown substantial progress in determining instant cause
of concern in the human wellbeing, however little emphasis has been placed on
monitoring it in an enduring sense. It is challenging to accurately define the word
“wellbeing” as it is a vague concept and there is no straightforward universally agreed
definition for it. According to the Oxford dictionary the word "wellbeing" is described
as “the state of being comfortable, healthy, and happy” [29]. For psychological
scientists the wellbeing state is more complicated than simple dictionary definitions,
where it is described as a mixture of emotions where a person can feel good and
function in an effective way through the day [30]. Although, they argue that it does not
require a person to feel happy all the time to achieve a sustainable wellbeing state; the
experience of sorrowful human feelings like grief, anger or failure is a normal part of
life. Getting over these feelings could help achieve long term wellbeing. However,
whenever a person is exposed to an extreme long lasting sadness it affects his quality of
functioning in a daily life basis, and this will eventually affect his wellbeing state.
Diener [31] defines the wellbeing state in a subjective way, where he declares that such
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a state is determined by the person’s feeling towards his life being desirable, pleasant,
and good, not by how other people observe it. At the time of writing this thesis Mr
David Cameron, the Prime Minister of the United Kingdom, justifies it as follows;
“Wellbeing can't be measured by money or traded in markets. It's about the beauty of
our surroundings, the quality of our culture, and above all the strength of our
relationships” [32].
Although it is reasonable to say that such a word varies from one person to
another, the new proposed definition of the term human wellbeing that is going to be
used, experimented and evaluated in this thesis is:
A long-term state of human satisfaction which mainly includes being healthy, and living
comfortably, while feeling happy or angry from time to time.
Human behavioural and physical changes can be detected through changes in
daily life activities, which might not be directly recognisable but can be perceived over
a longer period of time. The up to date routines used by HCPs, doctors, and caregivers
to know the changes of the person’s wellbeing, commonly rely on individual’s status
observation in addition to answers to relevant questions about their daily life activities.
Nevertheless, many elderly people may not be willing to give right and honest answers
which might lead to a misunderstanding of their current situation by the HCP and create
extra burden for him/her.
Ambient Assisted Living Systems (AAL) is a new paradigm where electronic
systems are used to provide a non-intrusive and responsive methodology to the presence
of people while being pervasively integrated into everyday life environments. It
addresses the needs of elderly people to achieve the vision of the third generation of
tele-care systems [28]. AAL seek to extend the time that elderly people can live
independently in their homes by increasing their autonomy and assisting them in
carrying out their normal daily activities, by the use of intelligent monitoring. Research
scientists illustrate AAL systems as monitoring and analysis platforms. AAL are
capable of assisting intelligent monitoring and gathering rich databases of behavioural
information in a slightly invasive manner. They observe/store the environmental
conditions and occupants’ physiological information over time using various sensors
[33, 34] to learn their behaviour.

In addition, they are able to predict possible

emergencies in different real life circumstances [13].
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The usage of ubiquitous computing new technologies such as ambient sensors
can help HCPs monitor certain activities of elderly people within their houses. This
could help collect more information about the person who needs constant monitoring in
their own home. Thus it can help HCPs to accurately understand the alterations of their
wellbeing status. With intelligent home care assistance, care providers can use the
aspects and functionalities of these sensors (such as kitchen sensor activated, fridge
door opened, cold water run for 20 seconds, kettle switched on for 60 seconds) in order
to clearly understand the individual’s behaviour. This leads over time to more
understanding of their wellbeing state by answering some essential decision making
questions (such as whether the occupant is active at home, how long the occupant
spends on different activities, what are the changes of the occupant’s physiological data,
and are there any abnormal changes in their physiological state) [28, 35]. Such
techniques of intelligent data monitoring and information analysis can enable care
providers to make an accurate diagnosis before it is “too late”. This allows HCPs to
identify the current patient situation with more accuracy before reaching a critical state.
The system developed in this thesis follows a similar approach to understanding the
human well-being. It uses various connected sensors to monitor the environment’s
conditions and the physiological state of the occupant to learn the user behaviour over
time.
Increasing demand for the ubiquitous and continuous access of information and
services has had profound consequences on the type, content, and functionality of
ambient intelligence’s products and services. Also, on how people are able to interact
with them, bringing out multiple new requirements for the development of new
information technologies [15]. However the challenge of the universal access is critical
here as it implies the accessibility and usability of information technologies for anyone
at any place and at any time. Thus, more security on data privacy should be considered
while building such environments. In terms of security HAOEFA uses a login user
name and encrypted password to ensure the data privacy of the user through the
experiments (see section 5.2.1).
Ambient intelligence is characterised by being a dependable, secure, and
unobtrusive intelligent system that is aware and responsive to people presence while
being sensitive and adaptive to their requirements [17]. AIEs are enclosed inhabitable
spaces such as cars, houses, care homes, shopping malls, or even museums which are
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implanted with intelligent technologies to react "caringly" to the user’s needs and
desires.
To date there have been several research projects (see section 2.3) concerned
with developing intelligent agents in ambient intelligent environments. Many of these
projects tried to increase the quality of life of the elderly people while maintaining their
“wellbeing” status. Different attempts considered decreasing the cost of care using
home based tele-care and telemedicine systems [28, 36]. However, telemedicine’s main
goal is to remotely monitor specific physiological body factors (such as blood sugar
levels, blood pressure, heart rate, and body temperature) only. While tele-care on the
other hand, is a less specific way of monitoring that is more concerned with producing
emergency alerts in critical conditions and situations [24, 28]. This influenced the work
developed here not to only monitor the occupant’s physiological information, but also to
consider critical situations such as falling down inside or outside the environment (see
section 5.2.1).

2.3 Ambient Intelligent Home Care Environments Key
Features
The implementation of the intelligent pervasive home care monitoring systems faces
various difficulties, and is verified to be a complicated procedure. The difficulties faced
are the economic cost, information access, physical boundaries, and the architecture of
the home care systems themselves. This is in addition to the different system
capabilities like the flexibility, transparency, extensibility and confidentiality that need
to be offered by the system, plus how many activities it can monitor in a real-time
manner. AIEs attempt to solve these challenges by learning and adapting in a life-long
mode to the particularised behaviours of the occupant where they automatically adjust
the system controller based on a broad range of parameters in a nonintrusive and
invisible way. Moreover, in the case of sensitive or life threatening situations, the
systems immediately carry out any action requested by the occupant, subject to safety
considerations, to achieve the responsive property implied in the ambient intelligence
vision [14].
The next sub-sections present the different challenges facing AIEs as well as the
attempts by various research organizations to deal with them.
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2.3.1 Flexibility, Extensibility and Transparency
Complicated systems like intelligent environments need a significant number of
software elements. Each of these elements, when driven by intelligent design and
automation, can be viewed as an intelligent system. In order to guarantee that this
collection of these software systems is transparent, non-invasive to the user, and
seamless, these embedded systems need to liaise and communicate with each other [37].
Currently, ambient intelligent environments research is taking place in the realworld environments, where physical components like sensors, controllers and smart
devices are essential to be designed and used in a very effective way [38].
Unfortunately, the initiation of pervasive computing systems lacked the ability to
progress and go forward as other new technologies surfaced around the globe.
Integrating a larger number of components is mostly a manual, ad hoc process, while
adding a new component involves researching its properties and how the process is
going to operate as well as establishing how to configure and integrate it to the system.
Also, repeated testing is necessary to avoid causing conflicts and unpredicted
indeterminate behaviour in the whole system [39].
Researchers in the University of Essex [2] tried to achieve this vision in the field
of ambient intelligence by being transparent through embedding intelligent agents in the
user environments. The intelligent environments group [40] used a soft computing
approach based on fuzzy logic that successfully controlled the environment according to
the needs, preferences, and behaviour of the user living in it. They presented a fuzzy
learning and adaptation technique for agents that can be embedded in ubiquitous
computing environments [14].
Research scientists in the German University in Cairo [41] have developed an
intelligent class room that is also based on FL. The i-class can learn and model the
lecturer’s behaviour as well as adapt to the changes of his needs, habits, and gestures in
an invisible none interrupting way as an attempt to enhance the quality of teaching.
Also, researchers from the University of Granada [16, 42] have presented a new
approach to learn human behaviour using FL based on two main acts. First, they
presented the concept of behaviour model which is a representation of any user
behaviour, regarding its relevant actions and the order constraints among them. Then
they introduced a method consisting of two steps: the extraction of common actions for
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a specific behaviour and the learning process of the behaviour model using the
information extracted previously. The evaluation of the system developed took place by
performing various experiments by different occupants in the iSpace environment at the
University of Essex which was used to collect information about the user activities.
The success of FL in modelling the user behaviour and understanding various
linguistic variables used in previous real-life experimentations that took place in
different research studies mentioned above, has strongly influenced the usage of FL in
this research.
Another group of researchers at the University of Colorado [43] have developed
a neural network soft computing approach that focuses on intelligent lights control
within a building, by anticipating which regions will be occupied in a room. Their
system was tested in a real environment where it achieved significant energy reduction,
but that came most of the time at the expense of the occupant’s personal comfort.
However, the main problem facing real life physical AIEs test-beds is that they are
expensive and complicated to assemble, employ and develop for several organisations.
Consequently, the drive to develop simulation platforms to offer virtual real
world experiments in the field of AIEs research is very high. Thus, researchers at
Fraunhofer Institute for Experimental Software Engineering [44] have presented a
theoretical non-intrusive solution to the problem which is yet to be developed. They
mainly focus on enabling and testing how the elderly react to future technological
interfaces. Also, researchers in Sweden [45] developed a simulated multi-agent
principle to control intelligent buildings. Their system was developed using traditional
Artificial intelligence (not behavioural based) while their main goal was energy
efficiency.
Another group of research scientists [46] have developed a software named the
Patterns of User Behaviour System (PUBS), which aims at supporting an intelligent
environment in the important task of understanding what are the frequent occupant
behaviours in a given environment. PUBS is composed of several modules, 𝐴𝑃𝑈𝐵𝑆
discovers behavioural patterns. The language 𝐿𝑃𝑈𝐵𝑆 provides a standard framework to
represent patterns clearly. Finally, 𝐼𝑃𝑈𝐵𝑆 allows the user to interact with PUBS in a
natural way using a combined speech recogniser and synthesizer. The system mentions
every pattern learnt for the situation being processed to obtain the user's feedback about
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it. This supports the decision making methodology which can help better understand the
user behaviour while being ﬂexible enough to track the different behaviours humans
exhibit at different times. The experiments carried out to validate the developed system
have shown the capacity of PUBS to discover relationships, time relations, and the
conditions of such relationships. They observed how the user common behaviours
would be better represented by means of sequences of actions instead of one-to-one
relationships that took place during the experiments carried out using the collected
Washington State University’s data set.
Although the research shown here shares a similar interest with [43, 45], the
focus on comfort remains to be an essential main aspect for achieving human wellbeing
in this thesis. In addition to its evaluation that needs to take place in a real-life AIE, not
a simulated environment [44-46]. However, PUBS idea of using speech recognition as a
methodology for evaluating the system’s performance and the user feedback is
intriguing. It inspired the idea of integrating a speech recogniser into the system being
developed to evaluate HAOEFA’s ability of understanding the same linguistic variables
that vary in its meaning to different users.
Research scientists’ work at Georgia Institute of Technology focused on an
extended form of mobile computing while discussing the physical limitations of
intelligent environments, in which users can employ many different mobile, stationary
and embedded computers over the course of the day. This model of computation does
not occur at a single location in a single context, as in desktop computing, but rather
spans a multitude of situations and locations covering places such as the office, meeting
room, home, airport, hotel, classroom, and markets. Users might access their devices
and computers connected to local area networks. Such a collection of mobile and
stationary computing devices that communicate and cooperate on the user’s behalf was
called a mobile distributed computing system [47]. This direction in research influenced
the work here by introducing the idea of developing a smart phone application. This
application should overcome the single context physical limitation. It allows the user the
ability to interact with Glam i-HomeCare from anywhere and at any time while
continuing to monitor their physiological information.

34

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

2.3.2 Monitoring, Connectivity and Data Privacy
Toumaz Group [48] introduced a new tool entitled Sensuimvitals which is a wireless,
wearable, Food and Drug Administration (FDA) cleared medical device, with smart
sensor interface and transceiver, aimed at the general hospital wards. This patch runs a
number of embedded algorithms that allow continuous monitoring (every two minutes)
of patients’ vital signs with a good degree of accuracy. In 2013, a practical clinical pilot
was performed by various patients in the Saint John’s Health Centre in Los Angeles to
provide a proof of concept to their tool. This allowed the community easy access to
internationally acclaimed, academic-level medical care and the latest medical
technology in a homelike environment. The main aim was to calculate the rate of alarms
per patient and how rapid interventions increased the patient health benefits.
The research team at the neonatal intensive care units in Edinburgh [49] have
investigated how health monitoring can affect human life in a direct way using various
signal processing techniques that can be applied to diagnose problems in the medical
domain. She discussed the term “serious but stable condition'', where the patients spend
a lot of time in such conditions and these periods of stability are a fact of working life in
an ICU and can lead to decreased levels of awareness, by the staff, of changes in
condition of the patient. She also discussed two different consequent problems; firstly
triggering the alarms frequently without any evidence of an occurring physiological
problem, and secondly, the late diagnosis of a critical stage condition, where it was too
late to prevent the condition from further developments. She then proposed the usage of
the signal processing methodology to predict the respiratory disorder or analyse it more
efficiently.
The Aware Home Project at Georgia Tech focused on context aware systems
with sensing facilities, [50] whilst the Tele-care systems developed by the Artificial
Intelligence Group and the British Telecommunications Research and Venturing team
[28] attempted to produce emergency alerts system to help in critical situations. Another
Research Centre for Information Technology at Karlsruhe Institute of Technology
named Forschungszentrum Informatik (FZI) [51] focused on the development of a low
cost monitoring system that is based on home automated sensors and smart meter
technology to recognise individual activities within their environment. They aimed to
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study individuals’ activities through various question based interviews in a large
number of households.
Martinez et al. [52] introduced a proof of concept design for a monitoring
solution to patients in health care. Their first challenge was the different systems’
integration difficulty, where an interoperability problem emerges as each device speaks
a different language. Later they proposed developing an end to end standard based
system that uses well-known communication standards to overcome such a problem.
This approach allowed the system to be ambient, and easy to integrate with other
systems [52].
The Artificial Intelligence Group at the University of Bristol worked on
identifying the three generations of tele-care where the first generation systems were
typically for “panic alarms situations” such as falling on the ground. The second
generation systems were more complicated where the usage of sensors took place to
detect the needed assistance in certain situations as well as sending alarm notifications
to family members, friends or to a health monitoring agency. Finally, the third
generation vision tried to predict early warnings for possible emergency situations by
observing intrusively any significant changes in a person’s “wellbeing” [28, 35].
Work at the institute of Biomedical Engineering in the imperial college London
[53] tried to improve patient care by achieving the vision of pervasive monitoring with
the use of the Body Sensor Network (BSN). The basic concept of BSN was to provide a
continuous monitoring of the patients’ physiological and contextual parameters with the
principle of providing low cost, wearable, or implementable biosensors. They attempted
to develop a pervasive healthcare system, but there were several challenges to be
considered.
One of the challenges was designing Biosensors [53] where several factors
needed to be considered such as reliability, ease of use, selectivity, biocompatibility,
and power consumption. In addition to this they faced the Biocompatibility and Sensor
Packaging challenge, where they discussed several problems like irritation and allergic
reactions in case of wearable sensors, and inflammation and immunological response in
case of implantable sensors. A further challenge was wireless communication challenge
where they discussed the reliability of the used wireless links and how it was essential
to be secured as very sensitive physiological data was being transmitted. They also
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discussed that the communication protocol chosen in the transmission process was as
essential as a low power wireless transceiver. Furthermore, the low power design and
power scavenging challenge, where in order to decrease the power consumption they
needed to reduce data sent for further processing with a standard level that agreed with
the user perspective. This should lead to a better data classification due to the smaller
chance of losing packets being transmitted. Also, the automatic sensing challenge was
presented where it was characterised by self-management, self-configuration, and selfoptimisation and followed the concept of automatic computing.
Finally, they faced the Standard and Integration challenge where they introduced
the Continua Health Alliance [53, 54] that aimed to resolve the interoperability and
integration issues for personal healthcare systems. Also, they discussed the issue of
system integration possibilities with ambient sensors. This raised the problem in which
wearable sensors could be taken off during bath time or sleeping where it would affect
the ability of the system to maintain a continuous monitoring of the patient status as
they use ambient sensors technologies [55].
The work here is inspired by a great deal of concentration from different
research groups on the importance of monitoring and connectivity in the field of AIEs.
HAOEFA also focus on not only monitoring the user physiological information, but
also how does this relate to the user emotions. Moreover, it focuses on the link between
human emotions and the actions the user’s take while living in the environment.
Furthermore, it aims to overcome the challenges of continuous monitoring by using the
smart phone application that stays connected anywhere to the EQ-02 belt which the user
is wearing. However, the approach taken still does not overcome the bath time issue to
achieve the ultimate monitoring. It also focuses on detecting some critical situations and
how the system reacts to them. HAOEFA aims to overcome the sensor integration
challenge by developing it in Java language. This allows HAOEFA to have an easy
integration process as Java practically runs on all major operating systems. It also
benefits from creating a network-based applications using client/server that allow a
simple integration process with various sensors available in the market.
In the Amigo Project [56] researchers used the concept of individual data stores
named Service Specific Data Store (SSDS) that were created on behalf of an owner.
This component offered a generic storage capability to other components and
applications within the Amigo System. There were no restrictions on the kind of content
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that could be stored by each component or application. This allowed the system’s
components to have control access to a sub-store inside the data store used. The data
store supported notifications for the changes of the sub-store where data was
automatically backed up and restored whenever needed. The owner of a SSDS firstly
specifies the structure of each data element in an SSDS, the user group and their access
rights to an SSDS, as well as the events that are generated when elements in an SSDS
are modified. Also, whenever versioning needs to be applied to do some modifications
(history of changes to allow retrieval of historical data), the operations offered on an
SSDS include addition, deletion, modification and querying of data elements. The data
store approach used is a centralised solution, performing automatic backup and
restoration functions when needed to allow a maintenance free operation.
Additionally a joint group of researchers in Tyndall National Institute and
University College Cork [57] developed an ambient wireless bio-monitor system that
incorporates with a data management system architecture. This system had the ability to
deliver the collected data accurately and securely in an almost real-time basis to the
HCPs involved in the process. Additionally it had the ability to trigger predefined
actions in the wireless sensor networks medical environment based on the predefined set
of rules built.
Following [56, 57], HAOEFA stores the real-life physiological and
environmental data gathered on the personal computer used as well as storing a copy of
it on an online server in an almost real-time manner. This automated backup can be used
in case of data loss, retrieving data online by HCPs or while sending user status to an
assigned carer.

2.3.3 Quality of Life
The MavHome (Managing an Intelligent Versatile Home) project research scientists
focused on the creation of an environment that acts as an intelligent agent, perceiving
the state of the home through sensors and acting upon the environment through device
controllers [58]. The main goal was to maximise comfort and productivity of the
environment inhabitants while minimising the operation cost. In order to achieve these
targets, the house must be able to predict reason about, and adapt to its inhabitants. An
intelligent environment must be able to acquire and apply knowledge about its
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inhabitants to adapt to the inhabitants and meet the goals of comfort and efficiency.
These capabilities rely upon effective prediction algorithms.
Given a prediction of inhabitant activities, MavHome can decide whether or not
to automate the activity or even find a way to improve the activity to meet the house
goals. Specifically, the MavHome intelligent agent needs to predict the inhabitant’s next
action to automate selected repetitive tasks for the inhabitant. The home makes this
prediction based only on previously seen inhabitant interaction with various devices. It
is essential that the number of prediction errors be kept to a minimum – not only would
it be annoying and discomforting for the inhabitant to reverse home decisions, but
prediction errors can lead to energy wastage. Another desirable characteristic of a
prediction algorithm is that predictions are delivered real time without resorting to an
offline prediction scheme [58].
Researchers at the University of Texas also focused on examining the problem
of learning human behavioural models using the MavHome intelligent environment
[59]. An event in this environment is described by the time of the event, the device
sensor zone, the device/sensor number, the new value of the device or sensor, the source
of the vent (e.g., sensor network, power line controller), and the inhabitant initiating the
event (if known). In order to automate the environment, they collect observations of
manual inhabitant activities and interactions with the environment. Then they classify
patterns from this data using a sequence mining algorithm [59] which mines sequential
patterns from the observed activities. The data are processed incrementally and the
sequential patterns are mined according to their ability to compress the data using the
Minimum Description Length principle. Finally, a hierarchical Markov model (HMM)
is created using low-level state information and high-level sequential patterns, and is
used to learn an action policy for the environment.
Although, the usage of statistical models methodologies in different research
projects mentioned above is proven to be successful. The research here is still focused
on the usage of FL due to the importance of understanding various linguistic variables
that have varying meaning to different people. This also relates to the interest taken in
understanding human emotions and how it links to different user actions and their wellbeing over time.
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2.3.4 System Interface Usability
The operation where the communication exists between a computer system and a human
user is labelled as human computer interaction (HCI). Such interactive systems present
a timely bi-directional communication between the human user and the computer
system referred to as a direct dialog. This dialog is a series of communication
commands occurring between the user and the system [60].
In addition, researchers from Laboratoire d’Informatique de Grenoble,
University Lille Nord de France, and University of Lyon [61] have developed an audio
processing system that aims towards assisting individuals in their daily living
environments through voice commands to improve their quality of life. The intelligent
system developed has encountered many problems such as a significant decrease in
performance as soon as the microphone is moved away from the mouth of the speaker
(e.g., when the microphone is set in the ceiling). This deterioration is due to existing
broad variety of environmental background noises. It was realised that audio technology
needs to be further improved to deal with important health monitoring applications in
real-life environments.
The MIT’s Oxygen Project uses embedded artefacts to create intelligent space
for the user. It offers a good standard system usability by providing a huge number of
user interfaces using cameras and microphones; allowing a wide variety of
communication methods to the users [62], whilst SENSORIA’s [63] simple graphical
user interface offers a variety of scenarios where it provides sensor node, energy
consumption, traffic generation, and protocols modules as well as different display of
graphical results in many formats.
The Discrete-Event system Specification (DEVS) [64] simulation platform
aimed to present asynchronous discrete-events taking place in wireless sensor network
instead of one big activity. However, communication with the user was not an important
feature for it as it was more focused on routing data, power usage, and node mobility.
The DiaSim simulator [65] generates a modified programming framework using the
DiaSpec language. It relies on the DiaGen approach which enables invasive simulation
of applications to produce a simulation of an intelligent environment where the actual
entities can be tested.
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Despite the different simulator approaches from one group of research scientists
to another, the research in this thesis focuses on the development of a real-life
environment rather than a simulated environment. Therefore, simulated models will not
be discussed any further in the thesis. A simple HCI is shared within a simulated
environment or any real-life environment, and is essential for a better user interaction
experience. HAOEFA overcomes this challenge by having a very simple graphical user
interface that does not contain many confusing options (see section 5.2.1). Moreover, it
uses a voice command system that overcomes the background noise in the environment.
This is accomplished by using a unidirectional voice command technique that uses the
computer’s built-in near to the mouth microphone to change the environment actuators
(see section 5.4.6).

2.4 Discussion
In this chapter, numerous applications of CI and Pervasive Computing have been
discussed for AIEs. In the beginning of the chapter, Ubiquitous computing was
presented in addition to the history of AI with an emphasis on the CI history.
Afterwards, the chapter investigated into the literature review that has been published
regarding the development of ambient intelligent environments in different academic
and industrial facilitates around the globe. It also discussed the understanding of the
term human wellbeing through various psychological scientist and dictionary
definitions, showing how this lead to the new definition used in this thesis (see page
29).
Earlier projects mentioned in the literature review showed the significant amount
of research being undertaken in the field of ambient intelligent environments. However
this research is mainly concerned with systems’ user interactions, time independent
context, health care alert systems and temporal history profiling rather than on-going
learning and adaption of the human behaviour with respect to their incorporated health,
emotional state and eventually their wellbeing [66].
Less focus was given to the link between the detection of human emotions and
the direct effects it has on their behaviour and wellbeing state within the environment.
An example of this direct link in action would be that during the morning time of a day
where a person is feeling neutral or “OK”, he might listen to some music while having
breakfast. On the other hand if it is the same day with a similar environmental condition
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(exact same situation as before) but the person received an email which made him feel
angry (detected by the increase noticed in the heart and respiration rates), he may turn
off the music being played as a result of the developed emotion.
Another example might be where a person notices that their house has been
burgled. An assessment of the situation (burglary) triggers the anger emotion which
causes an increase in the heart and respiration rates. The person then reacts directly (for
example, by calling the police) to the situation that occurred and the emotion developed.
Such a situation handling strategy shapes the emotional reactions by adjusting
the link between a person and their environment [66]. Thus, an emotion-evoking
stimulus (e-mail, burglary) triggers a pattern of physiological response (increased heart
rate, faster breathing, increased skin temperature), which is interpreted as a particular
emotion (anger), that led to certain changes in the environment around (turning off
music, calling the police). Therefore the novel system presented here aims to minimise
the gap between developing AIEs and the importance of considering the human physical
and emotional states while creating them. The architecture developed is ambient and
unobtrusive to reach a high user acceptance. It provides various services in several
accessible ways to enhance usability. The system also adapts itself to changing personal
situations or capabilities of the individual and the environment to fulfil individual needs.
This novel agent combines an emotion recognition system with a fuzzy logic based
learning and adaptation technique for intelligent agents that could be used in AIEs.
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3 Fuzzy Logic
Intelligent environments are viewed as computer-based systems, akin to robots,
gathering information from a variety of sensors, and using embedded intelligent agent
techniques to determine appropriate control actions. In controlling such systems one is
faced with the imprecision of sensors, lack of adequate models of many of the processes
and the non-deterministic aspects of human behaviour. Such problems are well known
and there have been various attempts to address them. The most significant of these
approaches has been the pioneering work on behaviour-based systems from researchers
[67] who have had considerable success in the field of mobile robots. It might not seem
obvious that intelligent buildings are analogous to robots, gathering information from a
variety of sensors. They are also able to use behaviour-based techniques to determine
appropriate control actions.
In the last decade, there has been a rapid growth in both variety and number of
fuzzy logic applications. These fuzzy logic systems range from consumer products such
as cameras and rice-cookers, to subway control, air-conditioning, TV’s brightness
adjustment, washing machines, and microwave ovens, to industrial applications
including processes control, medical instrumentation, decision-support systems, and
portfolio selection. In order to understand the reasons behind the growing use of fuzzy
logic applications, this chapter aims to discuss the meaning of fuzzy logic as well as to
present in detail the architectural design of a fuzzy logic controller, It will also
demonstrate the fuzzy c-means technique, which is used in the design of the
membership functions and fuzzy rules sets of the fuzzy logic controller.
Fuzzy logic offers a framework that partially imitates the way of human thinking
to reason in an approximate way rather than a precise way. This is achieved through the
use of membership functions and an extended rule base. It represents imprecise,
uncertain knowledge or information in a similar way, to which people make their
decisions. Fuzzy systems use a mode of approximate reasoning, which allows it to deal
with vague and incomplete information. Moreover, fuzzy logic controllers (FLCs)
demonstrate robustness with respect to system parameters’ noise and variations.
However, fuzzy systems have a well-known problem concerning the determination of
their parameters. In most fuzzy systems, the fuzzy rules are determined and tuned
through ‘‘trial and error’’ by developers, taking many iterations to determine and tune
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them. As the number of input variables increases (which is the case with intelligent
buildings) the numbers of rules increase further magnifying the difficulty [68].
There are two main fuzzy inference systems (FIS) used in the development of
FLCs. The Mamdani method is widely accepted for capturing expert knowledge. It
allows the expertise descriptions (linguistic variables) to be more intuitive, more
human-like in manner. However, Mamdani-type FIS entails a computational burden due
to its defuzzification process. On the other hand, the Sugeno method is computationally
efficient and works well with optimisation and adaptive techniques. The most
fundamental difference between Mamdani-type FIS and Sugeno-type FIS is the way the
crisp output is generated from the fuzzy inputs. While Mamdani-type FIS uses the
technique of defuzzification of a fuzzy output, Sugeno-type FIS uses weighted average
to compute the crisp output. The expressive power and interpretability of Mamdani
output is lost in the Sugeno FIS since the consequents of the rules are not fuzzy. Due to
the interpretable and intuitive nature of the rule base, Mamdani-type FIS is widely used
in particular for decision support application. Other differences are that Mamdani FIS
has output membership functions whereas Sugeno FIS has no output membership
functions [69].
Thus, the system developed here uses an automated Mamdani FLC learning
technique for creating its rules where the system developers do not intervene with
learning processes (see section 5.4). In addition, the work here attempts to evaluate two
different MFs designs for Mamdani FLCs in order to investigate the magnifying number
of rules challenge. The findings discovered after much experimentation in the Glam iHomeCare that the number of rules being added continued to decrease over the
experimentation period (see section 6.1).
FLCs are also a practical alternative for a variety of challenging control
applications. They provide a convenient method for constructing nonlinear controllers
via the use of heuristic information. In other words, computing systems have the ability
to understand sentences like the room temperature is very hot or very cold, or the room
lights are high or low. The main cause of uncertainty is humans occupying these
environments as their behaviours and moods are dynamic, non-deterministic and change
with time and season. There is also the fact that different words mean different things to
different people. Linguistic variables such as ‘warm’ in reference to temperature could
mean one range of values to one person though possibly a very different range of values
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to someone else. This can vary by the variation of different seasons through the whole
year [68]. Also when considering elderly individuals’ conditions, it can be seen that
there would be an opportunity to consider risk as the important metric rather than time
or any individual incident. However, the definition of risk would be diverse and so
would need to be defined for individual classes of people. Experience shows that this
would need to be defined in a way that allows a certain amount of vagueness in the
definition.
In the development of dynamic AIEs, control systems also have to deal with the
huge amount of uncertainties which exist in an AIE. The sources of these uncertainties
in the agent’s controller inputs are the sensors measurements that can be noisy, and
imprecise. It gets affected by the environmental conditions such as variations in light
level due to cloud cover or temperature changes due to the effects of changing wind
currents [17]. In addition there are uncertainties in the agent’s controller outputs due to
the change of actuators’ (somewhere here there needs to be an apostrophe – I don’t
know if singular or plural so where to put it) characteristics with the changing
environmental conditions. For instance, there would be a difference between low light
level on a bright sunny afternoon in late summer and low light level on a dim overcast
afternoon in mid-winter. Moreover, uncertainties exist due to change of environmental
factors such as the external light level, temperature, time of day (morning, afternoon,
and evening) over a considerable long period of time due to seasonal variations [17].
The design of the fuzzy MFs is crucial when facing the uncertainty (noisy
measurements) and linguistic variables challenges. Therefore, the research here is
evaluating the FLC developed using two different MFs designs. Although, this can be
seen as a personalized FLC due to the different MFs centroids’ values of each
experiment performed, HAOEFA used the same MFs design for its controller for each
experiment. This shows that it is not a personalised controller as it used the same MFs
design for each experiment and only the numbers changed with the changing
experiment conditions of the learning phase. This eventually had an impact on system’s
understanding of the same linguistic variables that have varying meaning to different
people. In addition, it helped in dealing with the imprecision of sensors and actuators
values due to the mathematical functionality for approximation used.
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3.1 Crisp and Fuzzy Sets
FL is known to be a non-linear function approximation tool that has been identified as a
methodology of mathematically expressing the uncertainty of information in an
approximate way rather than in a crisp way. For instance, consider a collection of
individual elements (singletons) x, which make up a universe of discourse (superset) X
(𝑥 ∈ 𝑋), where a collection of these individual elements make up a set A, where 𝐴 ⊆
𝑋. The issue of membership can be represented mathematically with indicator function
𝜇𝐴 (𝑥):
if 𝑥 ∈ 𝐴
if 𝑥 ∉ 𝐴

1
𝜇𝐴 (𝑥) = {
0

(3.1)

Thus a crisp set A either includes or excludes any given element in a binary fashion also
known as “Zero one membership function”, since it implies two values 0 or 1. In
contrast to this, a fuzzy set F may contain elements with varying degrees of membership
on the real interval [0, 1], where the endpoints 0 and 1 conform to no membership and
full membership respectively [70, 71] as shown in equation (3.2):
𝜇𝐹 (𝑥) ∈ [0,1]

(3.2)

The degree of membership 𝜇𝐹 (𝑥) of element x in fuzzy set F can take values in
the range of [0, 1], allowing both partial and complete membership to one or more fuzzy
sets. As x is an element of the universe X (𝑥 ∈ 𝑋), a description of the fuzzy set F is:
𝐹 = {(𝑥, 𝜇𝐹 (𝑥)) | 𝑥 ∈ 𝑋}

(3.3)

3.1.1 Crisp Sets vs. Fuzzy Sets Example
For instance, if there is a group of people that needs to be classified into two sets; short
and tall as in Table 3.1:
People

Height

Person 1

167 cm

Person 2

173 cm

Person 3

180 cm

Person 4

175 cm

Person 5

159 cm

Table 3.1: A number of people with different heights
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A crisp approach would suggest a threshold to be 170 cm in order to separate the
sets tall and short. The two crisp sets are expressed as follows:
Tall = {Person 2, Person 3, Person 4}
Short = {Person 1, Person 5}

The membership functions for the crisp sets tall and short would be as shown in Figure
3.1.

Figure 3.1: Membership functions plot for sample crisp sets tall and short

A fuzzy approach, on the other hand would suggest creating a fuzzy membership
functions that might look as shown in Figure 3.2.

Figure 3.2: Membership functions plot for sample fuzzy sets tall and short

The expression of the fuzzy sets for short and tall looks as follows:
Short = {(Person 1,0.53), (Person 2, 0.47), (Person 3,0.4), (Person 4, 0.45), (Person 5, 0.61)}
Tall = {(Person 1,0.47), (Person 2, 0.53), (Person 3,0.6), (Person 4, 0.55), (Person 5, 0.39)}

or
Short = (0.53/Person 1) + (0.47/Person 2) + (0.4/Person 3) + (0.45/Person 4) + (0.61/Person 5)
Tall = (0.47/Person 1) + (0.53Person 2) + (0.6/Person 3) + (0.55/Person 4) + (0.39/Person 5)
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where the + sign implies the union operation and not arithmetic addition. Fuzzy sets
allow us to incorporate the real world fact that no sharp boundaries between sets exist.
The overlap is typically found between fuzzy sets that forms fuzzy boundaries between
them. The smooth transition between the membership value of 1 and the membership
value of 0 is of great benefit to applications like fuzzy logic control as it eliminates
sudden changes in the output values which cause problems to classic controllers.
Thus, comparing the final results of the membership degree for the set of people
using both the crisp and fuzzy membership functions as shown in Table 3.2, an
observation can clearly be made where a person can belong to only one of the two crisp
sets while for fuzzy sets every element has a degree of membership to both of them.
This actually fits the way humans think. Someone might say that Person 2 is a little
short and at the same time fairly tall.

Crisp Sets
People

Fuzzy Sets

Height

𝝁𝑺𝒉𝒐𝒓𝒕 𝝁𝑻𝒂𝒍𝒍

𝝁𝑺𝒉𝒐𝒓𝒕

𝝁𝑻𝒂𝒍𝒍

Person 1 167 cm 1

0

0.53

0.47

Person 2 173 cm 0

1

0.47

0.53

Person 3 180 cm 0

1

0.4

0.6

Person 4 175 cm 0

1

0.45

0.55

Person 5 159 cm 1

0

0.61

0.39

Table 3.2: Degrees of membership to crisp versus fuzzy sets

3.2 Linguistic Variables
Linguistic variables are variables whose values are not numeric but are words or
sentences in a natural or artificial language [72]. They are used every day to express
what is important and its context. ‘This room is hot” is specific: it represents an opinion
independent of measuring system, and it has information that most listeners understand.
Thus, terms like temperature, speed, light and pressure levels, are considered linguistic
variables, and each can be decomposed into a set of terms (fuzzy sets). For instance, let
a light level (𝑙) be interpreted as linguistic variable where it can be decomposed into the
following set of terms: L (level) = {weak, low, okay, strong, high}, where the universe
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of discourse 𝑈 = [100 lux, 2300 lux]. Each fuzzy set can be represented by continuous
membership function (MF) as shown in Figure 3.3 which is a graphical representation
of the fuzzy sets. The light level below 200 lux might be interpreted as weak, low light
level is close to 700 lux, okay as a light level that is close to 1050 lux, strong as a level
close to 1500 lux and high as level close to 2200 lux. As a result measured values of
light level (x) lie along the light level axis. So if x = 300 a vertical line will intersect
fuzzy sets weak light level and low light level with two different degrees of membership
[73].

Figure 3.3: Membership functions for light level (lux) [73]

3.3 Membership Functions
In the design of fuzzy logic engineering applications, membership functions 𝜇𝐹 (𝑥) are
associated with terms that appear in the antecedents or consequents of rules. The first
step of a fuzzy logic control process is to determine the input/output membership
functions. The algorithm categorises the information entering the system. Then it
assigns values which represent the degree of membership in those categories that take
place between the interval of [0, 1] [70].
The most commonly used shapes for membership functions in fuzzy logic systems
are triangular, trapezoidal, piecewise linear and Gaussian as shown in Figure 3.4 (a, b, c,
and d) respectively [73]. The definition of the following triangular function is:
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𝑥−𝑎

𝜇𝑓 (𝑥) =

𝑏−𝑎
{ 𝑐−𝑥
𝑐−𝑏

0

𝑎≤𝑥≤𝑏
(3.4)

𝑎≤𝑥≤𝑏
Otherwise

and the definition for the trapezoid function is
𝑥−𝑎
𝑏−𝑎

1

𝜇𝑓 (𝑥) =

𝑑−𝑥
𝑑−𝑐

{0

𝑎≤𝑥≤𝑏
b≤x≤c
𝑐≤𝑥≤𝑑

(3.5)

Otherwise

A Fuzzy singleton is a fuzzy set whose support is a single point in 𝑈 with a
with 𝜇𝑓 (𝑥) = 1. The Gaussian function is shown in equation (3.6) where the parameter
c locates the distance from the origin and 𝜎 indicates the width of the curve [74].

𝜇𝑓 (𝑥) = ℯ

(a)

(c)

−(𝑥−𝑐)2
2𝜎2

(3.6)

(b)

(d)

Figure 3.4: Sample shapes for fuzzy membership functions [70]

Finally the polynomial based functions [74] which are defined as polynomial-S,
polynomial-PI, and polynomial-Z where the names stem from the shapes which are
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shown in Figure 3.5 (a), (b), and (c) respectively. For instance, the spline-based curve is
so named because of its Π shape. The first two shapes are always asymmetric in design,
but the PI-MF can be either asymmetric or symmetric in shape. The parameters a and d
locate the "feet" of the curve, while b and c locate its "shoulders." The PI membership
function is a product of S-MF and Z-MF membership functions, and is given by:

𝜇𝑓 (𝑥 ) =

0
⁄
2(𝑥−𝑎 𝑏−𝑎)2
1−2(𝑥−𝑏 ⁄𝑏−𝑎)2
1
1−2(𝑥−𝑐 ⁄𝑑−𝑐)2
2(𝑥−𝑑⁄𝑑−𝑐)2
0
{

(a)

𝑥≤𝑎
𝑎≤𝑥≤𝑎+𝑏⁄2
𝑎+𝑏⁄2≤𝑥≤ 𝑏
𝑏≤𝑥≤𝑐
𝑎≤𝑥≤𝑎+𝑏⁄2
𝑎+𝑏⁄2≤𝑥≤ 𝑏
𝑥≥𝑑

(b)

(3.7)

(c)

Figure 3.5: Sample shapes for polynomial fuzzy membership function

The work here evaluates HAOEFA based on two MFs designs. Following [74]
where comparisons of different membership functions designs were made to achieve the
best controlling performance. A choice of the highest two scoring MF designs was made
to be used in the HAOEFA’s development to achieve the best performance. The first
design uses a combination of triangular and Trapezoidal MF shape. The second design
uses polynomial-S, polynomial-PI, and polynomial-Z MF shape (see section 5.4.2).

3.4 Fuzzification
A fuzzy logic controller usually consists of four major parts which are fuzzification
interface (fuzzifier), Fuzzy rule base, Fuzzy inference engine and defuzzification
interface as shown in Figure 3.6. Fuzzification is related to the vagueness and
imprecision in a natural language. It plays an important role in dealing with uncertain
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information, which might be objective or subjective in nature [70]. It is a subjective
valuation that transforms a measurement into a subjective value, and hence it could be
defined as a mapping from an observed input space to fuzzy sets in certain input
universes of discourse. For instance, a fuzzifier maps a crisp point 𝑥 = (𝑥1 , … , 𝑥𝑛 )𝑇 ∈
𝑋1 × 𝑋2 × … × 𝑋𝑛 ≡ 𝑋 into a fuzzy set 𝐴𝑥 in 𝑋.
This thesis uses fuzzy singleton which is also the most widely used fuzzifier [73,
75]. That is due to its low computational requirements and suitability for real time
applications.

Figure 3.6: Type-1 Fuzzy Logic Controller

3.5 Rules Sets
Rules may be provided by experts or can be extracted from numerical data. In either
case, the rules of interest are expressed as a collection of IF-THEN statements. Consider
a type-1 FLC having 𝑛 inputs 𝑥1 ∈ 𝑋1 , … , 𝑋𝑛 and one output 𝑤 ∈ 𝑊. The 𝑖 𝑡ℎ rule in
this Multi Input Single Output (MISO) can be written as follows:
𝑅𝑖

𝑀𝐼𝑆𝑂 :

𝐼𝐹 𝑥1 𝑖𝑠 𝐹1𝑖 … 𝑎𝑛𝑑 𝑥𝑛 𝑖𝑠 𝐹𝑛𝑖 𝑇𝐻𝐸𝑁 𝑤 𝑖𝑠 𝐺 𝑖

(3.8)

For instance, “if 𝑥1 is very warm and 𝑥2 is quite low, then turn 𝑤 somewhat to the
right”. A type-1 FLC can also have multiple inputs multiple output (MIMO) rules of the
form [75]:
𝑅𝑖

𝑀𝐼𝑀𝑂 :

𝐼𝐹 𝑥1 𝑖𝑠 𝐹1𝑖 … 𝑎𝑛𝑑 𝑥𝑛 𝑖𝑠 𝐹𝑛𝑖 𝑇𝐻𝐸𝑁 𝑤1 𝑖𝑠 𝐺1𝑖 , … , 𝑤𝑐 𝑖𝑠 𝐺𝑐𝑖

(3.9)

where in (3.9) 𝑛, 𝑐 and 𝑖 represents the number of inputs 𝑥1 ∈ 𝑋1 , … , 𝑥𝑛 ∈ 𝑋𝑛 , the
number of outputs 𝑤1 ∈ 𝑊1 , … , 𝑤𝑐 ∈ 𝑊𝑐 , and 𝑖 𝑡ℎ rule respectively.
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3.6 Inference Engine
The inference engine which is labelled inference in Figure 3.6 of the fuzzy logic system
(FLS) maps fuzzy sets into fuzzy sets. It handles the way in which rules are combined.
That is; humans use inertial processes to understand, help us understand things, or make
decisions. Suppose now there are two input variables 𝑥1 and 𝑥2 . A fuzzy control rule in
equation (3.8) is implemented by a fuzzy implication 𝑅 𝑖 and is defined as 𝑅 𝑖 (𝑥1 , 𝑥2 ,
𝑤) = [𝐹1𝑖 (𝑥1 ) 𝑎𝑛𝑑 𝐹2𝑖 (𝑥2 )] 𝑇𝐻𝐸𝑁 𝐺 𝑖 (𝑤) where logical connective and is implemented
by minimum operator t-norm, i.e. [73]:
𝐹1𝑖 (𝑥1 ) 𝑎𝑛𝑑 𝐹2𝑖 (𝑥2 ) 𝑇𝐻𝐸𝑁 𝐺 𝑖 (𝑤) = [𝐹1𝑖 (𝑥1 ) × 𝐹2𝑖 (𝑥2 )] 𝑇𝐻𝐸𝑁 𝐺 𝑖 (𝑤) = min {𝐹1𝑖 (𝑥1 ),
𝐹2𝑖 (𝑥2 ) 𝑇𝐻𝐸𝑁 𝐺 𝑖 (𝑤)}

(3.10)

The procedure for obtaining such the fuzzy output of such knowledge base can
be labelled as the firing strength or the firing level of the 𝑖 𝑡ℎ rule which can be
determined by 𝐹1𝑖 (𝑥1 ) × 𝐹2𝑖 (𝑥2 ) and the output of the 𝑖 𝑡ℎ rule is calculated 𝐺 𝑖 (𝑤) =
𝐹1𝑖 (𝑥1 ) × 𝐹2𝑖 (𝑥2 ) 𝑇𝐻𝐸𝑁 𝐺 𝑖 (𝑤) for all 𝑤 ∈ 𝑊 [73].

3.7 Defuzzification
Defuzzification produces a crisp output for the FLC from the fuzzy sets that appear at
the output of the inference block in Figure 3.6. Essentially, it is a mapping from a space
of fuzzy control actions, defined over an output universe of discourse, into a space of
non-fuzzy (crisp) control actions. Also it is employed in many practical engineering
applications as a crisp control action is required. A defuzzification strategy is aimed at
producing a non-fuzzy control action that best represents the possibility distribution of
an inferred fuzzy control action. The range of defuzzification methods available is quite
large where the most widely used are the maximum, mean of maxima, centroid, height,
modified height [75].
The maximum defuzzifier examines the fuzzy set B and chooses as its output the
value w for which 𝜇𝐵 (𝑤) is at maximum. It can lead to peculiar results or can get hung
up as it ignores the fact that 𝜇𝐵 (𝑤) is distributed over a range of w-values. The mean of
maxima examines the fuzzy set B and first determines the values of w for which
𝜇𝐵 (𝑤) is maximum. Then it calculates the mean of these values as its final output.
Unfortunately, it also has some disadvantages because if the maximum value of 𝜇𝐵 (𝑤)
only occurs at a single point, then the mean of maximum defuzzifier reduces to the
53

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

maximum defuzzifier as shown in Figure 3.7. This means that the mean of the
maximum defuzzifier assigns a value to the output of the FLS midway between the two
triangles [73].

Figure 3.7: Example of which mean of maximum defuzzification makes no sense [73]

The centroid defuzzifier determines the centre of gravity (centroid), 𝑦𝑐 , of B and
uses this value as output of the FLS. From calculus it’s known that [73]:

𝑦𝑐 =

[∫𝑆 𝑤 𝜇𝐵 (𝑤) 𝑑𝑤 ]
[∫𝑆 𝜇𝐵 (𝑤) 𝑑𝑤 ]

(3.11)

where 𝑆 denotes the support of 𝜇𝐵 (𝑤). Frequently 𝑆 is discretized, so that 𝑦𝑐 can be
approximated by the following function that uses summations instead of integrations:

𝑦𝑐 =

[∑𝐼𝑖=1 𝑤𝑖 𝜇𝐵 (𝑤𝑖 )]
[∑𝐼𝑖=1 𝜇𝐵 (𝑤𝑖 )]

(3.12)

It is usually difficult to compute the centroid defuzzifier due to the higher levels of
discretisation required.
The next defuzzification method is the most widely used form of defuzzification
[73]. It is entitled the Height defuzzifier which is also developed and used in this thesis
as it is very easy to use and compute by real-life applications. This is due to the usage of
the centres of gravity of the MFs which are known ahead of time (see section 5.4.2).
The centre of gravity is located at the apex, the centre value, or the midpoint of a
triangular consequent MF, a Gaussian function, and a Trapezoidal MF respectively. Let
𝑤 denote the centre of gravity of fuzzy set 𝐵 𝑖 which is associated with activation of
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rule 𝑅 𝑖 . The defuzzifier first evaluates 𝜇𝐵𝑖 (𝑤) at 𝑤 and then computes the output 𝑦ℎ of
FLS as follows:

𝑦ℎ =

[∑𝐼𝑖=1 𝑤 𝑖 𝜇𝐵𝑖 (𝑤 𝑖 )]
[∑𝐼𝑖=1 𝜇𝐵𝑖 (𝑤 𝑖 )]

(3.13)

Although it is easy to use, this technique suffers from not using the entire shape
of the consequent membership function thus losing any information embodied in the
consequent set. In order to overcome this issue, the system developed in this thesis
needs to add the 𝛿 𝑖 parameter which is the measure of the spread of the consequent for
rule 𝑅 𝑖 to scale each point having maximum membership in that output set. Basically
the way forward is to develop a system that uses the modified height defuzzifer.
However, the problem here which has not been resolved yet is the ability of the system
to non-intrusively specify all the 𝛿 𝑖 , 𝑤 𝑖 , and 𝜇𝐵𝑖 (𝑤 𝑖 ) parameters needed which make
the modified height defuzzifer an even more complex solution to be used in a ubiquitous
real-life control application [73]:
2

𝑦𝑚ℎ =

[∑𝐼𝑖=1 𝑤 𝑖 𝜇𝐵𝑖 (𝑤 𝑖 )/𝛿 𝑖 ]
2

[∑𝐼𝑖=1 𝜇𝐵𝑖 (𝑤 𝑖 )/𝛿 𝑖 ]

(3.14)

3.8 Clustering Techniques
The essence of classification which is also termed as clustering is finding the structure
in the data. Clustering problems arise in many different applications, such as data
mining and knowledge discovery, data compression and vector quantisation, and pattern
recognition and pattern classification. As a result, the most important issue is deciding
what criteria to classify against. For example, suppose that a classification methodology
is needed to classify various types of people. In such a case a description of a person
might be according to their height, weight, gender, or race [71]. This section discusses
different types of clusters such as k-means clustering, Hard c-means clustering and
finally, Fuzzy c-means clustering which is used in this thesis work for the purpose of
classifying the numerical input data into various clusters. This allows HAOEFA to map
data inputs into linguistic variables that can be understood by humans and used also by
the system.
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3.8.1 K-means Clustering
Among clustering formulations k-means is one of the most widely used and simplest
unsupervised learning algorithms that solve the well-known clustering problem. The
procedure follows a simple and easy technique in order to classify a given data set
through a certain number of clusters (e.g. k clusters) fixed a priori.
The main idea is to define k centroids, one for each cluster. These centroids
should be placed in a cunning way because different location causes different result. So,
the best choice is to place them as much as possible far away from each other. The next
step is to take each point belonging to a given data set and associate it to the nearest
centroid. When no point is pending, the first step is completed and an early group age is
done. At this point a re-calculation of k new centroids is needed as the bar centres of the
clusters resulting from the previous step. After computing these k new centroids, a new
binding has to be done between the same data set points and the nearest new centroid, as
well as a loop being generated. As a result of this loop the k centroids change their
location gradually until no further changes are done. Finally, this algorithm aims to
minimise the objective function which is [76]:
(𝑗)

𝐽 = ∑𝑘𝑗=1 ∑𝑛𝑖=1‖𝑥𝑖
(𝑗)

where ‖𝑥𝑖

2

− 𝑐𝑗 ‖

2

(3.15)
(𝑗)

− 𝑐𝑗 ‖ is a chosen distance measure between a data point 𝑥𝑖 and the

cluster centre 𝑐𝑗, is an indicator of the distance of the n data points from their respective
cluster centers. The algorithm is composed of the following steps:
1. Place k points (initial group centroids) into the space represented by the objects
that are being clustered.
2. Assign each object to the group that has the closest centroid.
3. When all objects have been assigned, recalculate the positions of the k centroids.
4. Repeat Steps 2 and 3 until the centroids no longer move. This produces a
separation of the objects into groups from which the metric to be minimised can
be calculated.
K-means is a simple algorithm that has been adapted to many problem domains,
although the k-means algorithm does not necessarily find the most optimal
configuration corresponding to the global objective function minimum. It is sensitive to

56

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

the initial randomly selected cluster centers but the algorithm can run multiple times in
order to reduce such effect.

3.9.2 C-means Clustering
C-means clustering was developed to accommodate fuzzy data. It is an extension of a
method known as hard c-means, when employed in a crisp classification sense. The
introduced objective function approach is used to cluster the data into hyperspherical
clusters. It is developed so as to do two things simultaneously:


Minimise the Euclidean distance between each data point in a cluster and its
cluster centre (a calculated point), and;



Maximise the Euclidean distance between cluster centres.

3.9.2.1 Hard c-means (HCM)
HCM is used to classify data in a crisp sense. This means that each data point is
assigned to one, and only one, data cluster; these clusters are also called partitions.
HCM has the following characteristics, Define a family of {𝐴𝑖 , 𝑖 = 1, 2, … , 𝑐} as a hard
c-partition of 𝑋, where 𝑋 = {𝑥1 , 𝑥2 , … , 𝑥𝑛 } is a finite set space comprised of the
universe of data samples, where the following set theoretic forms apply to these
partitions [71]:
⋃𝑐𝑖=1 𝐴𝑖 = 𝑋

(3.16)

where
𝐴𝑖 ∩ 𝐴𝑗 = ∅

for all

𝑖≠𝑗

∅ ⊂ 𝐴𝑖 ⊂ 𝑋

for all 𝑖

(3.17)

and
(3.18)

c is the number of classes, clusters, or partitions, into which the data points needs to be
classified, 2 ≤ 𝑐 < 𝑛 where n is the number of data points. The function-theoretic
expressions associated with equations (3.16), (3.17) and (3.18) are these [71]:
⋁𝑐𝑖=1 𝑋𝐴𝑖 (𝑥𝑘 ) = 1

for all 𝑘

(3.19)

𝑋𝐴𝑖 (𝑥𝑘 ) ⋀ 𝑋𝐴𝑗 (𝑥𝑘 ) = 0

for all 𝑘

(3.20)

and
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and
0 < ∑𝑛𝑘=1 𝑋𝐴𝑖 (𝑥𝑘 ) < 𝑛

for all 𝑖

(3.21)

where ⋁ symbol is for the union of all cluster (sets), 𝐴𝑖 , spans the set of data points, 𝑋
and ⋀ symbol is for intersection. In addition, no overlapping between clusters and that
clusters cannot be either empty nor contain all data points. Now the characteristic
function 𝑋𝐴𝑖 (𝑥𝑘 ) is defined once again as [71]:
1
𝑋𝐴𝑖 (𝑥𝑘 ) = {
0

𝑋𝑘 ∈ 𝐴𝑖
𝑋𝑘 ∉ 𝐴𝑖

(3.22)

For simplicity in notation, the membership assignment for the 𝑗 𝑡ℎ data point in
the 𝑖 𝑡ℎ cluster, or class, is defined to be 𝑋𝑖𝑗 ≡ 𝑋𝐴𝑖 (𝑥𝑗 ). Now define matrix 𝑈 comprised
of elements 𝑋𝑖𝑗 (𝑖 = 1, 2, … , 𝑐; 𝑗 = 1, 2, … , 𝑛); hence, 𝑈 is a matrix with c rows and n
columns. Then the hard c-partition space is defined for X as the following matrix set
[71]:
𝑀𝑐 = {𝑈|𝑋𝑖𝑗 ∈ {0, 1}, ∑𝑐𝑖=1 𝑋𝑖𝑘 = 1, 0 < ∑𝑛𝑘=1 𝑋𝑖𝑘 < 𝑛}

(3.23)

Any matrix 𝑈 ∈ 𝑀𝑐 is a hard c-partition. The cardinality of any hard c-partition, 𝑀𝑐 is
[71]:
𝜂𝑀𝑐 =

𝑐
[∑𝑐𝑖=1 ( ) (−1)𝑐−1 ∙ 𝑖 𝑛 ]
𝑐!
𝑖
1

(3.24)

𝑐
where the expression ( ) is the binomial coefficient of c things taken at i at a time [71].
𝑖
The hard c-means algorithm is known as a within-class sum of squared error approach
using Euclidean norm to characterize distance. The algorithm is denoted (𝑈), where 𝑈 is
the partition matrix and the parameter, v, is a vector of cluster centres. This objective
function is given by [71]:
𝐽(𝑈, 𝑣) = ∑𝑛𝑘=1 ∑𝑐𝑖=1 𝑋𝑖𝑘 (𝑑𝑖𝑘 )2

(3.25)

Where 𝑑𝑖𝑘 is the Euclidean distance measure (in m-dimensional space feature space,
𝑅 𝑚 ) between the 𝑘𝑡ℎ data sample 𝑋𝑘 and the 𝑖𝑡ℎ cluster 𝑣𝑖 , given by [71]:
1/2

2
𝑑𝑖𝑘 = 𝑑(𝑥𝑘 − 𝑣𝑖 ) = ‖𝑥𝑘 − 𝑣𝑖 ‖ = [∑𝑚
𝑗=1(𝑥𝑘𝑗 − 𝑣𝑖𝑗 ) ]

(3.26)

Since each data sample requires m coordinates to describe its location in 𝑅 𝑚
space, each cluster also requires m coordinates to describe its location in the same space
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[71]. As a result, the 𝑖𝑡ℎ cluster is a vector of length m, 𝑣𝑖 = {𝑣𝑖1 , 𝑣𝑖2 , … , 𝑣𝑖𝑚 } where the
𝑗𝑡ℎ coordinate is calculate by [71]:
𝑣𝑖𝑗 =

∑𝑛
𝑘=1 𝑋𝑖𝑘 ∙ 𝑥𝑘𝑗

(3.27)

∑𝑛
𝑘=1 𝑋𝑖𝑘

The optimum hard c-partition is the partition that produces minimum value of
the function 𝐽. That is, [71]:
𝐽(𝑈 ∗ , 𝑣 ∗ ) = 𝑚𝑖𝑛𝑈∈𝑀𝑐 𝐽(𝑈, 𝑣)

(3.28)

HCM algorithm steps are as follows [71]:
1. Fix 𝑐 in (2 ≤ 𝑐 < 𝑛) and initiate the 𝑈 matrix as a 𝑈 (0) ∈ 𝑀𝑐 , then initialise 𝑟 =
0, 1, 2, …
(𝑟)

2. Calculate the c centres vectors as 𝑣𝑖 with 𝑈 (𝑟)
3. Update 𝑈 (𝑟) ; calculate the updated characteristic functions (for all 𝑖,) as follows
(𝑟+1)

4. 𝑋𝑖𝑘

={

(𝑟)

(𝑟)

1

𝑑𝑖𝑘 = min{𝑑𝑗𝑘 } for all 𝑗 ∈ 𝑐

0

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(3.29)

5. If ‖𝑈 (𝑟+1) − 𝑈 (𝑟) ‖ ≤ 𝜀, stop; otherwise set 𝑟 = 𝑟+1 and return to step 2, where
𝜀 is the tolerance level.

3.9.2.2 Fuzzy c-means (FCM)
This section summarises one of the most popular classification methods known as fuzzy
c-means which is developed and used in this thesis work (see section 5.4.2). Such an
algorithm was proposed by [71] as an improvement over the earlier hard c-means
(HCM) clustering. HCM is not easy to identify vague values or data points which
partially belong to multiple clusters. Unlike k-means and HCM clustering methods,
FCM can assign a value to multiple groups according to its grade of membership value.
It uses concepts in n-dimensional Euclidean space to determine the geometric closeness
of data points by assigning them to various clusters or classes and then computes the
distance between the clusters [71]. Then data points as a fuzzy c-partition is classified
on a universe of data points and assigned membership value to it that is determined
from the data of each point and the data of a cluster centre in each group. Hence, a
single point can have a partial membership in more than one class and the membership
value that the 𝑘 𝑡ℎ data point has in the 𝑖 𝑡ℎ class with the following notation [35]:
𝜇𝑖𝑘 = 𝜇𝐴𝑖 (𝑥𝑘 ) ∈ [0, 1]

(3.30)
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In the determination of the fuzzy c-partition a matrix U for grouping a collection
of n datasets into c classes, an objective function 𝐽𝑚 is defined for a fuzzy c-partition,
where [71]:
′

𝐽𝑚 (𝑈, 𝑣) = ∑𝑛𝑘=1 ∑𝑐𝑖=1(𝜇𝑖𝑘 )𝑚 (𝑑𝑖𝑘 )2

(3.31)

2
𝑑𝑖𝑘 = 𝑑(𝑥𝑘 − 𝑣𝑖 ) = √∑𝑚
𝑗=1(𝑥𝑘𝑗 − 𝑣𝑖𝑗 )

(3.32)

where

and 𝜇𝑖𝑘 is the membership of the 𝑘 𝑡ℎ data point in the 𝑖 𝑡ℎ class, 𝑑𝑖𝑘 is the distance
measure or the Euclidean distance between the 𝑖 𝑡ℎ cluster center and the 𝑘 𝑡ℎ data point
in m-space, 𝑚′ is the weighting parameter which has a range 𝑚′ ∈ [1, ∞) and 𝑣𝑖 is the
𝑖 𝑡ℎ cluster centre which is described by m coordinates and can be arranged in vector
form, 𝑣𝑖 = {𝑣𝑖1 , 𝑣𝑖2 , … , 𝑣𝑖𝑚 }. Each of the cluster coordinates for each class can be
determined as [71]:

𝑣𝑖𝑗 =

𝑚′
∑𝑛
𝑘=1 𝜇𝑖𝑘 ∙ 𝑥𝑘𝑗

(3.33)

𝑚′
∑𝑛
𝑘=1 𝜇𝑖𝑘

where j is a variable on the coordinate space, i.e., 𝑗 = 1, 2, … , 𝑚.The optimum fuzzy cpartition is the smallest of the partition described in equation (3.31); that is, [71]:
∗ (𝑈 ∗ ∗ )
𝐽𝑚
, 𝑣 = 𝑚𝑖𝑛𝑀𝑓𝑐 𝐽(𝑈, 𝑣)

(3.34)

The steps in this algorithm are as follows [71]:
1. Fix 𝑐 in (𝑐 ≤ 𝑐 < 𝑛) and select a value for parameter 𝑚′. Initialize the partition
matrix, 𝑈 (0) . Each step in this algorithm is labelled 𝑟 = 0, 1, 2, …
(𝑟)

2. Calculate the c centres {𝑣𝑖 } for each step.
3. Update the partition matrix for the 𝑟 𝑡ℎ step, 𝑈 (𝑟) as follows:
(𝑟+1)
𝜇𝑖𝑘

= [∑𝑐𝑗=1 (

(𝑟)

𝑑𝑗𝑘

−1

2/(𝑚′ −1)

(𝑟)

𝑑𝑖𝑘

)

]

for 𝐼𝑘 = ∅

(3.35a)

or
(𝑟+1)

𝜇𝑖𝑘

=0

for all classes 𝑖 where 𝑖 ∈ 𝐼̃𝑘

(3.35b)

where
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(𝑟)

𝐼𝑘 = {𝑖|2 ≤ 𝑐 ≤ 𝑛; 𝑑𝑖𝑘 = 0}

(3.36)

𝐼̃𝑘 = {1, 2, … , 𝑐} − 𝐼𝑘

(3.37)

(𝑟+1)
∑𝑖∈𝐼𝑘 𝜇𝑖𝑘
=1

(3.48)

and

and

4. If ‖𝑈 (𝑟+1) − 𝑈 (𝑟) ‖ ≤ 𝜀𝐿 , stop; otherwise set 𝑟 = 𝑟 + 1 and return to step 2.
In step 4 we compare a matrix norm || || of two successive fuzzy partitions to a
prescribed level of accuracy, 𝜀𝐿 , to determine whether the solution is good enough. In
step 3 there is a considerable amount of logic involved in equations (3.35) – (3.38).
Equation (3.35a) is straightforward enough, except when the variable 𝑑𝑗𝑘 is zero. Since
this variable is in the denominator of a fraction, the operation is undefined
mathematically,

and

computer

calculations

are

abruptly

halted.

So

the

parameters 𝐼𝑘 and 𝐼̃𝑘 comprise a bookkeeping system to handle situations when some of
the distance measures, 𝑑𝑖𝑗 , are zero, or extremely small in a computational sense. If a
zero value is detected, equation (3.35a) sets the membership for that partition value to
be zero. Equations (3.36) and (3.37) describe the bookkeeping parameters 𝐼𝑘 and 𝐼̃𝑘 ,
respectively, for each of the classes. Equation (3.38) simply says that all the nonzero
partition elements in each column of the fuzzy classification partition, 𝑈, sum to unity.

3.10 Summary
In this chapter, fuzzy logic has been discussed as a non-linear function approximate that
makes use of linguistic reasoning (human words) to represent vagueness and
uncertainty. It also presented the benefit of using fuzzy sets compared to crisp sets, in
addition to how the fuzzy rule base is used to offer a control solution as a collection of
IF-THEN statements describing the objects of control in a more flexible and transparent
manner. This methodology allows the intelligent FLS rule base to be analysed and the
relationship between sensors inputs, fired rules actuator outputs to be intuitively
understood without reason to complex mathematical models of the system, in addition
to the different clustering techniques that have been presented and lately been used in
constructing HAOEFA MFs (see section 5.4.2).

61

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

4 Emotion Recognition
Human Emotions are universally recognised around the globe through body and facial
gestures [77]. There are a huge number of different emotions, therefore it is vital to
know which are the most significant emotions that need to be clarified for the HAOEFA
application. An emotion is a complex phenomenon that does not have one single
definition that is universally accepted as mentioned earlier. However, the majority of the
literatures [78] agree that emotions are of complex nature and have to be seen as a
combination of psychological and cognitive factors.
There are three fundamental characteristics that define emotions and those
include physiological changes or arousal (e.g. tense muscles, change in heart rate,
sweating), behaviours or expressions (e.g. flee, hide, facial expressions), and subjective
and cognitive experiences (conscious experience). The identification of these
characteristics allowed various research fields such as signal processing and artificial
intelligence to focus on the detection of human emotions.
This chapter discusses different methodologies of automatic emotion recognition
systems. Moreover, it introduces the importance of considering emotion recognition
while understanding the human behaviour in AIEs and how it affects the person’s
attitude or behaviour over time.

4.1 Development of Human Emotions
In order to distinguish between different emotions, this section presents the different
features that help define the way human emotions develop [79]:
Event focus: Emotions are created by both external and internal events that
stimulate a response from the organism after having been evaluated for its significance.
On one hand, external events can be natural events such as thunderstorms and
earthquakes or can occur from the organisms around us. On the other hand, emotions
can be triggered from a person’s own memory and images that come to mind or sudden
neuroendocrine. Identifying these factors and connecting them to the emotions helps to
create the event focus design feature, which is of great importance because if not
emotions will be just free floating. In other words, these factors help identify emotions
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otherwise each minute could be identified as a new emotion because it’s not connected
to any event.
Appraisal driven: Componential theories of emotion generally assume that the
relevance of an event is determined by a rather complex yet very rapidly occurring
evaluation process. This can occur on several levels of processing, ranging from
automatic and implicit to conscious conceptual or propositional evaluations. Appraisal
is also of two types; intrinsic and extrinsic. Intrinsic appraisal evaluates the feature of an
object or person independently of the current needs and goals of the appraiser, based on
genetic (e.g. sweet taste) or learnt (e.g. bittersweet food) preferences. Transactional
appraisal evaluates events and their consequences with respect to their conduciveness
for salient needs, desires, or goals of the appraiser. This helps to prepare appropriate
behavioural reactions to events with potentially important consequences.
Response synchronisation: If emotions prepare appropriate responses to events,
the response patterns must correspond to the appraisal analysis of the presumed
implications of the event. Given the importance of the eliciting event, which disrupts the
flow of behaviour, all or most of the subsystems of the organism must contribute to
response preparation. The resulting massive mobilisation of resources must be
coordinated, a process which can be described as response synchronisation.
Rapidity of change: Events change rapidly along with their appraisal, often
because of new information or due to revaluations. Consequently, the emotional
response is likely to change rapidly too as the appraisal drives the patterning of the
responses in the interest of adaptation.
Duration: Conversely, as emotions imply massive response mobilisation and
synchronisation as part of speciﬁc action tendencies, their duration must be relatively
short in order not to tax the resources of the organism and to allow behavioural
ﬂexibility. In contrast, low intensity moods that have little impact on behaviour can be
maintained for much longer periods of time without showing adverse effects.
Intensity: Given the importance of emotions for behavioural adaptation, one can
assume the intensity of the response patterns and the corresponding emotional
experience to be relatively high, for example, suggesting that this may be an important
design feature in distinguishing emotions from moods.
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Behavioural impact: Emotions prepare adaptive action tendencies and their
motivational underpinnings. In this sense they have a strong effect on emotion
consequent behaviour, often interrupting on-going behaviour sequences and generating
new goals and plans which will have an effect on the human wellbeing over time.

4.1.1 Measurement of Human Emotions
There is no single gold-standard method for emotion measurement. Rather, given the
component process nature of the phenomenon, only convergent measurement via
assessment of all component changes involved can provide a comprehensive measure of
an emotion. In other words, in an ideal world of science, a measurement of the
following features is required to measure and detect the human emotions [79]:


The continuous changes in appraisal processes at all levels of central nervous
system processing (i.e. the results of all of the appraisal checks, including their
neural substrata).



The response patterns generated in the neuroendocrine, autonomic, and somatic
nervous systems.



The motivational changes produced by the appraisal results, in particular action
tendencies (including the neural signatures in the respective motor command
circuits).



The patterns of facial and vocal expression as well as body movements.



The nature of the subjectively experienced feeling state that reflects all of these
component changes.

Due to technological limitations, such comprehensive measurement of emotion has
never been performed and is unlikely to become standard procedure in the near future.
Therefore, HAOEFA focuses on the modelling of the human behaviour that
accompanies different emotions detected despite why or when they develop. It uses the
user’s physiological changes (see section 5.4.3) and focuses on controlling the
environment on their behalf to maximise their comfort and well-being overtime. In
addition, the next section discusses the different methodologies available that aim
towards emotion recognition in AIEs in which one was developed to be used in this
thesis.
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4.2 Emotion Recognition in Ambient Intelligent
Environments
Computing systems should operate in a similar way to how humans recognise emotions
during their communication, because detecting people’s emotions during conversations
could lead to a more intelligent human to human interaction. For example, a person
notices that a friend is feeling sad (crying) whilst in a car together, so he turns off the
music being played instantly [66]. AIEs should apply a similar technique to be more
intelligent while interacting with humans. This will help to close the gap between
understanding the human behaviour and the emotional states associated with it.
There are several techniques for emotion detection: the main three categories for
emotional expressions are verbal expressions, facial expressions as well as
physiological changes as shown in Figure 4.1. Analysis of facial expressions is a very
accurate and reliable method, as in the human to human interaction this is the way to
define the emotive information viewed by the other person. Image processing
techniques are used here to locate the position of the eyebrows and the corners of the
mouth, in addition to continuing to track them. Another means of emotion recognition is
the verbal expression analysis which detects emotions from human speech and relies
mainly on linguistic and acoustic information analysis. The final technique used for
emotion detection aims to analyse the physiological effects of emotions on the human
body. For instance, the usage of bio-sensors to measure the heart rate, skin temperature,
respiration rate, mouth dryness or salivation.

Figure 4.1: Emotion Recognition Methods.
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Various researchers have been trying to relate between certain forms of speech
with their corresponding emotional labels. Lots of accomplishments in speech synthesis
and automatic speech recognition (ASR) have been reached only in the recent years,
which led to a combination of psychological and technical application based
approaches. Recently ASR has been introduced to intelligent environments as it helps in
getting closer to achieving the pervasive computing vision by earning more respect to
the human emotion. One of the main goals is to improve the system interaction with
humans in such a way that it would seem as if humans were interacting with each other
and not with machines. For instance, in a human to human interaction, people usually
behave according to the emotional state of the speaker [80].
However, many limitations in developing ASR systems were encountered, one
of which is with spontaneous speech as this is one of the most difficult speeches to be
recognised in both speech and emotion recognition systems. Such ungrammatical
speech which includes hesitations, pauses and co-articulation leads to inefficient speech
recognition where extracting important features is more difficult to fulfil. Another
problem that faces speech recognition systems is with homo-phones, which are different
words with same pronunciation but different orthography and meaning (e.g. made and
maid).
In addition, major problems have been encountered through previous systems’
developments (see section 2.3.4) which aimed towards deploying ASR systems in AIEs.
Moreover, the studies of different emotions do not have a clear classification for
detecting human emotions as discussed earlier in this chapter. Therefore, it is very
complicated to perform emotion recognition in AIEs by matching a speech signal or the
linguistics of the utterance to a predefined clear pattern that can help in mapping it to
one single emotion.
Thus, in order to achieve this vision of earning more respect to the human
emotions in the field of pervasive computing while avoiding the limitations of other
methodologies, the work proposed in the thesis uses wireless bio-sensors [18] in the
fuzzy logic emotion recognition technique later discussed. This is due to its ability of
being pervasive and robust against different environmental conditions in which strongly
affect other forms of emotion recognition [81]. Physiological sensing, which has been
used in this thesis, is sometimes considered invasive because it involves physical
contact with the person. However, not only is technology improving with conductive
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rubber and fabric electrodes that are wearable, washable, and able to be incorporated in
clothes and accessories, but there are also new forms of noncontact physiological
sensing on the horizon. In many cases, physiological sensors are perceived as less
invasive than alternatives, such as video. Video almost always communicates identity,
appearance, and behaviour, on top of emotional information [82]. It is also considered to
be an invasion of privacy if it is going to be used in an everyday living environment
[61].

4.2.1 Automatic Emotions Recognition through Body
Physiological Changes
When designing intelligent machine interfaces, why not focus on facial and vocal
communication, are not these the modes that people rely upon? There are cases where
such modes are preferable, as well as other behaviour-based modes, such as gestural
activity or time to complete a task [82]. However, it is a mistake to think of physiology
as something that people do not naturally recognise. A stranger shaking your hand can
feel its clamminess (related to skin conductivity); a friend leaning next to you may sense
your heart pounding; students can hear changes in a professor's respiration that give
clues to stress; ultimately, it is muscle tension in the face that gives rise to facial
expressions. People read many physiological signals of emotion. Physiological pattern
recognition of emotion has important applications in medicine, entertainment, and
human computer interaction. Affective states of depression, anxiety, and chronic anger
have been shown to impede the work of the immune system, making people more
vulnerable to viral infections, and slowing healing from surgery or disease.
Physiological pattern recognition can potentially aid in assessing and
quantifying stress, anger, and other emotions that influence health. Certain human
physiological patterns show characteristic responses to music and other forms of
entertainment, e.g., skin conductivity tends to climb as a piece of music “peps you up”
and fall as it “calms you down”. Changes in physiological signals can also be examined
for signs of arising stress. This can be done while users are interacting with technology.
It helps to detect unnecessary irritation or frustration caused by a certain product,
without having to interrupt the user or record their appearance. This area for pattern
recognition research is considered for detecting when products cause user stress or
aggravation, thereby helping developers target areas for redesign and improvement. For
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example, students engaged in distance learning may wish to communicate to the lecturer
that they are frowning their eyebrows in confusion or puzzlement but not have the
lecturer know their identity. They might not object to having a small amount of muscle
tension anonymously transmitted, whereas they may object to having their appearance
communicated.

4.2.1.1 Feature Extraction
Most physiological processes produce signals of several types such as Biochemical in
the form of hormones, Electrical in the form of current, and Physical in the form of
pressure and temperature. For example when a person is afraid of something their heart
races, muscles tense, and mouth becomes dry. These changes are controlled by the
automatic nervous system, which manages heart muscles, smooth muscle and various
glands in the human body [81]. These bodily reactions can be measured and monitored
using Bio sensors and the bio-signals can be classified to correspond to each emotion.
New wearable computer artefacts facilitate different forms of sensing than
traditional computers. Wearable artefacts shown in Figure 4.2 often afford natural
contact with the surface of the skin; however, they do not easily afford having a camera
pointed at the user's face. It can be done with a snugly fitted hat and stiff brim to mount
the camera for viewing the wearer's face, a form factor that can be awkward both
physically and socially. In wearable systems, physiological sensing may be set up so
that it involves no visible or heavy awkward supporting mechanisms; in this case, the
physiological sensors may be less cumbersome than video sensors [82].
Electrocardiogram (ECG): is a test which measures the electrical activity of the
heart. ECG is used to calculate the rate and regularity of heartbeats. It can be recorded
from above the chest or limbs. ECG measurement from the limbs is less inconvenient
but more vulnerable to artefacts [81]. Heart rate variability (HRV) can be measured
using heart rate (HR) and inter-beat intervals (IBI). HRV can be seen in a continuous
recording of IBIs (or heart rate) over time. It is best seen while someone is breathing
normally or breathing at a paced rate within a normal physiological range (for example,
when the person is not exercising). When a person takes rapid and shallow breaths,
HRV decreases. In other words, the peaks and troughs in heart rate would flatten out. A
low HRV can indicate a state of relaxation, whereas an increased HRV can indicate
frustration or state of mental stress [83].
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Figure 4.2: Position and typical waveforms of the biosensors: (a) ECG, (b) EMG, (c) RSP, (d) EDR, (e)
BVP, (f) Skin Temperature [84]
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Electromyography (EMG): is a technique used to record electrical potential
created by muscle membranes when there is an electrical or neurological triggering. For
example, a high muscle tension is created when there is stress or frustration. These
signals can be measured by placing the bio sensors over face or hands [81].
Respiration (RSP): sensors measure how deep and fast a person is breathing.
This is measured by applying a rubber band around the chest. Fast and deep breathing
can indicate excitement such as anger or fear but sometimes also joy. Rapid shallow
breathing can indicate tense anticipation including panic, fear or concentration. Slow
and deep breathing indicates a relaxed resting state while slow and shallow breathing
can indicate states of withdrawal, passive like depression or calm happiness [81, 83].
Electrodermal response (EDR): also called as skin conductivity (SC) measures
the conductivity of the skin. For example EDR increases if the skin is sweaty. This
signal is a sensitive indicator of stress and for other stimuli. It is also used to classify
between conflicts-no conflict situations or classify between anger and fear. The main
disadvantage of this signal is that it is influenced by external factors like outside
temperature, thus more measurements and calibrations are recommended [81].
Blood volume pulse (BVP): is measured by determining the amount of blood
currently running though the vessels, e.g. in the finger of a test subject. A photoplethysmo-graph (PPG) consisting of a light source and photo sensor is used to measure
BVP. It is attached to the skin and the amount of reflected light, which depends on the
amount of blood, is measured [81].
Skin temperature: can be measured by determining the temperature on the
surface of the skin. For example under strain, muscles are tensed, the blood vessels are
contracted and hence the temperature decreases. Similar to the Electro dermal response
the skin temperature also depends on external factors. Furthermore it is a relatively slow
indicator of changes in emotional state [81]. A high skin temperature for a short period
of time can indicate a state of anger or frustration [83], whereas for an increased period
of time can indicate illness.

4.3 Summary
This chapter has shown the concept of detecting the human emotion to be a particularly
complicated problem, even though the term is used very frequently in our daily lives.

70

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

This exposed that, in order to understand the human emotional state, one has to
understand most of the previous life events, subjective experience, the current situation,
and more.
The chapter also presented different characteristics needed to distinguish
between various emotions, in addition to how emotions can affect the human attitude
with actions like mood swings and behavioural impacts over time. It presented the
various approaches used in detecting human emotions in AIEs such as speech
recognition, video and image processing as well as physiological information
processing. It discussed the advantages and disadvantages of these different approaches,
leading to the conclusion of using the wireless Bio-sensors [18] in the fuzzy logic
emotion recognition technique later discussed in this thesis. This is due to its ability to
be mostly pervasive and

robust against different environmental conditions which

strongly affect other forms of emotion recognition as previously discussed [81].
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5 Methodology
After introducing the research motivation and the aims of this work in chapter one; the
Literature review in chapter two which led the way to introduce FLS in chapter three
and Emotion Recognition in chapter four, this chapter aims to explain the methodology
used in the development of the work taking place in this thesis to achieve its goals. It
presents the approach taken, the experimentation design, and HAOEFA’s development.
It also presents the build of the Glam i-HomeCare that has been especially set up to
evaluate HAOEFA’s performance with different occupants. It also demonstrates how
HAOEFA captures different sensors’ data and how it processes this information. This
chapter also reflects on any of HAOEFA’s design flaws that should be avoided in future
work in some of the next sections.

5.1 System Approach
The knowledge abstraction mechanism and classification technique used in this thesis
focuses on the usage of fuzzy logic methodology, where an unobtrusive intelligent
system (HAOEFA) is used in AIEs as detailed. The choice of FL is due to its ability to
convert knowledge in linguistic form from both patients and clinicians into discriminant
functions (see sections 3.1 and 3.2). For instance, in a hypothetical example; a linguistic
variable (such as low) can be correctly measured by a clinician in a situation where a
patient is stating that his respiration rate feels low. This can be easily measured by the
clinician by comparing the current respiration rate reading (e.g., 10 breaths/min.) to the
FL classified data. This allows the clinician to determine if this person normally has a
low respiration rate when compared to general standards (12-20 breaths/min.) or not.
Thus, with the help of HAOEFA such an incident should give the clinician a clearer
view to the current patient situation.
HAOEFA uses a type-1 FLC technique to understand various user linguistic
variables, model the user behaviour, and control their environment on their behalf with
respect to their physiological and emotional states. It aims to evaluate the new
understanding of the human wellbeing (see page 29). Thus, various real-life practical
experimentations are needed to be performed with several occupants (each at a time).
These experimentations took place in the Glam i-HomeCare around the same time (i.e.
between winter and spring) of the year by different male and female occupants ageing
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between 20-35 years old. The participants of this study were volunteer students from the
University of South Wales. This is due to research funding difficulties and the PhD
scholarship time constraints which prevented getting elderly participants to perform the
experiments. However, this did not impact neither the experimentation procedures nor
its results because at the end HAOEFA does not differentiate users according to a
certain age group, thus it can be equally applied to elderly and young people.
In the design of the experimentation procedure discussed later (see section 5.3),
achieving meaningful results was considered while choosing the number of days. Thus,
the number of days for each experiment was chosen according to various aspects.
Firstly, the overall time constraint for the PhD with the number of experiments that
needed to be performed to achieve a rich amount of results to evaluate HAOEFA.
Secondly, the nature of using volunteers’ time as they needed to book a number of days
off in their diaries to perform the two consecutive experiments, in order to be able to
compare HAOEFA’s different MF developed designs (see section 5.4.2). Therefore,
each performed experiment took a duration of six consecutive days for each occupant as
it was not possible to afford more time. Following [2, 14, 40] where the experiments’
durations were four weeks or more, it was observed that even a longer experimentation
period was all about repetition of human behaviour for a longer duration and to evaluate
the system performance to it. So looking at the time constraints at hand, the procedure
was one day of system learning and five days of the control and adaptation phase. The
control took place with options for the occupant to change behaviour or update
HAOEFA’s control when not satisfied with its output. One day of system observation or
learning was considered enough as the day conditions were largely similar in the next
consecutive five days with no major changes to the environmental and user physical
conditions. This approach helped decrease HAOEFA’s control error margin while
dealing with different environmental conditions or weather changes. It also allowed
HAOEFA enough time to model user behaviour and control the Glam i-HomeCare on
their behalf with respect to their different physiological and emotional states, as well as
the changing environment’s conditions.
There are two main phases for each experiment that HAOEFA goes through.
The first phase is learning the user behaviour by capturing information from the
environment around it and the user actions associated with it. The second phase is
modelling this behaviour and controlling the Glam i-HomeCare with respect to the
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physiological changes of the occupant and their emotional states during the extended
experiment of a certain period.
During the learning period, the system stores all the occupant’s physiological
data and the environmental information gathered in a readable journal format to
evaluate the system control performance in the following control phase. In order to
achieve a good understanding for different linguistic variables, the agent uses the FCM
technique (see section 5.4.2) to automatically create the centres used in the design of the
Membership Functions. This allows the system to not only attempt to understand
different linguistic variables like low, medium, and high but also how these variables
can lead to different understanding of the human emotional state such as happy, neutral,
and angry. To achieve a better control performance different membership functions
designs were to be evaluated. The system then starts to build its rule base using a
collection of MIMO IF-THEN statements that has been observed during the learning
phase. After investigating many defuzzification techniques that could be implemented
in a FLC (see section 3.7), the system uses the Height defuzzifier in the defuzzification
process due to its low computational power and ease of use in real-time life
applications. Finally, the system enters the life-long controlling/adaptation loop phase
where it starts to control the environment on the user’s behalf with respect to their
behaviour, health and emotional states.
The system is evaluated using four essential parameters. Firstly, the number of
rules created by the FLC during the learning phase followed by how much is added in
the control/adaptation phase. Secondly, it is evaluated using the time parameter and how
fast the system stabilises over the time during the experimentation control and
adaptation period. The third is the number of times the occupant intervenes with the
system controls which reflects back on the number of rules and stabilisation of
HAOEFA’s performance. Only when combining the three mentioned parameters, a true
evaluation of the system learning ability can be provided. The final evaluation is for the
emotion recognition system which is done by the occupants living in the environment
during experimentation time. Whenever the system detects a change in the user’s
physiological data that leads to a change of the occupant’s emotional state, it displays a
popup message with various emotions where the occupant needs to choose one of them.
The choice is compared to the system’s detected emotion and over the experimentation
time the system accuracy can be recorded and finally evaluated. This practical
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mechanism should allow the developed system to examine and evaluate the new
proposed understating of the human wellbeing over the experimentation time in the
Glam i-HomeCare ambient environment.

5.2 Glamorgan Intelligent Home Care
The Glam i-HomeCare depicted in Figure 5.1 is located at the University of South Wales
acts as a real world test-bed for AIEs. Worth mentioning is that this environment was a
non-existing infrastructure; it is newly and specifically built to evaluate the work of this
thesis. It aims to create an AAL Environment that looks like any other ordinary room
containing furniture. However, it contains an assorted invisible network of connected
actuators and sensors which are buried inside the walls of the room [40] so that the
occupant should be completely unaware of their intelligent hidden infrastructure [85].
Currently the Glam i-HomeCare targets single user households as the main audience as
multiple occupants cannot affect a set of environmental actuators uniquely in addition to
ambient sensors’ lacking ability to distinguish between persons living in the same
household [51]. In addition the Glam i-HomeCare can include a wide range of daily
activities such as watching TV, eating dinner, and reading books.

Figure 5.1: The Glamorgan intelligent Home Care

When building AAL environments it is important to distinguish between indoor
and outdoor living assistance. Systems for indoor living assistance work in a welldefined locality scope: in apartments, homes, cars, hospitals, and elderly care homes.
Indoor living assistance systems can be built upon a well-known hardware/software
installation in the location, thereby providing a stable environment. Outdoor living
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assistance systems support persons during activities outside their homes while shopping,
travelling, and during other social activities. These systems are faced with highly
unstable environmental conditions such as availability of wireless communication,
accessibility of network services, and context information acquired via sensors. This
adds another level of complexity and uncertainty to those systems. Also challenges for
outdoor systems are elders who cannot walk and/or coordinate or undertake physical
activity to participate in activities outside their homes, travel, and interact in social
activities. Another useful classification dimension is the type of service provided which
can be distinguished between various types of services such as Emergency treatment,
Autonomy enhancement, and User Comfort [86] as shown in Figure 5.2.

Figure 5.2: Home care system domain [44]

Emergency treatment is considered to be the kernel of any living assistance
system. It aims at the early prediction of and recovery from critical conditions that
might result in an emergency situation and the safe detection and alert propagation of
emergency situations such as sudden falls, strokes, and panic situations.
Autonomy enhancement services is the term used to denote all services that
make it possible to abandon previous manual care given by medical and social care
personnel or relatives, and replace it by appropriate system support. For example, a type
of service is a cooking assistance system for people with visual defects; the appropriate
instrumentation of a stove which enable those people to cook safely without the need for
assistance by social care workers.
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Comfort services cover all areas that do not fall into the two categories above.
Examples of comfort services are social contact assistance, infotainment assistance, and
logistic assistance. It is clear from the discussion that comfort services do not have the
same importance and social impact as the other two categories, although there might be
a huge market for those systems.
The developed Glam i-HomeCare system aims to alleviate the need for constant,
dedicated care within the home for a class of patients that have difficulty in managing to
interact with a standardised domestic environment. It proposes an intelligent and costeffective solution for the personalised care provision without the need for direct and
constant individual carer interactions. This can reduce the burden on the care-giver
without reducing the level of care, but still maintaining direct and immediate responses
to specific situations. Moreover, the agent records patients’ parameters, by gathering all
of the patients’ physiological data to an online server that can be accessed by any
authorised health care provider. This methodology provides an audit trail and facilitates
a long term data analysis so that chronic conditions can be assessed over an extended
period without the need for regular consultations with an HCP.

5.2.1 The Environment Infrastructure
The Glam i-HomeCare network infrastructure shown in Figure 5.3 is equipped with
various embedded X10 actuators and LonWorks sensors as detailed in the next section.
This equipment provides time stamped information with internal light level, external
light level, internal temperature, external temperature and occupancy situation. The
Lonworks sensors are connected to the i.LON SmartServer 2.0 that connects wirelessly
to the PC in control. HAOEFA also gathers the user’s physiological data (see section
5.2.3) such as heart rate, skin temperature, respiration rate, body status, and body
posture using a Bluetooth connection to a sensor pack known as the Equivital EQ02 belt
[18] (see section 5.2.3.1). The developed agent can control four dimmable floor
standing up lights and the TV inside the room on the occupant’s behalf, with respect to
the detected emotional state and their previously learnt behaviour while monitoring their
physiological body changes.
The developed system has a very simple installation process where any
computer that runs a standard Java process can easily interact with the Glam iHomeCare wirelessly using its Graphical User Interface (GUI) shown in Figure 5.4 (a)
77

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

and (b). It allows individuals living in the environment to easily interact with its
actuators and system control responses whenever needed. This would enhance the
occupants’ quality of life by continually evolving the mapping between their emotional
states and behavioural conditions with environmental preferences. Equally, the occupant
can use the system’s built-in voice commands (see section 5.4.6) shown later in Figure
5.18 to interact with environment around them. Any spoken command is both executed

instantly and communicated to update the HAOEFA’s memory to the occupant’s new
preference in the situation observed.

Figure 5.3: Glam i-HomeCare network infrastructure

5.2.1.1 System Alerts
The system developed also uses the internet technology to communicate and
control the Glam i-HomeCare through any handheld tablet or smartphone from
anywhere and at any time, as shown in Figure 5.5 (a) and (b). This allows the system to
constantly monitor user’s behavioural actions and physiological data changes indoor
and outdoor as well in an almost real-time manner. This gives the user the freedom and
mobility needed in their life with no constraints attached. In addition to this, the safety
features that have been added to HAOEFA provide instant information regarding
personalised critical conditions which may be acquired when the care team may not be
directly in attendance. Alarm conditions can be set which send immediate feedback to
the registered support workers so they can take action instantly. These
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Figure 5.4: PC Glam i-HomeCare Graphical User Interfaces

(a) User login screen

(b) Glam i-HomeCare interface
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Figure 5.5: Smart Phone Glam i-HomeCare Graphical User Interfaces

(a) User login screen

(b) Smart Phone Glam i-HomeCare
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specific emergency alert messages (feedback) can be sent by SMS and email to the
nominated carers showing both the need and the context of the problem. The next two
sections describe the network architecture used in the Glam i-HomeCare as well as
introducing in details the EQ02 LifeMonitor belt used during the performed
experiments.

5.2.2 LonWorks i.LON SmartServer Network
LonWorks technology [33] is one of the leading solutions for open control networks.
LonWorks networks use the LonWorks protocol also known as the LonTalk protocol
which is a layered, packet-based, peer-to-peer communications protocol. The i.LON
SmartServer 2.0 which is used in this project is the latest addition to Echelon’s i.LON
family of Internet servers. The Echelon’s i.LON SmartServer is easy to deploy and
manage, and capable of both local and remote control. Also, many commercially
available sensors and actuators exist for this system. The physical network installed in
the Glam i-HomeCare is the Lonworks iLON Smartserver network which provides the
gateway to the IP network. The HAOEFA’s communication developed code is shown in
Appendix B. The code shows how HAOEFA parses the sensors’ data from the i.LON
server via a File Transfer Protocol (FTP) connection. Most of the sensors and effectors
in the Glam i-HomeCare are connected via a Lonworks network as presented in Figure
5.6
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5.2.3 The Equivital LifeMonitor Belt
Equivital products [34] combine a world class human performance monitoring
capability with robust clinical grade data quality where their technologies have
pioneered mobile human monitoring for almost a decade. They are designed for use by
real people in real environments and keep usability and ﬂexibility at the fore, meeting
broad end-user monitoring requirements. The EQ02 Sensor belt is designed to be a light
weight breathable fabric that is comfortable when worn for extended periods, and
enables a high quality measurement of physiology even when the wearer is engaged in
strenuous physical activity and rapid movement. This belt also benefits from a very
simple cleaning procedure where it can be washed in any washing machine using a low
temperature wash (40°C) with a mild non-biological detergent. In addition to a simple
wipe with damp cloth which cleans the SEM easily then it is left to dry normally.
The EQ02 Sensor belt [34] used in the Glam i-HomeCare evaluation process
features a system of sensors and electrodes embedded in novel textiles as shown in
Figure 5.7. It connects with the Sensor Electronics Module (SEM) to provide mobile
monitoring capability. HAOEFA automatically connects to the belt when it’s in access
range within the environment. In the case of being outside the environment the user can
benefit from the smart phone application which can also automatically connect to the
belt to ensure a constant monitoring for the user health state inside and outside the
environment. HAOEFA’s developed code to communicate with the EQ02 is shown in
Appendix B. The communication process occurs in following steps:
1. Establish a connection with the EQ02 using its physical reference number.
2. Start reading the data stream received from the EQ02.
3. Decode the stream received following the algorithm provided by the Hidalgo.
However, the algorithm cannot be published in the thesis due to security
agreement with the Hidalgo.
4. Match the decoded values to its meaning provided in [34] (see section 5.4.1).
5. Display the gathered values into the GUI as shown in Figure 5.4 and Figure 5.5.
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Figure 5.7: The EQ02 LifeMonitor Belt [34]

The EQ02 SEM is the world’s leading multi parameter ambulatory monitoring
device that is attached to the belt. It senses, records, monitors and intelligently processes
data captured from the human wearing it. Multiple parameters are measured including
high resolution tri-axis accelerometry (256Hz), and time synchronised pulse oximetry
(photoplethysmography) [34]. EQ02 SEM is able to transmit this information over a
wireless or wired interface. The EQ02 SEM weights 38gm, has class 1 Bluetooth
interface and is Ingress Protection (IP67) certiﬁed. The “6” in IP67 means that EQ02
SEM is totally protected against dust and the “7” means it is protected against the effect
of immersion between 15cm and 1m. It is also available with or without external wired
sensor or battery pack connector [34].
The Monitoring Belt retains the SEM in position against the user’s body and
contains three fabric sensors, which are used to monitor various physiological data
shown in Figure 5.8. The SEM collects raw data from the Sensors in the Monitoring
Belt and any optional Sensors and transmits this to the Glam i-HomeCare System via
the Equivital Data Network in a native raw format.

Figure 5.8: The EQ02 belt features [34]
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5.2.3.1 The Standalone Equivital Data Network
The Standalone Equivital Data Network consists of any computerised device such as a
local or networked PC, a Smart Phone, or a Tablet with Bluetooth connectivity running
the Glam i-HomeCare system. In this type of network, the SEM connects directly to the
PC via an inbuilt Bluetooth connection or a USB Bluetooth Adaptor as shown in Figure
5.9. To allow the SEM to communicate with the Glam i-HomeCare system, the SEM
must be Bluetooth Paired and this process is only need to be performed once for each
SEM. Once completed the SEM is automatically recognised and connected when in
range of the computerised devices [34].

Figure 5.9: The Standalone Equivital Data Network [34]

5.2.3.2 Breathing Frequency
The primary means of deriving breathing frequency is via an expansion sensor
contained within the monitoring belt as shown earlier in Figure 5.7. As the user’s chest
cavity (thoracic cavity) expands and contracts with respiration effort, the sensor’s
resistance decreases and increases respectively and when fed into appropriate circuitry
can be converted into a respiration effort rate waveform. The overall sensitivity of the
breathing detection shown in Table 5.1 is switched between ambulatory mode and high
sensitivity mode. The latter mode is used on static, non–upright users to increase
breathing sensitivity to shallow breathing patterns as may be found on resting or
sleeping individuals. As with any indirect measure of breathing frequency, in this case
from measuring chest expansion, excessive upper body motion and activity it can cause
artefact that reduces the accuracy of the rate measured. In addition the presence of
breathing effort does not guarantee adequate ventilation is taking place [34].
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Parameter

Specification

Measurement type:

Resistive strain gauge

Sampling frequency:

25.6 Hz

Resolution:

10 bits

Frequency Range:

0.05 – 7 Hz

Breathing Rate Range:

0 – 60 breaths/min.

Breathing Rate Accuracy:

+/- 2 breaths/min. is Static Use
+/- 3 breaths/min. is Moderate Ambulation
Activity (e.g. walking)
+/- 6 breaths/min. is High Ambulation
Activities

Breathing Rate Reporting Frequency:

(e.g. running/heavy carrying)

15 seconds

Table 5.1: Chest expansion respiration effort sensor specifications [34]

5.2.3.3 ECG and Heart Rate Derivation
The sensor provides two leads of ECG sharing a common reference electrode (Left
Hand Front location). The electrode locations within the monitoring belt are shown in
Figure 5.10. These provide two non- standard views of the heart’s electrical activity
[34].

Figure 5.10: ECG Electrode Locations [34]

The signal bandwidth is switchable between an ambulatory monitoring mode
and a diagnostic mode. The ambulatory filtering mode was chosen to be used in the
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Glam i-HomeCare experiments due to its ability to optimise detection reliability under
high activity (e.g., running) and to remove significant amounts of the low frequency
elements of the ECG waveform which are not needed. In the diagnostic mode the ECG
view resembles a traditional view with a low activity movement. However as the views
are non-standard they are not intended to be used for medical diagnostic ECG screening
[34].
The heart rate of the body is calculated by the EQ02 as a 30 second rolling
average which is reported every 15 seconds. The SEM customise utility can be used to
modify these calculation settings. The performance shown in Table 5.2 of the ECG
sensor operation has been tested to the American National Standard (ANSI/AAMI
EC13:2002) [34].
Parameter

Specification

Number of leads:

2

Sampling frequency:

256 Hz

Resolution:

10 bits

Voltage range:

+/- 5mV

CMRR:

> 85 dB

Frequency
Range:

Diagnostic Setting:

0.3 – 50 Hz (3dB points)

Monitor/Ambulation

7Hz – 50Hz (3dB points)

Setting:
Heart Rate Range:

0 – 255 bpm / 0 – 300 bpm (Type 1)

Heart Rate Calculation Frequency:

15 seconds

Heart Rate Accuracy:

< +/- 5 bpm / 10 %

Lead Off Sensing:

50 KHz AC/2uA

Table 5.2: Heart rate (ECG) sensor technical specifications [34]

5.2.3.4 Skin Temperature
Skin temperature is measured by a thermistor contained in the sensor module adjacent
to the right hand front ECG electrode. Skin temperature is calculated to a resolution of
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0.1°C every 15 seconds. An initial settling time is needed from when the device is
placed on the body. This is typically 15 minutes [34].
Parameter

Specification

Sampling frequency:

0.25Hz

Resolution:

10 bits

Range:

10°C to 45°C
35.80°C and 41.0°C

+/- 0.30°C

35.80°C to 37.0°C

+/- 0.29°C

37.0°C to 39.0°C

+/- 0.10°C

39.0°C to 41.0°C

+/- 0.20°C

Sensor Accuracy:

Measurement Type:

Thermistor

Temperature Reporting Frequency: 15 seconds
Table 5.3: Skin Temperature Sensor technical specifications [34]

5.2.3.5 Body Position and Motion
The Body Position and motion shown in Figure 5.11 are calculated using three
orthogonal accelerometer channels. These data are captured and reported by HAOEFA
as follows [18, 34], where each is treated separately and not mapped into any fuzzy sets:
a) Prone (lying down - face down)
b) Supine (lying down -face up)
c) Upright
d) Side (lying down – right or left side)
e) Inverted (upside down)
f) Not known

(a)

(b)

(c, i)

(e)

(f)

(g)

(d)

The body motion is reported as:
g) A Fall Detected
h) Low or High (i.e., walking or Running)
i) None (i.e., stationary)

(h)

Figure 5.11: EQ02 Body movements
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5.2.3.6 Signal Confidence and Quality Measures
As the information from the SEM can be viewed remotely from the patient/user, a
measure of signal quality is provided (when using the Glam i-HomeCare system or the
Equivital LiveLink software) [34] to assist the HCP in determining if the traces (stream)
being used to compute the heart rates are suffering from noise/artefact and hence that
the heart rate accuracy may be degraded. Thus an overall Breathing Rate confidence is
provided in the range 0-100 (100=best). Also the signal quality indicator provided with
each heart rate measure is in the range 0-100 (100=best). The radio system used by the
sensors offers a variable delay (in the order of milliseconds) in the transmission of the
ECG and hence the device waveforms cannot be assumed to be truly real time
synchronised to the user’s ECG. This confidence measure is based on the two measures
of signal quality: the amount of noise on the ECG signals and the measure of large scale
variation in the inter-beat interval. So a clean normal sinus rhythm ECG trace produces
a high value of confidence to provide HCPs with the highest quality measures [18, 34].

5.3

Glam i-HomeCare Experiments Set-up

The experiments performed took a duration of six consecutive days for each occupant.
Each occupant performed the experiment twice while maintaining the same behavioural
actions within the environment. Due to security and financial constraints in the
university, it was not permitted for any volunteer to stay overnight in the Glam iHomeCare. Therefore, volunteers had to arrive during the day and leave at midnight at
the latest. To overcome this issue and also ensure same behavioural actions were
followed, the volunteers/users agreed to arrive in the same patterns everyday once they
started their experiment. An average of 12 hours per day were spent by the volunteers in
the Glam i-HomeCare. It was also agreed that they could complete their experiment at
any time between 06:00 and 00:00 in the Glam i-HomeCare. For example, the first
volunteer agreed to spend 12 hours every day starting from 11:00 till 23:00. He was
informed that once the time pattern was set, he had to attend in these times. This was
due to the university security regulations where they must be informed of the identity of
the volunteer and the duration of time they would be spending in the Glam i-HomeCare.
Therefore, the volunteer/user had to sign in and sign out at the university security gates.
However, it was also agreed that arriving a bit earlier or later (e.g., one hour) than the
agreed times pattern wouldn’t have a great impact on the experiment. Moreover, it was
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actually recommended to do so at least once per experiment in to order evaluate
HAOEFA’s performance as if it was their real life living room. It was also explained to
the volunteers to try and aim for keeping the same behavioural actions. For example, if
on the learning day the volunteer had decided to turn on the light during the night only,
they were informed not to reverse their behavioural actions. In other words, do not
totally change your behaviour by turning the light on in the day instead of the night; else
feel free to behave as if you are living in your own house.
As shown in Figure 5.12, the occupant identification process took place by
typing in their username and password needed for the online server authentication to the
PC or the handheld device interface shown earlier in Figure 5.4a and Figure 5.5a
respectively. Consequently, HAOEFA checked its online database for the occupant
registration status. In the case of a registered user, HAOEFA instantly recognised the
user’s emotional status using the physiological data being transmitted to the system,
then instantly controlled the environment on the user’s behalf with respect to their
emotional preference, health state and the environment condition. In the case of a new
user, the agent started observing the new occupant’s behaviour for 𝑥 days. The duration
of the learning process is one day where 𝑥 = 1 in the experiments performed at Glam iHomeCare [66].
Consequently, the occupant was recognised as an existing user by HAOEFA as
shown in Figure 5.12 where it started the live adaptation and online control process.
This allowed the HAOEFA to control the environment on the user’s behalf with respect
to the occupant’s emotional status. The system adapted to the changes in the
environmental conditions and analysed what user actions accompany it. Whenever the
user was unsatisfied with HAOEFA’s control he/she could easily adapt the learnt set of
rules using either the PC GUI or the mobile interface shown earlier in Figure 5.4b and
Figure 5.5b (see page 79, and 80) respectively. Alternatively, the system’s built-in voice
commands could be used by the occupant to update the HAOEFA’s experience bank
(also called the rule base or the set of rules) with the new behaviour needed [66].
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Figure 5.12: The Glam i-HomeCare scenario

In order to ensure that HAOEFA is evaluated correctly, it used the same learning
data gathered from the first experiment’s day of learning to build its fuzzy rules for both
the performed experiments by each occupant. During the first experiment HAOEFA
shaped its MFs using the TT design while on the second one it used the PI MFs design.
HAOEFA maintained several steps presented in Figure 5.13 whenever the user entered
Glam i-HomeCare. In addition, the occupant should be wearing the EQ-02 belt at all
times [66].

5.4 Health Adaptive Online Emotion Fuzzy Agent
HAOEFA is a type-1 fuzzy logic controller with self-learning abilities that has been
built for the work of this thesis. It uses unsupervised learning techniques that create the
controller’s MFs and build its sets of fuzzy rules. This allows HAOEFA to understand
the occupant’s surrounding environmental conditions, the physiological body changes,
and the human emotions associated with it. It gathers all its data while monitoring the
occupant’s interactions within the environment for a set duration entitled the learning
process. Following this process, HAOEFA starts controlling the environment on behalf
of the user by considering the current environmental conditions, the occupant’s
physiological changes as well as their emotional preference. It displays the executed
control taken within the Glam i-HomeCare on its graphical user interface (GUI).
Furthermore, it allows the occupant activity and environmental changes to expand
HAOEFA’s memory (experience bank) [15] over time by adapting to changes
acquainted with it achieving a lifelong learning methodology. HAOEFA consists of the
six following phases as shown in Figure 5.13:
91

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

1. Monitoring the user’s behaviour by capturing the input/output data that are
associated with user’s actions within the environment.
2. Extraction of fuzzy membership functions from the data gathered.
3. Abstraction of the user’s emotional states after clustering the user’s
physiological data.
4. Creating the HAOEFA’s experience bank from the fuzzy rules extracted.
5. Controlling the AIE on the user’s behalf with respect to their emotional state and
the environmental conditions.
6. Entering a Life-long learning and adaptation mechanism.

Figure 5.13: HAOEFA flow diagram

The final two stages shown in Figure 5.13 are on-going control loops that
proceed as long as the system continues to run. HAOEFA aims to understand the
occupant’s behaviour, physiological changes and emotional preferences by gathering
information through the environment attached sensors and Equivital sensor belt.
Following the assessment of the occurring situation HAOEFA produces the
appropriate control response within the environment based on the learnt rules saved in
its experience bank. Nevertheless, if the occupant is not satisfied by the agent’s control
actions, they can easily use the system’s GUI to change the environmental conditions to
their new preferences which updates the HAOEFA’s experience bank to the new
behaviour. This ensures both a full control by the occupant over the environment they
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live in as well as the system making the correct control in case of a repeated situation.
Similarly, the user can also use the HAOEFA’s built-in voice commands such as
(maximise room light, average room light, and turn on TV) which are recognised
instantly in order to change the environment output control. Accordingly, HAOEFA’s
experience bank updates to the user’s new preference immediately. A useful by-product
of this system is the capability to use any computational device like smartphones and
tablets. This allows the system to control the environment wirelessly from anywhere
worldwide at any time. This also updates the agent’s memory with new behaviour given
to the current situation.

5.4.1 Information Capture
Following a successful login and the establishment of successful connections with both
the EQ02 belt and the i.LON SmartServer sensors (see sections 5.2.2 and 5.2.3).
HAOEFA displays all sensors’ values on its GUI while monitoring the occupant actions
within the environment. In the learning phase HAOEFA records a “snapshot" of the
current sensors’ values with respect to the output control performed by the user every 30
seconds for the full 24 hours regardless of the Glam i-HomeCare occupancy status.
However, in the adaptation and control phase the snapshot takes place every 5 minutes
to assess the situation disregarding whether the Glam i-HomeCare is being occupied or
not. The reason for choosing these time intervals is the need to learn as much as
possible of the user’s physiological data. On one hand, in the learning phase recording
snapshots of less than 30 seconds had an impact on the system performance time to
create its experience bank. The lower the number of seconds is, the more the snapshots
are recorded, and the longer it all takes to be processed. On the other hand, recording
snapshots of more than 30 seconds had led to missing some physiological information
due to its nature to change rapidly.
The change of technique between 30 seconds and 5 minutes snapshots was due
to the importance of gathering the right amount of information in the learning phase to
build HAOEFA’s MFs as discussed in the next section. These MFs have an effect on
HAOEFA’s overall performance as well as the emotion recognition system built into it
as it is critical to the learning phase. In the adaptation and control phase, a 5 minute
snapshot has been chosen for situation assessment and control. This is mainly because
of the slow change of environmental conditions, and the user’s emotional states.
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However, the user’s physiological data is constantly monitored to deal with raising
alerts (see section 5.2.1.1), but the assessment of the whole situation occurs every 5
minutes.
Table 5.4 presents three snapshots of the Glam i-HomeCare environment during
the learning phase, where the internal and external environment temperatures are
measured in degree Celsius (°C), internal and external environment light levels are
measured in LUX, and the hour column is the time of the day. In addition, HAOEFA
captures the user’s physiological measurements using the wireless EQ02 belt that the
user wears around his/her chest. The heart rate (HR) is measured in beats per minute
(bpm), respiration rate (RR) is measured in breaths per minute (breaths/min.), and Body
Skin Temperature (ST) is measured in degree Celsius (°C).
HAOEFA classifies all the data mentioned above into five clusters (also labelled
as fuzzy sets) giving each a different linguistic variable (e.g., HAOEFA would use
words like very low, low, average, high, and very high for LUX levels) as presented in
the next section. It classifies the following data into crisp values rather than fuzzy
values.
The occupancy is either equal to 1 if the environment is occupied, or equal to 0
if unoccupied. The user body movement (BM) measurement is either equal to 16 which
is a stationary status or 17 which is a moving status. The user body orientation (BO)
measurements can have several values including 18 = Upright, 19 = Prone, 20 = Supine,
21 = Inverted, 22 = Side and 23 = Unknown. During the learning process the system
won’t be able to detect the user’s emotional state as it is still learning and gathering
physiological data, so it is recorded as 0. However once the learning process is finished,
HAOEFA is able to interpret the user emotions such as (H = Happy, A = Angry and N =
Neutral, and 0 if the EQ02 is not connected) depending on the current physiological
data given. It also displays the detected emotion on the GUI as shown earlier in Figure
5.4 and Figure 5.5 (see page 79, and 80).

Table 5.4: Glam i-HomeCare sensors and actuators dataset snapshot

94

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

HAOEFA observes the control outputs performed through the actuator states
modified by the occupant. For instance, the output control or the action taken by the
user for the given input is shown in Table 5.4, where the ACTION_Light_value are the
control light values of the Glam i-HomeCare lights where it ranges from 0 to 100 (0 =
Switched Off, 50 = Halfway, and 100 = Switched On). The Action_TV_value value is
either (0 = Switched Off, and 1 = Switched On).
All the sensor and actuator data are recorded by HAOEFA during the learning
phase in a journal (.csv) format. The saved file contains 2880 lines of recorded
snapshots, that is used by HAOEFA afterwards to build it set of rules. However, there
was a design flaw in information capturing in the control and adaptation phase.
HAOEFA did not record all the information in a (.csv) file as in the learning phase. It
just saves each snapshot; assesses the situation, deals with it using the right controls
according to its built experience bank. Then in the next snapshot taken, HAOEFA
overrides the previous written one. This flawed technique of capturing and saving data
should have been avoided as it could have allowed deeper analysis of the system
performance. A deeper analysis could have allowed us the opportunity to better
understand HAOEFA performance by answering questions such as:


How often does the same rule(s) get adapted?



What is the exact reason(s) for the adaptation currently occurring?

5.4.2 Experience Bank Assembly
Different designs of MFs have been proposed for building various FLCs where it
showed a great impact on the FLC built and the rules created. A Mamdani FIS based
FLC is most commonly used in a closed loop control system due to its zero steady state
error. Although, HAOEFA might appear to be an open control loop system due to the
direct link between the light sensor and the effect it has on the lamp control in the Glam
i-HomeCare. There is a feedback that continues to take place, where a change of the
light control affects the Lux level in the Glam i-HomeCare. And hence HAOEFA
continues to monitor the sensors’ changes (e.g., LUX levels) to modify its controls if
needed; the system becomes a closed control loop system.
HAOEFA classifies the data gathered into fuzzy MFs in a non-invasive manner.
It specifies the raw crisp values coming from the EQ02 belt, and the environment’s
actuators and sensors into linguistic labels, such as low, normal, and high. The MFs
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extraction approach used is based on learning the occupant’s behaviour within the
environment (input/output data) using the FCM clustering methodology discussed
earlier in Chapter 3.
FCM is an efficient technique used for classifying fuzzy information [40, 87,
88], where the objective is to build models at a certain level of information which can
be quantified as fuzzy sets. The partition matrix, 𝑈 (0) needs to be initialized in order to
apply the FCM algorithm (see section 3.9.2.2). A proposed algorithm is used in the
initiation process of 𝑈 (0) as shown in Figure 5.14. The input matrix contains the
numbers which HAOEFA has gathered from the dataset of instances. Afterwards it
searches for the smallest number as well as the biggest number in the matrix to be able
to initiate the first matrix. The initial distance between the clusters is calculated using
equation (5.1):
R = (𝑧 − 𝑥)⁄(𝑐 − 1)

(5.1)

where 𝑧 is the biggest number and 𝑥 is the smallest number found in the saved matrix,
𝑐 is the number of clusters, and 𝑅 is the result of the initial distance between the centres
of the classes. After the creation of the initial centres, the FCM algorithm computes with
a level of accuracy 𝜀𝐿 that is equal to 0.01 to achieve the most accurate centres for data
classification. 𝜀𝐿 is determined to be 0.01 and not lower due to computational
complexity of the system developed. This was according to the reality of dealing with
huge amounts of data in the MIMO approach taken (see section 5.4.1) and classifying
them in a real-time manner. This used technique allows HAOEFA to identify the centres
of the MFs prior to the defuzzifaction process.

Figure 5.14: Creation of HAOEFA’s Membership Functions
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Following the analysis process of the collected dataset such as internal light
level, external light level, user heart rate and then classifying them into five clusters like
very low, low, average, high, and very high using the FCM technique. HAOEFA starts
building its MFs using the Trapezoidal/Triangular (TT) MFs in the first experiment and
the Polynomial Based Functions (PI) MFs shapes in the second one for each occupant.
This should later help evaluate the two MFs designs that are used to build HAOEFA’s
experience bank. The developed code for equations 3.4, 3.5 and 3.7 (see section 3.3) for
both PI MFs and TT MFs build is presented in Appendix B. In order to build the first
design of the MF shapes, HAOEFA applied the FCM algorithm then it used a
combination of the three polynomial MFs named according to their polynomial-Z,
polynomial-S, and polynomial-PI shapes. While for the second design of MFs shapes
creation, HAOEFA used a combination of piecewise linear (Trapezoidal/Triangular)
shapes.

5.4.2.1 Fuzzy C-Means Example
Using the real life collected data of the second experiment; an example is presented of
how HAOEFA builds the fuzzy MFs in an unobtrusive way. Initially, the agent
classifies the environment internal light level sensor values into five clusters where 𝑐 =
5. For instance, the lowest and highest recorded values of the internal light level are 𝑥 =
0 and 𝑧 = 870 respectively. The level of accuracy for computing the FLC MF centres is
set to be 𝜀𝐿 = 0.01. After allocating the collected data, the system uses equation 5.1 to
produce the 𝑈 (0) with the initial distance between the centres of the internal light level
MF. The initial five centres for this MF using the FCM technique are displayed in the
first column of Table 5.5. HAOEFA then continues to compute the FCM algorithm to
achieve more accurate centre values. The updated MF centre values are displayed in the
second and third iterations columns of Table 5.5. Finally, after many iterations trying to
achieve the most accurate centres that give the system the ability to model the user
behaviour. The final created centres of the internal light sensor MF are presented in the
final iteration column in Table 5.5 as well as in Figure 6.18 of the second experiment.
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Centres of MF

Initial Iteration

Second Iteration

Third Iteration

...

Final Iteration

C1 = Very Low

24.64

19.11

17.91

…

1.73

C2 = Low

106.45

108.34

103.84

…

39.87

C3 = Average

382.14

332.34

293.58

…

125.43

C4 = High

567.97

459.97

429.74

…

259.84

C5 = Very High

815.92

826.98

824.97

…

817.91

Table 5.5: Fuzzy c-means algorithm example

5.4.2.2 Extracting Fuzzy Rules from the Data Process
Following the creation of the MFs, HAOEFA creates MIMO rules which describe the
relation between multiple inputs and outputs as in equation (3.9) in section 3.5. To
simplify the following notation, the method for extracting rules with a single output is
shown. The approach is quite easily expanded to rules with multiple outputs. The
following steps demonstrate the different steps involved in rule extraction [14]:
Firstly, for a fixed input/output pair (𝑥 (𝑡) ; 𝑦 (𝑡) ) in the dataset (𝑡 = 1, 2, … , 𝑁),
(𝑡)

compute the membership values 𝜇𝐴𝑞 (𝑥𝑠 ) for each membership function 𝑞 = 1, … , 𝑉,
𝑠

and for each input variable 𝑠 (𝑠 = 1, … , 𝑛), find 𝑞 ∗ ∈ {1, … , 𝑉}, such that:
𝜇

𝑞∗
𝐴𝑠

(𝑡)

(𝑡)

(𝑥𝑠 ) ≥ 𝜇𝐴𝑞 (𝑥𝑠 )

for all 𝑞 = 1, … , 𝑉

𝑠

(5.2)

Let the following rule be labelled as the rule generated by (𝑥 (𝑡) ; 𝑦 (𝑡) ):
(𝑡)

∗

(𝑡)

∗

IF 𝑥1 is 𝐴1𝑞 and…and is 𝑥𝑛 is 𝐴𝑞𝑛 THEN 𝑦 is centred at 𝑦 (𝑡)

(5.3)

for each input variable 𝑥𝑠 , there are 𝑉 fuzzy sets 𝐴𝑞𝑠 , 𝑞 = 1, … , 𝑉, to characterise it; so
that the maximum number of possible rules that can be generated is 𝑉 fuzzy sets 𝑉 𝑛 .
However, given the dataset, only those rules among the 𝑉 𝑛 possibilities whose
dominant region contains at least one data point is generated. As in the first step, one
rule is generated for each input/output data pair, where for each input, the fuzzy set that
achieves the maximum membership value at the data point is selected as the one in the
IF part of the rule, as explained in equation (5.2) and (5.3).
This however is not the final rule which is calculated in the next step. The
weight of the rule is computed as:
𝑤 (𝑡) = ∏𝑛𝑠=1 𝜇𝐴𝑞 (𝑥𝑠 (𝑡))
𝑠

(5.4)
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the weight of a rule 𝑤 (𝑡) is a measure of the strength of the point 𝑥 (𝑡) belonging to a
fuzzy region covered by the rule. Following [41], a threshold for the calculated firing
strength 𝑤 (𝑡) > 0.001 is considered by HAOEFA while building its experience bank.
This is to minimise error probability of creating considerably weak rules that might not
be used in the control and adaptation phase by HAOEFA.
Secondly, the first step is repeated for all the data points from 1 to 𝑁 to obtain 𝑁
data generated rules in the form of equation (5.3). Due to the fact that the number of
data points is quite large, many rules are generated in the first step, which all share the
same IF part and are conflicting, i.e., rules with the same antecedent membership
functions and different consequent values. In this step, rules with the same IF part are
combined into a single rule.
The 𝑁 rules are therefore divided into groups, with rules in each group sharing
the same IF part. If an assumption is made that there are 𝑀 such groups, let group 𝑙
have 𝑁𝑙 rules in the following form:
(𝑞 𝑙 )

IF 𝑥1 𝑖𝑠 𝐴1

(𝑞 𝑙 )

and…and is 𝑥𝑛 𝑖𝑠 𝐴𝑛

𝑙

THEN 𝑦 is centered at 𝑦 (𝑡𝑢)

(5.5)

where 𝑢 = 1, … , 𝑁𝑙 and 𝑡𝑢𝑙 is the index for the data points in the group 𝑙. The weighted
average of the all rules in the conflict group is then computed as:
𝑙

𝑁

𝑎𝑣

(𝑙)

=

𝑙

𝑙 𝑦 (𝑡𝑢 ) ∙ 𝑤 (𝑡𝑢)
∑𝑢=1
𝑙

𝑁

𝑙 𝑤 (𝑡𝑢 )
∑𝑢=1

(5.6)

Now the algorithm combines these 𝑁𝑙 rules into a single rule of the following form:
(𝑙)

(𝑙)

if 𝑥1 is 𝐴1 and…and is 𝑥𝑛 is 𝐴𝑛 then 𝑦 is 𝐵 (𝑙)

(5.7)

where the output fuzzy set 𝐵 𝑙 is chosen based on the following. Among the 𝑤 output
∗

fuzzy sets 𝐵1 , … , 𝐵 𝑤 find the 𝐵 ℎ , such that:
𝜇𝐵ℎ∗ (𝑎𝑣 (𝑙) ) ≥ 𝜇𝐵ℎ (𝑎𝑣 (𝑙) )

(5.8)

∗

for ℎ = 1, 2, … , 𝑤, 𝐵 is chosen as 𝐵 ℎ .
As mentioned previously, HAOEFA deals with input/output data pairs with
multiple outputs. The first step explained above is independent of the number of outputs
for each rule. The second step is simply expanded to allow rules to have multiple
outputs, where the calculations in equations (5.6) and (5.8) are repeated for each output
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value. HAOEFA computes all these steps above starting from gathering data, applying
the FCM technique, building the MFs using the PI and TT shapes and ending with
creating the MIMO set of rules to be saved in its experience bank.

5.4.3 HAOEFA’s Emotion Recognition System
Human Emotions are universally recognised around the globe through the body and
facial gestures [77]. Inspired by the idea of intelligence in the computer to human
interactions (see section 4.2), HAOEFA is developed to be not limited to the
environmental conditions only but it also includes the recognition of the user’s
emotional state. It also tries to achieve a certain level of comfort within the environment
by controlling it on the user’s behalf [66]. HAOEFA uses wireless bio-sensors [18] in
the fuzzy logic emotion recognition technique developed, due its ability of being
pervasive and robust against different environmental conditions that strongly affect
other forms of emotion recognition [81].
HAOEFA monitors the occupant’s physiological changes to better understand
their health status and wellbeing over time. Throughout the performed experiments in
the Glam i-HomeCare, the occupant wore the Equivital EQ02 belt at all times allowing
HAOEFA to measure their physiological conditions using the established Bluetooth
connection (see section 5.2.3). After analysing the occupant’s physiological dataset and
shaping the type-1 FLC MFs (such HR, RR, and ST) in the learning phase as described
in the previous section for all the sensor data, following [83, 89], HAOEFA uses the
extracted rule model represented in Table 5.6 to understand the occupant’s emotions.
Thus, if the system notices a decrease in the occupant’s HR and RR while skin
temperature stays the same it interprets that as feeling Happy. While in the case of
detecting an increase in user’s HR, RR, and ST then it would interpret such a
combination to be feeling Angry. HAOEFA computes the fuzzy rules in Table 5.6 using
the given sensor EQ02 belt inputs and always chooses the highest scoring rule between
all the fired fuzzy rules. The code developed for HAOEFA’s emotion recognition is
shown in Appendix B.
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HAOEFA’s Emotion
Heart Rate

Respiration Rate

Skin Temperature

Human Emotion

1

Very Slow

Very Slow

Normal

Happy

2

Very Slow

Slow

Normal

Happy

3

Slow

Very Slow

Normal

Happy

4

Slow

Slow

Normal

Happy

5

Fast

Fast

Hot

Angry

6

Fast

Fast

Very Hot

Angry

7

Fast

Very Fast

Hot

Angry

8

Fast

Very Fast

Very Hot

Angry

9

Very Fast

Fast

Hot

Angry

10

Very Fast

Fast

Very Hot

Angry

11

Very Fast

Very Fast

Hot

Angry

12

Very Fast

Very Fast

Very Hot

Angry

13

None of the above

Recognition Rules

Neutral

Table 5.6: HAOEFA emotion recognition rule model

Now HAOEFA has the ability to create its final rule model that combines the
understating of user behaviour within their living environment with their emotional and
health state that companies it. All this information is saved in the antecedent part of the
IF statement of the MIMO technique used. Following the creation of the HAOEFA’s
experience bank, it immediately starts controlling Glam i-Homecare on the user’s behalf
with respect to their emotional state being detected in a real-time manner. For instance,
HAOEFA could increase the environment lights if the occupant is feeling happy, but
decrease the environment lights for another occupant experiencing the same emotion.
This depends on the outcome of the learning process as the agent differentiates between
the same emotions occurring to individual occupants.
The following equations (5.9) and (5.10) are used in order to evaluate
HAOEFA’s emotional detection accuracy. Equation (5.9) is defined as the ratio of the
number of correctly detected emotions to the total number of emotions detected whether
confirmed by the user to be correct or not. To allow the user to confirm or refute the
detected emotion without any influence, HAOEFA does not display what emotion it has
detected. This should not influence the user choice by thinking that the system is more
accurate than what they actually feel. It only displays a query as shown in Figure 5.15 to
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ask what emotion are they currently feeling and feedback to equation (5.9). Figure 5.15
is displayed to the user in the following situations:


Change of emotion from neutral to happy or angry; HAOEFA feedbacks to
equation (5.9)



Change from happy or angry to neutral; HAOEFA feedbacks to equation (5.9)



Change from happy or angry to happy and from happy or angry to angry;
HAOEFA feedbacks to equation (5.9)

HAOEFA does not require a confirmation of neutral to neutral emotion detected as
most of the people are feeling neutral most of the time. However, the neutral emotion is
displayed in the query because it is considered to be most occurring emotion. This
allows a better evaluation to HAOEFA’s emotion recognition. Equation (5.10) measures
the total average of the detected emotion accuracy and divides it by the number
(i.e., 𝑛 = 10) of users/volunteers who performed the experiments.

Figure 5.15: HAOEFA’s emotion query to the user

Emotion Accuracy =

no. of correctly detected emotions
total no. of emotions detected

∗ 100

Total Average of Emotion Accuracy = ∑ni=1 Emotion Accuracy⁄𝑛

(5.9)
(5.10)

Due to the usage of the evaluation techniques above and the flawed technique of
capturing information, HAOEFA faces another analysis challenge where the evaluation
did not provide an answer the following questions:


What is the nature of the misclassifications (i.e. neutral instead of angry, angry
instead of happy, etc.)?



Does the number of the misclassifications decrease over time?

However, this did not impact the thesis aim of evaluating the new proposed
understanding of the term wellbeing. The experimentation results can still show how
accurate HAOEFA is in detecting emotions. In addition to this, emphasising the direct
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link between the occurring emotion and the human behaviour where it clearly shows the
direct effect emotion has on behavioural actions.

5.4.4 System Intelligent Control
As presented earlier HAOEFA uses singleton fuzzification (see section 3.4), maxproduct composition, product implication (see sections 3.5 and 3.6), and height
defuzzification (see section 3.7). The formula that maps a crisp input vector 𝑥 into a
crisp output 𝑦 = 𝑓(𝑥) where it applies the equation (5.11) is [40, 66]:
y(x) = fs (x) =

−l n
∑M
l=1 y ∏i=1 μFl (xi )
i

n
∑M
l=1 ∏i=1 μFl (xi )

(5.11)

i

where M is the total number of rules in the rule base, 𝑦 −𝑙 is the maximum membership
value point in the 𝑙 𝑡ℎ rule output fuzzy 𝐵 𝑙 , ∏ni=1 μ Fil (xi ) set is the product of the
membership values of each rule’s input fuzzy sets, and n is the number of inputs. As to
get multiple outputs, equation (5.11) is repeated for each output parameter.
Following the build of HAOEFA’s experience bank (the set of rules) from the
user environment MIMO data, it now has learns and models the occupant’s behaviour
with respect to their emotional state. Finally, it starts controlling the environment on the
user’s behalf with respect to their needs and emotional preference. This process took
place by monitoring Glam i-HomeCare input values (such as all the sensors values and
the occupant emotional state). HAOEFA then controlled the environment actuators
based on the experience gained earlier during the learning process and the on-going live
adaptations performed by the user [66].

5.4.5 Pervasive Lifetime Learning and Adaptation Mode
In the above subsection, an explanation of how HAOEFA can learn the occupant’s
behaviour with respect to the environmental conditions as well as their health and
emotional state was discussed. Nevertheless, HAOEFA is a flexible non-invasive
system, where the initially learnt rules can be easily extended to either update the
existing set of rules or add new rules to it when the occupant’s behaviour changes over
time. HAOEFA allows the capture of a wide range of values for each input and output
constrains. This technique offers the FLC a continuous operation even if a gradual
change in the environment exists [66].
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For instance, if a significant change in the environment conditions occurs (such
as temperature drop off in winter) or whenever the user overrides the HAOEFA’s
control responses and actuates any of the controlled output devices, HAOEFA takes a
"snapshot" of the current situation in order to start the adaptation process. HAOEFA
intelligently and unobtrusively either creates a new set of rules or updates existing ones
to satisfy the user’s new preferences [40, 41].
Each input parameter in the input vector 𝑥 is compared to each of the antecedent
(𝑙)

sets 𝐴𝑠 of a given rule in the rule base to determine its membership value. The weight
of the rule is then calculated to determine if the product of the input membership
functions (degree of firing of the rule) in equation (5.4) where 𝑤 𝑙 > 0.001. This means
that the rule is fired, and would therefore have contributed to the overall control
response generated by HAOEFA [40].The consequent MFs that give the highest
membership values to the user defined actuator values are selected to replace the
consequent sets of all fired rules in the rule base using equation (5.2) discussed earlier.
The fired rules are therefore adapted to better reflect the user’s updated actuator
preferences given the current state of the environment, if none of the existing rules in
HAOEFA’s experience bank fired. For each input parameter 𝑥𝑠 the fuzzy sets that give
(𝑡)

a membership value where 𝜇𝐴𝑞 (𝑥𝑠 ) are identified (see section 5.4.2.2). This leads to a
𝑠

grid of identified fuzzy set(s) for each input parameter. From this grid new rules are
constructed based on each unique combination of consecutive input fuzzy sets.
The consequent fuzzy sets for each of the new rules are determined as in
equation (5.2). This allows new rules to be gradually added to the agent’s experience
bank (rule base). HAOEFA adopts life-long learning, where it adapts its rules as the
state of the environment and the preferences of the user change over a significantly long
period of time [14, 41, 66].
Finally, the achieved performance is compared to the theoretical standard
number of rules of a non-fuzzy controller which is 37500000 rules as calculated by
equation (5.12)
𝑚

Standard number of rules = ∏𝑛𝑖=1 𝐶𝑖

(5.12)

Standard number of rules = 58 ∗ 41 ∗ 22 ∗ 61 = 37500000
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where 𝑛 = 12 is the total number of sensors, 𝑚 = 8 represents the number sensors
sharing the same number of clusters 𝐶𝑖 (see section 5.4.1). HAOEFA’s efficiency is
computed using the following equation:
HAOEFA no. of rules

System Efficiency = Standard no.

of rules

(5.13)

Although the analysis of HAOEFA’s efficiency can be interpreted as a poor
measure of learning, due to the fact of not increasing the number of fuzzy rules during
the adaptation phase, HAOEFA’s performance is not only measured by the number of
rules created and how fast these numbers stabilised over the experimentation time. The
analysis of HAOEFA’s performance is only complete when user interventions are also
included in the results. The experimentation results (graphs) indicated the full analysis
of HAOEFA’s performance where it showed the user interventions alongside the
number of rules created and/or updated using the same timeline.

5.4.6 System Control via Voice Commands
Speech is one of the easiest ways of human interaction and it does not require any
technical knowledge to be performed. Therefore, it is also a great way for executing
voice commands in human computer interaction. A developed speech recogniser based
interface is deployed in the Glam i-HomeCare to make speech interaction possible
between the AIE and the occupant living in it. HAOEFA uses a state of the art javabased speech recognition system named Sphinx-4 to execute the built-in voice
commands.
The Sphinx-4 [90] framework shown in Figure 5.16 has been designed with a
high degree of flexibility and modularity. Figure 5.16 shows the overall architecture of
the sphinx-4 library where each labelled element represents a module that can be easily
replaced, allowing researchers to experiment with different module implementations
without needing to modify other portions of the system.
There are three primary modules in the Sphinx-4 framework: the Front End, the
Decoder, and the Linguist. The Front End takes one or more input signals and
parameterises them into a sequence of Features. The Linguist translates any type of
standard language model, along with pronunciation information from the Dictionary
and structural information from one or more sets of Acoustic Models, into a Search
Graph. The Search Manager in the Decoder uses the Features from the Front End and
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the Search Graph from the Linguist to perform the actual decoding, generating Results.
At any time prior to or during the recognition process, the application can issue
Controls to each of the modules, effectively becoming a partner in the recognition
process.

Figure 5.16: Overall architecture of the sphinx-4 library [90]

In order to obtain a better speech recognition accuracy, acoustic parameters must
be well chosen according to the assumption of the continuous probability of them being
used in the system [91]. Therefore HAOEFA’s speech recogniser is built to detect
certain types of commands. These commands had to be defined previously before the
program starts. The commands are implemented into a grammar file with a certain
format as presented in Figure 5.17 where HAOEFA goes through it to match the
system’s predefined commands with the user’s input and then applies the control
requested. Also to avoid some of the problems ASR systems faced as presented earlier
(see section 2.3.4). HAOEFA uses an on/off recording button shown in the bottom right
corner of its GUI presented in Figure 5.4b. This allows the user to initiate the integrated
voice recognition system to say their commands and stop whenever they finish. The
technique aims to overcome the environment noise problem to a great extent.
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Figure 5.17: Grammar defined in the implementation of Sphinx-4 in HAOEFA

These defined voice commands shown in Figure 5.18 are used only during the
adaptation and control phase to control the Glam i-HomeCare. This is due to the need to
gather all the user interactions data during the learning phase. Afterwards, HAOEFA
starts performing the FCM technique as discussed previously (see section 5.4.2).
HAOEFA then maps the defined linguistic variables (such as Minimise, Lower,
Average, Higher, and Maximise) to its controls (e.g., Glam i-HomeCare lights). At this
stage (adaptation and control phase) the user could easily use the built-in voice
commands to control the actuators in the Glam i-HomeCare. The code developed for the
built-in voice commands is shown in Appendix B.

Figure 5.18: HAOEFA built-in voice commands

107

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

5.5 Summary
This chapter has discussed the methodology used to achieve the aim of this work. It
presented the unique design of the experimentation procedure and why certain
techniques were chosen to be used in this dissertation. It also discussed the importance
of performing real-life practical experiments to evaluate the new human “wellbeing”
hypothesis. In addition, it introduced an overview for the proposed system (HAOEFA)
which aims to learn and model the user’s behaviour in order to control the local
environment on their behalf with respect to their physiological state and emotional
preferences. It also illustrated how the system can adapt in a life-long mode over
extended time durations to the user’s changing desires and preferences to realise one of
the main requirements of ambient intelligent systems.
Moreover, the chapter described in detail the infrastructure of the Glam iHomeCare environment that was built in a transparent manner to achieve the ambient
intelligence vision. Thus the occupant was surrounded by an invisible intelligence
responsive architecture that acted in a non-intrusive way. It also explained how the
intelligent home was constructed and equipped with the various sensors and actuators,
allowing the HAOEFA to easily control the surrounding environment according to the
occupant’s learnt preferences and the emotional state detected. It also introduced in
detail the EQ02 belt that was used for monitoring the body physiological data in the
environment. Additionally it demonstrated the mobile application system design and its
ability to create important alerts during critical situations as well as being able to
automatically discover the EQ02 device when in range and communicate with it.
Furthermore, it presented the wireless network developed and the communication
process between the Glam i-HomeCare system and all the used sensors and actuators.
The network design focused on being non-intrusive and invisible to the occupant in
order to enhance the person’s comfort and reach high acceptance achieving one of the
main goals of Ambient Intelligence.
Finally, the chapter introduced the fuzzy learning and adaptation technique
combined with emotion recognition system for agents that can be used in ubiquitous
computing environments. It presented the techniques used to gather different
information while living in the AIEs. It also discussed the creation of the system’s fuzzy
membership functions which were built using fuzzy c-means algorithm during the
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initiation of the learning phase. Moreover it presented in detail the implementation
process of the HAOEFA and how it can learn and model user’s particularised
behaviours with respect to their emotional status. The chapter also illustrated
HAOEFA’s adaptation ability that allowed the learnt behaviours to be modified and
extended online in a life-long learning mode as the user’s activity and environmental
conditions changed over time. It showed how HAOEFA obtained the ability to always
be responsive to the user’s commands to maximise the occupant comfort. Finally, it
introduced the developed speech recognition platform used for recognising the system’s
built-in voice commands to enhance the user usability while living in the environment.
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6 Experiments and Results
This chapter presents results of the unique designed real life experiments that were used
to evaluate HAOEFA’s performance in mapping the new understanding of the term
human wellbeing. The experiments were performed by ten different occupants both
males and females with different behavioural preferences in the Glam i-HomeCare.
Each occupant used the experimentation scenario setup (see section 5.3) and spent an
average of 72 hours per experimentation time (i.e., 12 hours/day) in the Glam iHomeCare.
The assessment of HAOEFA’s results is presented as it has modelled and learnt
each occupant’s behaviour within the environment with respect to their health and
emotional state successfully. The results obtained using the PI MFs and TT MFs shapes
are compared with each other to illustrate how the design of MFs can have a strong
impact on the modelling of the user behaviour and on the understating of their emotions.
Moreover, HAOEFA’s experience bank built can be compared using a sort of manual
analysis to a recorded readable journal format of the occupant’s behaviour within the
Glam i-HomeCare. This analysis is achieved by comparing the (.csv) file created (see
section 5.4.1) during the learning phase with the fuzzy rules HAOEFA builds following
that phase. This comparison ensured that HAOEFA’s controlling capabilities were as
anticipated by each occupant while living in the Glam i-HomeCare [66].

6.1 HAOEFA Results
The system’s interface installed on the multimedia PC or the handheld device shown
earlier in Figure 5.4 and Figure 5.5 (see page 79, and 80) is used to display and monitor
on a real-time basis the environment’s sensors’ data and the occupant’s physiological
body changes with the emotions that accompany it. HAOEFA analyses all the sensors
data such as the environment internal and external temperature, internal and external
light levels, and occupancy, as well as the occupant heart and respiration rates, skin
temperature, body orientation and body status. While processing all this information
HAOEFA recognises the environment’s condition and the occupant’s health and
emotional state to produce the correct response to control the environment.
To test HAOEFA’s capabilities a history record of the user decisions was saved
in a journal format and compared using a parsing tool that convert the file (.csv)
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containing the fuzzy rules sets into a readable format. Each experiment performed had a
complete dataset of 2880 instances acquired from the user’s interactions in the Glam i–
HomeCare during the learning day. HAOEFA used the data set recorded in the learning
phase to model user behaviour by building an initial FLC set of rules.
The FCM algorithm is used for classifying all the sensors and actuators data to
build MFs afterwards. The final centres established for the user’s physiological data
(such as HR, RR and ST) MFs were different for each experiment which lead to
different diagnosis for each user’s emotional state.
The amount of time the user spent in the Glam i-homeCare and the usage of
different MFs designs was analysed to show the variance in the number of rules created
by the system in the learning and the live control and adaptation phases. In the live
control and adaptation mode HAOEFA ran online for a further 5 days, during which it
monitored the user’s activities and controlled the environment on their behalf with
respect to their health and emotional state. During that time, the user was allowed to
override and adapt the agent’s learnt control responses, if it was necessary to modify
and tune them further.
As mentioned previously, one of the main characteristics of the Glam iHomeCare system is that the user is always in control of the environment and capable of
overriding the agent’s control at any time and his instructions are executed immediately
to achieve the responsive property implied in the ambient intelligence vision. Thus,
whenever changes to controls were made by the user using the GUI or the built-in voice
commands (see sections 5.2.1 and 5.4.6). HAOEFA then receives the request, generates
new rules or adjusts previously learnt rules, and allows the action through.
The performance of the agent could be gauged on the number of occasions when
the user had to override the agent’s control responses and adapt the rules over time, as
this can reflect how satisfied the user is with the agent control actions. The results show
that HAOEFA accurately adjusted the Glam i-HomeCare to each user preferences
where the occupant interventions were significantly reduced over time.
The next subsections present in detail HAOEFA’s performance graphs for five
performed experiments using collected results. The number of the created rules is
plotted against the time measured in days comparing the PI to the TT MFs designs’
performance with each other. For example, the graphs of each experiment clearly show
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that HAOEFA initially learnt 𝑥 rules from the user’s recorded dataset in the first day of
the experiment. Over the course of time, a total of 𝑦 new rules were added by end of the
experiment period. During this time, the graphs also show the number of occupant
adaptations or interventions to the system control. This illustrated HAOEFA’s ability to
stabilise over a small period of time which maximised the occupant’s comfort in the
Glam i-HomeCare. Furthermore, the graphs display how different designs of MFs’
shapes used have shown a great variance in the number of rules built in the HAOEFA’s
experience bank. Finally, the rest of the experiments’ results are discussed in section
6.2.6.

6.2.1 Emotion Recognition Results
The success of HAOEFA could be measured by the ability to understand different
linguistic variables such as very low, average, fast, neutral, and happy in unobtrusive
manner. This can been seen in the MFs shapes created for the different attributes such as
heart rate, internal temperature, and the indoor environment light control.
The Results of the performed experiments showed that the meaning of the word
normal in the HR MF is different for each occupant. The different understanding for the
meaning of the same linguistic variables has an effect of detecting the human emotion.
Emotions like happy, neutral and angry are affected by the physiological changes that
occur. For instance, if HAOEFA detects that the user heart rate is slow, respiration rate
is slow and skin temperature is normal. It instantly analyses these parameters to detect
that the user is feeling happy according to its defined set of fuzzy rules (see section
5.4.3). This means that HAOEFA has the ability to differentiate between the same
emotions occurring to different users. HAOEFA has achieved an overall classification
accuracy of 75.77% using the TT MFs compared to 78.75% using the PI MFs created
using equation (5.10) as shown in Table 6.1.
Moreover, the built-in voice commands were used to evaluate HAOEFA’s
ability of understanding these linguistic variables. For instance, in the fourth presented
experiment the user intentionally wanted the linguistic variable maximise in the lights
control to mean 70% of the full light power as illustrated in Figure 6.40 (see section
6.2.5). To achieve this, the user did not introduce any higher number to the lights
control as she intentionally wanted this value to be the maximum light power. The
experiments results show that HAOEFA was successfully able to differentiate between
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this person (occupant in the fourth experiment) and the other occupants as illustrated in
the next subsections. Table 6.1 presents the emotion accuracy results that are computed
using Equation (5.9) (see section 5.4.3) for each user who have occupied Glam i-Home
Care during the experiments period using both the PI MFs’ and TT MFs’ clustering
design. In addition, it shows the total average of the emotion accuracy for each system
design which is computed using Equation (5.10) (see section 5.4.3).
Occupant

Emotion Accuracy using PI MFs

Emotion Accuracy using TT MFs

1

77.26%

72.29%

2

73.21%

73.53%

3

70.86%

70.81%

4

75.72%

73.25%

5

94.93%

95.83%

6

80.76%

74.07%

7

76.47%

73.52%

8

78.26%

72.22%

9

86.36%

79.16%

10

73.68%

73.07%

Total Average

78.75%

75.77%

Table 6.1: Results of HAOEFA’s emotion recognition

Also to demonstrate the direct link between the occupant health states to their
emotions being detected by HAOEFA and the behavioural actions that occur afterwards
affecting the surrounding environment; let’s present how does an HAOEFA fuzzy rule
look like and then consider a real-life example where the environment conditions stayed
the same. An HAOEFA fuzzy rules looks like the following:
“If the room is Occupied, and the Internal Light Level is Low, and External Light Level
is Low, and the Internal Temperature is Normal, and External Temperature is Cold,
and the Time of Day is Evening, the Occupant’s Body Orientation is Upright, and Body
Motion is Stationary, and Heart Rate is Normal, and Respiration Rate is Slow, and Skin
Temperature is Slow, then the occupant’s emotion is Neutral and HAOEFA should
Maximise the room Lights and Turn On the TV”
However, to show the direct effect emotions have on the user behavioural actions. Let’s
consider the following environmental situation which remained constant (i.e., All the
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Glam i-HomeCare sensors values such as occupancy, and internal and external light and
Temperature values, and time of day were constant) for each occupant:
“If the room is Occupied, and the Internal Light Level is Low, and External Light Level
is Low, and the Internal Temperature is Normal, and External Temperature is Cold,
and the Time of Day is Evening”
This allowed the alteration of the environment controls according to both the emotional
and health states to be demonstrated in the results of the next sections.
To be able to analyse how same numbers can mean different things to different
people (i.e., have different linguistic variables for the same values). In addition to, the
great difficulty of capturing the same physiological number (e.g., HR=60 bpm) for each
occupant to analyse it. HAOEFA had to be frozen to allow such analysis to take place
for each user. The next subsections present different real-life collected data examples
that were repeated for each occupant using the same frozen snapshots. This
demonstrated the relation between the occupant health and emotion state to the actions
performed in the Glam i-HomeCare while having the environmental conditions
(constant) as stated in the example above.

6.2.2 The First Experiment Result
The performance of HAOEFA could be measured by monitoring how well it adjusted
the Glam i-HomeCare environment to the user’s preferences and emotional states. This
can be analysed by the number of user interventions that was reduced over time. In this
experiment Figure 6.1 plots the number of fuzzy rules created against time measured in
hours (using 30 time intervals) that occurred over the course of the six days for both the
PI MFs and TT MFs shapes used in HAOEFA’s development. In this experiment the
user stayed in the Glam i-HomeCare for a total of 108 hours (i.e., 54 hours/experiment
or 9 hours/day). As HAOEFA used the same data gathered from the learning day (see
section 5.4.1). Figure 6.1 shows that the PI MFs based HAOEFA have created fewer
number of rules compared with the TT MFs based HAOEFA. This is due to the
smoother designed shape of the PI MFs system compared to the TT MFs system which
helps in better handling the numerical uncertainties facing HAOEFA in Glam iHomeCare. In addition to, the usage of the threshold 𝑤 (𝑡) > 0.001 (see section 5.4.2.2)
which is combined with PI MF smoother design, HAOEFA can eliminate many
considerable weak fuzzy rules that is not going be used afterwards
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Furthermore, Figure 6.1 also shows the user intervention over the adaptation and
control phase. It demonstrates that the PI MFs based HAOEFA required significantly
more user interactions and time to stabilise compared with the TT MFs based
HAOEFA. For the TT MFs based HAOEFA, the interventions was initially high but
eventually got lower over time and by the end of the third day it did not occur any more.
However, for the PI MFs based HAOEFA, it took 4 days to reach a similar state. This
might be due to the fewer number of rules created, but it can be only proved if the
information capture design flaw was avoided (see section 5.4.1)
The PI MFs based HAOEFA initially learnt 3690 rules from the user dataset
during the learning phase. Over the subsequent five days 503 new rules were created by
the agent. In comparison the TT MFs based HAOEFA initially learnt 5641 rules, and
then created 732 new rules over the five days. Although the TT MFs based HAOEFA
was able to adapt faster to the changing environmental conditions, and emotional states
with less user interactions, and a fewer number of generated rules. The total number of
rules obtained through the whole experiment was 51.99% more compared to PI MFs
based FLC as shown in Figure 6.1.
Furthermore, the performance of the HAOEFA’s emotion recognition based PI
MFs designs proved to be better than the TT MFs designs as presented in Table 6.1. The
FLC used in detecting the emotion of the occupant which is determined by the rules in
Table 5.6 (see section 5.4.3) performed better while using the PI MFs shapes compared
to TT MFs shapes. This due to the higher certainty of PI MFs output compared to the
TT MFs based system. Also to show the direct effect emotions have on the user
behavioural actions in the Glam i-HomeCare. The environment conditions stayed
constant as discussed in section 6.2.1 and three different examples of real-life data
collected from experimentation results are presented.
The first example is where the occupant’s heart rate was 70 bpm, respiration rate
was 16 breaths/min., and skin temperature was 28 °C. The PI MFs designed HAOEFA
computed the following rule using the MFs shapes in Figure 6.2a, Figure 6.3a, and
Figure 6.4a respectively with firing strength 0.63 compared to a firing strength of 0.328
for the TT MFs based system which used Figure 6.2b, Figure 6.3b, and Figure 6.4b to
compute the same chosen rule used for emotion recognition:
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“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Normal, and Respiration Rate is Slow, and Skin Temperature is Cold then
the occupant’s emotion is Neutral and HAOEFA should Maximise the room Lights and
Turn On the TV”
Another example is where the occupant’s heart rate was 59 bpm, respiration rate
was 20 breaths/min., and skin temperature was 32 °C. The PI MFs designed FLC
computed the following rule using the MFs shapes in Figure 6.2a, Figure 6.3a, and
Figure 6.4a respectively with firing strength 0.836 compared to a firing strength of 0.36
for the TT MFs based system which used Figure 6.2b, Figure 6.3b, and Figure 6.4b to
compute the same chosen rule used for emotion recognition:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Slow, and Respiration Rate is Slow, and Skin Temperature is Normal then
the occupant’s emotion is Happy and HAOEFA should Average the room Lights and
Turn On the TV”
A final example is where the occupant’s heart rate was 110 bpm, minimise
respiration rate was 33 breaths/min., and skin temperature was 34 °C. The PI MFs
designed FLC computed the following rule using the MFs shapes in Figure 6.2a, Figure
6.3a, and Figure 6.4a respectively with firing strength 1.0 compared to a firing strength
of 0.384 for the TT MFs based system which used Figure 6.2b, Figure 6.3b, and Figure
6.4b to compute the same chosen rule used for emotion recognition:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Fast, and Respiration Rate is Fast, and Skin Temperature is Hot then the
occupant’s emotion is Angry and HAOEFA should Maximise the room Lights and Turn
off the TV”
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(a)
(b)
Figure 6.2: PI and TT MFs for the occupant heart rate

(a)

(b)

Figure 6.3: PI and TT MFs for the occupant respiration rate

(a)

(b)

Figure 6.4: PI and TT MFs for the occupant skin temperature
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(a)

(b)

Figure 6.5: PI and TT MFs for the environment external light level

(a)

(b)

Figure 6.6: PI and TT MFs for the environment external temperature level

(a)

(b)

Figure 6.7: PI and TT MFs for the Time of the day
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(a)

(b)

Figure 6.8: PI and TT MFs for the environment internal light level

(a)

(b)

Figure 6.9: PI and TT MFs for the environment internal temperature level

(a)

(b)

Figure 6.10: PI and TT MFs for the environment lights control
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6.2.3 The Second Experiment Results
The second experiment’s Figure 6.11 plots the number of fuzzy rules created against
time measured in hours (using 30 time intervals) that occurred over the course of the six
days for both the PI MFs and TT MFs shapes used in HAOEFA’s development. The
results of this experiment compared to the first are fairly similar with some minor
observations on how the system performed. In this experiment the user stayed in the
Glam i-HomeCare for 144 hours total (i.e., 72 hours/experiment or 12 hours/day). As
HAOEFA used the same data gathered form the learning day (see section 5.4.1). Figure
6.11 shows that the PI MFs based HAOEFA have created less number of rules
compared with the TT MFs based HAOEFA. This is due to the smoother designed
shape of the PI MFs system compared to the TT MFs system which helps in better
handling the numerical uncertainties facing HAOEFA in Glam i-HomeCare. In addition
to, the usage of the threshold 𝑤 (𝑡) > 0.001 (see section 5.4.2.2) which is combined with
PI MF smoother design, HAOEFA can eliminate many considerable weak fuzzy rules
that is not going be used afterwards.
In addition, Figure 6.11 also shows the user intervention over the adaptation and
control phase. On one hand, it demonstrates that the user intervened with both the PI
MFs based HAOEFA and the TT MFs based HAOEFA in a very similar manner. Also,
both designs took the same amount of time to stabilise compared to one another. On the
other hand, the plot shows that both the TT and the PI MFs based HAOEFAs, initially
had high user interventions, but eventually got lower over time, and by the end of the
fourth day it did not occur any more.
The PI MFs based HAOEFA initially learnt 3025 rules from the user dataset
during the learning phase. Over the subsequent five days 1975 new rules were created
by the system. In comparison the TT MFs based HAOEFA initially learnt 5617 rules,
and then created 2886 new rules over the five days. Although both the PI and TT MFs
based HAOEFAs were able to adapt in a similar manner to the changing environmental
conditions, and emotional states with less user interactions, and a fewer number of
added rules. The total number of rules obtained through the whole experiment by the TT
based HAOEFA was 70.06% more compared to PI MFs based FLC as shown in Figure
6.11.

121

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

Furthermore, the performance of the HAOEFA’s emotion recognition based PI
MFs designs was again very similar to the TT MFs designs as presented in Table 6.1. In
order to present the direct effect emotions have on the user behavioural actions in the
Glam i-HomeCare in this experiment. The environment condition stayed constant as
discussed in section 6.2.1 and the same three used examples (user states) of real-life
data collected from experimentation results are presented.
The first example is where the occupant’s heart rate was 70 bpm, respiration rate
was 16 breaths/min., and skin temperature was 28 °C. The PI MFs designed FLC
computed the following rule using the MFs shapes in Figure 6.12a, Figure 6.13a, and
Figure 6.14a respectively with firing strength 0.235 compared to a firing strength of
0.426 for the TT MFs based system which used Figure 6.12b, Figure 6.13b, and Figure
6.14b to compute the same chosen rule used for emotion recognition:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Very Slow, and Respiration Rate is Slow, and Skin Temperature is Very
Slow then the occupant’s emotion is Neutral and HAOEFA should Maximise the room
Lights and Turn On the TV”
Another example is where the occupant’s heart rate was 59 breaths/min.,
respiration rate was 20 breaths/min., and skin temperature was 32 °C. The PI MFs
designed FLC computed the following rule using the MFs shapes in Figure 6.12a,
Figure 6.13a, and Figure 6.14a respectively with firing strength 0.799 compared to a
firing strength of 0.429 for the TT MFs based system which used Figure 6.12b, Figure
6.13b, and Figure 6.14b to compute the same chosen rule used for emotion recognition:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Very Slow, and Respiration Rate is Normal, and Skin Temperature is
Normal then the occupant’s emotion is Neutral and HAOEFA should Maximise the
room Lights and Turn On the TV”
A final example is where the occupant’s heart rate was 110 bpm, respiration rate
was 33 breaths/min., and skin temperature was 34 °C. The PI MFs designed FLC
computed the following rule using the MFs shapes in Figure 6.12a, Figure 6.13a, and
Figure 6.14a respectively with firing strength 0.882:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Normal, and Respiration Rate is Very Fast, and Skin Temperature is Fast
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then the occupant’s emotion is Neutral and HAOEFA should Maximise the room Lights
and Turn On the TV”
compared to a firing strength of 0.339 for the TT MFs based system which used Figure
6.12b, Figure 6.13b, and Figure 6.14b to compute the same chosen rule used for
emotion recognition:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Normal, and Respiration Rate is Very Fast, and Skin Temperature is Very
Fast then the occupant’s emotion is Neutral and HAOEFA should Maximise the room
Lights and Turn On the TV”
From the last example above, the PI MFs based HAOEFA had a different
understanding to the same user ST value compared with the TT MFs based HAOEFA.
This does not impact HAOEFA emotion recognition performance due to the high score
choosing mechanism (see section 5.4.3) used while applying the emotion fuzzy rules in
Table 5.6. In addition, HAOEFA’s overall performance should not get affected as well.
This is because HAOEFA does not apply the highest scoring mechanism used in the
emotion recognition with rest of the sensors data (set of inputs). In addition to, the
normal FLC mechanism (see section 5.4.4) used that deals with all the fuzzy sets
(excluding emotions) and the fuzzy rules in its experience bank.
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(a)

(b)

Figure 6.12: PI and TT MFs for the occupant heart rate

(a)

(b)

Figure 6.13: PI and TT MFs for the occupant respiration rate

(a)

(b)

Figure 6.14: PI and TT MFs for the occupant skin temperature
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(a)

(b)

Figure 6.15: PI and TT MFs for the environment external light level

(a)

(b)

Figure 6.16: PI and TT MFs for the environment external temperature level

(a)

(b)

Figure 6.17: PI and TT MFs for the Time of the day
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(a)

(b)

Figure 6.18: PI and TT MFs for the environment internal light level

(a)

(b)

Figure 6.19: PI and TT MFs for the environment internal temperature level

(a)

(b)

Figure 6.20: PI and TT MFs for the environment lights control
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6.2.4 The Third Experiment Results
The third experiment’s Figure 6.21 plots the number of fuzzy rules created against time
measured in hours (using 30 time intervals) that occurred over the course of the six days
for both the PI MFs and TT MFs shapes used in HAOEFA’s development. The results
of this experiment compared to the first two are fairly similar with some minor
observations on how the system performed. In this experiment the user stayed in the
Glam i-HomeCare for 180 hours total (i.e., 90 hours/experiment or 15 hours/day). As
HAOEFA used the same data gathered form the learning day (see section 5.4.1).
Figure 6.21 shows that the PI MFs based HAOEFA have created a fewer number
of rules compared with the TT MFs based HAOEFA. The PI MFs based HAOEFA
initially learnt 2434 rules from the user dataset during the learning phase. Over the
subsequent five days 332 new rules were created by the system. In comparison the TT
MFs based HAOEFA initially learnt 4870 rules, and then created 127 new rules over the
five days. Although both the PI and TT MFs based HAOEFAs were able to adapt in a
similar manner to the changing environmental conditions, and emotional states with less
user interactions, and a fewer number of created rules. The total number of rules
obtained through the whole experiment by the TT based HAOEFA was 80.66% more
compared to PI MFs based FLC as shown in Figure 6.21. This is due to the smoother
designed shape of the PI MFs system compared to the TT MFs system which helps in
better handling the numerical uncertainties facing HAOEFA in Glam i-HomeCare. In
addition to, the usage of the threshold 𝑤 (𝑡) > 0.001 (see section 5.4.2.2) which is
combined with PI MF smoother design, HAOEFA can eliminate many considerable
weak fuzzy rules that is not going be used afterwards.
Moreover, Figure 6.21 also shows the user intervention over the adaptation and
control phase. On one hand, it demonstrates that the user intervened with both the PI
MFs based HAOEFA and the TT MFs based HAOEFA in a very similar manner. Also,
both designs took the same amount of time to stabilise compared to one another. On the
other hand, the plot shows that both the TT and the PI MFs based HAOEFAs, initially
had high user interventions, but eventually got lower over time, and by the end of the
fourth day it did not occur any more.
Furthermore, the performance of the HAOEFA’s emotion recognition based PI
MFs designs is again very similar to the TT MFs designs as presented in Table 6.1. To
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demonstrate the direct effect emotions have on the user behavioural actions in the Glam
i-HomeCare in this experiment. The environment conditions stayed constant as
discussed in section 6.2.1 and the same three used examples (user states) of real-life
data collected from experimentation results are presented.
The first example is where the occupant’s HR was 70 bpm, RR was 16
breaths/min., and ST was 28 °C. The PI MFs designed FLC computed the following
rule using the MFs shapes in Figure 6.22a, Figure 6.23a, and Figure 6.24a respectively
with firing strength 0.93 compared to a firing strength of 0.327 for the TT MFs based
system which used Figure 6.22b, Figure 6.23b, and Figure 6.24b to compute the same
chosen rule used for emotion recognition:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Slow, and Respiration Rate is Slow, and Skin Temperature is Cold then
the occupant’s emotion is Neutral and HAOEFA should Maximise the room Lights and
Turn On the TV”
Another example is where the occupant’s HR was 59 bpm, RR was 20
breaths/min., and ST was 32 °C. The PI MFs designed FLC computed the following
rule using the MFs shapes in Figure 6.22a, Figure 6.23a, and Figure 6.24a respectively
with firing strength 0.601 compared to a firing strength of 0.428 for the TT MFs based
system which used Figure 6.22b, Figure 6.23b, and Figure 6.24b to compute the same
chosen rule used for emotion recognition:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Very Slow, and Respiration Rate is Slow, and Skin Temperature is Normal
then the occupant’s emotion is Happy and HAOEFA should Minimise the room Lights
and Turn Off the TV”
A final example is where the occupant’s HR was 110 bpm, RR was 33
breaths/min., and ST was 34 °C. The PI MFs designed FLC computed the following
rule using the MFs shapes in Figure 6.22a, Figure 6.23a, and Figure 6.24a respectively
with firing strength 0.934 compared to a firing strength of 0.501 for the TT MFs based
system which used Figure 6.22b, Figure 6.23b, and Figure 6.24b to compute the same
chosen rule used for emotion recognition:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Fast, and Respiration Rate is Very Fast, and Skin Temperature is Normal
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then the occupant’s emotion is Neutral and HAOEFA should Maximise the room Lights
and Turn On the TV”
Analysing the three examples above, and comparing them with the pervious
experiments. It can be easily observed how HAOEFA can now understand different
numbers to mean different linguistic variables to different people. In other words, the
experiments showed how same linguistic variables can mean different things to
different people. Such an understanding of linguistic variables has led to different
emotion recognition as presented in the experiments’ examples. This is due to the
importance of the linguistic variables when applying the defined fuzzy rules in Table
5.6 for emotion recognition. As a result, this has shown the impact emotions have on the
Glam i-HomeCare where two users had the same physiological values, but it meant
different things to each one. Consequently, the emotion detected was different and the
control actions have been different as well. This demonstrates HAOEFA’s success in
modelling the user behaviour and controlling the Glam i-HomeCare on their behalf with
respect to their health and emotional states.
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(a)

(b)

Figure 6.22: PI and TT MFs for the occupant heart rate

(a)

(b)

Figure 6.23: PI and TT MFs for the occupant respiration rate

(a)

(b)

Figure 6.24: PI and TT MFs for the occupant skin temperature
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(a)

(b)

Figure 6.25: PI and TT MFs for the environment external light level

(a)

(b)

Figure 6.26: PI and TT MFs for the environment external temperature level

(a)

(b)

Figure 6.27: PI and TT MFs for the Time of the day
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(a)

(b)

Figure 6.28: PI and TT MFs for the environment internal light level

(a)

(b)

Figure 6.29: PI and TT MFs for the environment internal temperature level

(a)

(b)

Figure 6.30: PI and TT MFs for the environment lights control
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6.2.5 The Fourth Experiment Results
Figure 6.31 of the fourth experiment plots the number of fuzzy rules created against
time measured in hours (using 30 time intervals) that occurred over the course of the six
days for both the PI MFs and TT MFs shapes used in HAOEFA’s development. The
results of this experiment compared to the first three are fairly similar with some minor
observations on how the system performed. Although, the user in this experiment have
stayed in the Glam i-HomeCare for 180 hours total (i.e., 90 hours/experiment or 15
hours/day). She had some different behavioural actions compared to all the other users.
However, this did not stop HAOEFA from modelling her behaviour successfully.
The user of this experiment intentionally wanted the linguistic variable
Maximise to mean 70% of the Light control power in the Glam i-HomeCare. This was a
great test for HAOEFA’s ability to check if it can understand such user preference in a
non-intrusive manner (i.e., HAOEFA does not require any additional information from
this user as it continues to capture information in the pervasive technique developed).
The user here started using the Glam i-HomeCare in the same manner as other
volunteers. However the only difference is that she did not introduce any light control
power above 70%. Then at the control and adaptation phase, HAOEFA successfully
modelled her behaviour by mapping the word Maximise in the fuzzy set built to mean
70% of the Light control. This also allowed HAOEFA built-in voice command system
to be evaluated. Although some might argue that the built in voice commands integrated
system can be tested anytime. This experiment allowed HAOEFA to display its abilities
understand same linguistic variables to different people in an easy touchable manner, as
it can be easily observed by the user himself while living in the Glam i-HomeCare.
As HAOEFA used the same data gathered form the learning day (see section
5.4.1). Figure 6.31 shows that the PI MFs based HAOEFA have created fewer number
of rules compared with the TT MFs based HAOEFA. The PI MFs based HAOEFA
initially learnt 4448 rules from the user dataset during the learning phase. Over the
subsequent five days 1076 new rules were created by the system. In comparison the TT
MFs based HAOEFA initially learnt 5524 rules, and then created 2122 new rules over
the five days. Although both the PI and TT MFs based HAOEFAs were able to adapt in
a similar manner to the changing environmental conditions, and emotional states with
less user interactions, and a fewer number of created rules. The total number of rules
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obtained through the whole experiment by the TT based HAOEFA was 72.25% more
compared to PI MFs based FLC as shown in Figure 6.31. This is due to the smoother
designed shape of the PI MFs system compared to the TT MFs system which helps in
better handling the numerical uncertainties facing HAOEFA in Glam i-HomeCare. In
addition to, the usage of the threshold 𝑤 (𝑡) > 0.001 (see section 5.4.2.2) which is
combined with PI MF smoother design, HAOEFA can eliminate many considerable
weak fuzzy rules that is not going be used afterwards.
In addition, Figure 6.31 also shows the user intervention over the adaptation and
control phase. On one hand, it demonstrates that the user intervened with both the PI
MFs based HAOEFA and the TT MFs based HAOEFA in a very similar manner. Also,
both designs took the same amount of time to stabilise compared to one another. On the
other hand, the plot shows that both the TT and the PI MFs based HAOEFAs, initially
had high user interventions, but eventually got lower over time, and by the end of the
fourth day it did not occur any more.
Furthermore, the performance of the HAOEFA’s emotion recognition based PI
MFs designs was a bit higher compared with the TT MFs designs as presented in Table
6.1. The FLC used in detecting the emotion of the occupant was determined by the rules
in Table 5.6 (see section 5.4.3) performed better while using the PI MFs shapes
compared to TT MFs shapes. This is due to the higher certainty of PI MFs output
compared to the TT MFs based system. To demonstrate the direct effect emotions have
on the user behavioural actions in the Glam i-HomeCare in this experiment. The
environment condition stayed constant as discussed in section 6.2.1 and the same three
used examples (user states) of real-life data collected from experimentation results are
presented.
The first example is where the occupant’s heart rate was 70 bpm, respiration rate
was 16 breaths/min., and skin temperature was 28 °C. The PI MFs designed FLC
computed the following rule using the MFs shapes in Figure 6.32a, Figure 6.33a, and
Figure 6.34a respectively with firing strength 0.98:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Slow, and Respiration Rate is Very Slow, and Skin Temperature is Normal
then the occupant’s emotion is Happy and HAOEFA should Maximise the room Lights
and Turn On the TV”
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compared to a firing strength of 0.376 for the TT MFs based system which used Figure
6.32b, Figure 6.33b, and

Figure 6.34b to compute the same chosen rule used for

emotion recognition:
“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Normal, and Respiration Rate is Very Slow, and Skin Temperature is
Normal then the occupant’s emotion is Neutral and HAOEFA should Maximise the
room Lights and Turn On the TV”
From the last example above, the PI MFs based HAOEFA had a different
understanding to the same user HR value compared with the TT MFs based HAOEFA.
Again, this did not impact HAOEFA emotion recognition performance due to the high
score choosing mechanism (see section 5.4.3) used while applying the emotion fuzzy
rules in Table 5.6.
The second example is where the occupant’s heart rate was 59 bpm, respiration
rate was 20 breaths/min., and skin temperature was 32 °C. The PI MFs designed FLC
computed the following rule using the MFs shapes in Figure 6.32a, Figure 6.33a, and
Figure 6.34a respectively with firing strength 0.736 compared to a firing
strength of 0.261 for the TT MFs based system which used Figure 6.32b, Figure 6.33b,
and

Figure 6.34b to compute the same chosen rule used for emotion recognition:

“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Slow, and Respiration Rate is Slow, and Skin Temperature is Hot then the
occupant’s emotion is Neutral and HAOEFA should Maximise the room Lights and
Turn On the TV”
A final example is where the occupant’s heart rate was 110 bpm, respiration
rate was 33 breaths/min., and skin temperature was 34 °C. The PI MFs designed FLC
computed the following rule using the MFs shapes in Figure 6.32a, Figure 6.33a, and
Figure 6.34a respectively with firing strength 0.865 compared to a firing
strength of 0.718 for the TT MFs based system which used Figure 6.32b, Figure 6.33b,
and

Figure 6.34b to compute the same chosen rule used for emotion recognition:

“If the Occupant’s Body Orientation is Upright, and Body Motion is Stationary, and
Heart Rate is Fast, and Respiration Rate is Very Fast, and Skin Temperature is Very
Hot then the occupant’s emotion is Angry and HAOEFA should Maximise the room
Lights and Turn On the TV”
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(a)

(b)

Figure 6.32: PI and TT MFs for the occupant heart rate

(a)

(b)

Figure 6.33: PI and TT MFs for the occupant respiration rate

(a)

(b)

Figure 6.34: PI and TT MFs for the occupant skin temperature
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(a)

(b)

Figure 6.35: PI and TT MFs for the environment external light level

(a)

(b)

Figure 6.36: PI and TT MFs for the environment external temperature level

(a)

(b)

Figure 6.37: PI and TT MFs for the Time of the day
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(a)

(b)

Figure 6.38: PI and TT MFs for the environment internal light level

(a)

(b)

Figure 6.39: PI and TT MFs for the environment internal temperature level

(a)

(b)

Figure 6.40: PI and TT MFs for the environment lights control
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6.2.6 More Results
Following the same structure of examples in the sections above, this section presents
results obtained through the last six experiments. The following tables aim to illustrate
how the same value (e.g., HR = 70 bpm) could have a different meaning for each
person. This allows HAOEFA to continue demonstrating its ability to differentiate
between different linguistic variables for different occupants and the relation this have
to understand their emotional status.
Table 6.2, Table 6.3, and Table 6.4 each continues to show a real-life situation
“snapshot” for the same physiological information of each occupant. It continues to
present a comparison for the PI MFs designed HAOEFA and the TT MFs based
HAOEFA performances. Table 6.2, Table 6.3, and Table 6.4 also shows that the user
(e.g., user 5) did not have any change to the lights control even during HAOEFA
detecting different emotions (e.g., Neutral and Angry). However, the user only changed
the TV controls to be turned off when anger was detected by HAOEFA. Compared to
others, this simply shows the significance of how same numbers have different meaning
for each person and how these different meaning lead to different emotion recognition
that may consequently lead to different behavioural actions in the environment. The rest
of the extracted PI and TT MFs graphs for these six experiments are presented in
Appendix A.
User

Situation First Example

HAOEFA
Firing
MFs Design Strength

HR = 70 beats/min. PI MFs
RR = 16 breaths/min.
TT MFs
ST = 28 °C

0.816

HR = 70 beats/min. PI MFs
RR = 16 breaths/min.
TT MFs
ST = 28 °C

0.657

HR = 70 beats/min. PI MFs
RR = 16 breaths/min.
TT MFs
ST = 28 °C

0.961

HR = 70 beats/min. PI MFs
RR = 16 breaths/min.
TT MFs
ST = 28 °C

0.547

HR = 70 beats/min. PI MFs
RR = 16 breaths/min.
TT MFs
ST = 28 °C

0.931

HR = 70 beats/min. PI MFs
10 RR = 16 breaths/min.
TT MFs
ST = 28 °C

0.91

5

6

7

8

9

0.312

0.353

0.457

0.404

0.413

0.675

HAOEFA Fired Rules

Emotion Lights
TV Controls
Detected Controls

If BO is Upright, and BM is Stationary, and HR is
Slow, and RR is Slow, and ST is Cold

Neutral Maximize

On

If BO is Upright, and BM is Stationary, and HR is
Slow, and RR is Very Slow, and ST is Normal

Happy

Average

On

If BO is Upright, and BM is Stationary, and HR is
Slow, and RR is Very Slow, and ST is Normal

Happy

Decrease

Off

If BO is Upright, and BM is Stationary, and HR is
Normal, and RR is Slow, and ST is Cold

Neutral

Increase

On

If BO is Upright, and BM is Stationary, and HR is
Normal, and RR is Slow, and ST is Normal

Neutral Maximize

On

If BO is Upright, and BM is Stationary, and HR is
Very Slow, and RR is Slow, and ST is Very Cold

Neutral Maximize

On

Table 6.2: HAOEFA’s (PI MFs vs. TT MFs) emotion recognition and control first snapshot situation
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Situation Second Example

HAOEFA
Firing
MFs Design Strength

HR = 59 beats/min. PI MFs
RR = 20 breaths/min.
TT MFs
ST = 32 °C

0.257

HR = 59 beats/min. PI MFs
RR = 20 breaths/min.
TT MFs
ST = 32 °C

0.905

HR = 59 beats/min. PI MFs
RR = 20 breaths/min.
TT MFs
ST = 32 °C

0.698

HR = 59 beats/min. PI MFs
RR = 20 breaths/min.
TT MFs
ST = 32 °C

0.938

HR = 59 beats/min. PI MFs
RR = 20 breaths/min.
TT MFs
ST = 32 °C

0.799

HR = 59 beats/min. PI MFs
10 RR = 20 breaths/min.
TT MFs
ST = 32 °C

0.257

5

6

7

8

9

0.184

0.459

0.556

0.359

0.438

0.428

HAOEFA Fired Rules

Emotion Lights
TV Controls
Detected Controls

If BO is Upright, and BM is Stationary, and HR is
Very Slow, and RR is Normal, and ST is Hot
If BO is Upright, and BM is Stationary, and HR is
Very Slow, and RR is Normal and ST is Normal

Neutral Maximize

On

If BO is Upright, and BM is Stationary, and HR is
Very Slow, and RR is Normal and ST is Hot

Neutral Maximize

On

If BO is Upright, and BM is Stationary, and HR is
Very Slow, and RR is Normal and ST is Hot

Neutral Maximize

On

If BO is Upright, and BM is Stationary, and HR is
Slow, and RR is Fast, and ST is Hot
If BO is Upright, and BM is Stationary, and HR is
Slow, and RR is Fast, and ST is Normal

Neutral

Increase

On

If BO is Upright, and BM is Stationary, and HR is
Slow, and RR is Normal, and ST is Hot

Neutral Maximize

On

If BO is Upright, and BM is Stationary, and HR is
Very Slow, and RR is Slow, and ST is Normal
If BO is Upright, and BM is Stationary, and HR is
Very Slow, and RR is Slow, and ST is Cold

Happy
Maximize

On

Neutral

Table 6.3: HAOEFA’s (PI MFs vs. TT MFs) emotion recognition and control second snapshot situation
User

5

6

7

8

9

Situation Third Example

HAOEFA
Firing
MFs Design Strength

HR = 110 beats/min. PI MFs
RR = 33 breaths/min.
TT MFs
ST = 34 °C

1.0
0.638

HR = 110 beats/min. PI MFs
RR = 33 breaths/min.
TT MFs
ST = 34 °C

0.924

HR = 110 beats/min. PI MFs
RR = 33 breaths/min.
TT MFs
ST = 34 °C

0.808

HR = 110 beats/min. PI MFs
RR = 33 breaths/min.
TT MFs
ST = 34 °C

1.0

HR = 110 beats/min. PI MFs
RR = 33 breaths/min.
TT MFs
ST = 34 °C

HR = 110 beats/min. PI MFs
10 RR = 33 breaths/min.
TT MFs
ST = 34 °C

0.517

0.53

0.896
1.0
1.0
0.937
0.414

HAOEFA Fired Rules

Emotion Lights
Detected Controls

TV Controls

If BO is Upright, and BM is Stationary, and HR is
Fast, and RR is Very Fast, and ST is Hot

Angry

Maximize

Off

If BO is Upright, and BM is Stationary, and HR is
Fast, and RR is Very Fast, and ST is Very Hot

Angry

Maximize

On

If BO is Upright, and BM is Stationary, and HR is
Vety Fast, and RR is Very Fast, and ST is Very Hot

Angry

Maximize

Off

If BO is Upright, and BM is Stationary, and HR is
Fast, and RR is Very Fast, and ST is Very Hot

Angry

Minimize

Off

If BO is Upright, and BM is Stationary, and HR is
Vety Fast, and RR is Very Fast, and ST is Very Hot

Angry

Decrease

On

If BO is Upright, and BM is Stationary, and HR is
Normal, and RR is Very Fast, and ST is Fast

Neutral

Maximize

On

Table 6.4: HAOEFA’s (PI MFs vs. TT MFs) emotion recognition and control third snapshot situation

In addition, HAOEFA is not only limited to the meanings of emotional linguistic
variables as illustrated through all the experiments results. Table 6.5 demonstrates
HAOEFA’s ability to understand same linguistic variables through the built-in voice
command shown earlier (see section 5.4.6) for each occupant controls. Some occupants
143

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

preferred the linguistic variable Average of light control to be around 50%, where others
have preferred it to be around 65%. This also shows the ability of the HAOEFA to learn
and model the occupant’s behaviour over a short period of time. The rest of the
extracted PI and TT MFs graphs for the environment lights control in the last six
experiments are also presented in Appendix A.
HAOEFA’s Centres for the Glam i-HomeCare lights control MFs

User

C1=Minimise C2=Decrease C3=Average C4=Increase C5=Maximise
1
2
3
4
5
6
7
8
9
10
11

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

28.30
39.0
44.44
27.10
48.0
30.0
16.78
25.34
45.33
2.0
30.0

49.99
51.39
66.66
47.39
61.0
50.0
50.36
50.16
68.0
49.95
50.0

78.99
68.0
80.0
56.49
80.0
70.0
51.0
55.98
70.0
75.0
70.0

100.0
100.0
100.0
70.0
100.0
90.0
100.0
99.0
100.0
100.0
90.0

Table 6.5: Results of HAOEFA’s fuzzy c-means MFs

In addition, HAOEFA’s overall performance graph for each one of the last six
experiments shown in Appendix A continues to illustrate the progress of the number of
rules created, and the user interventions over the adaptation and control phase. Each
graph continues to demonstrate that PI MFs based HAOEFA continues to have an
overall fewer number of rules compared to the TT MFs based HAOEFA. However, the
number of rules added during the adaptation and control phase to the TT MFs based
HAOEFA were significantly lower compared with the PI MFs design. This might be
due to the bigger number of rules created in the learning phase of the TT MFs design.
Each graph of HAOEFA’s overall performance also continues to illustrate that the
number of user interventions with both the PI MFs based HAOEFA and the TT MFs
based HAOEFA gets lower over time. However, in most experiments the PI MFs based
HAOEFA took longer time to stabilise compared with the TT MFs based HAOEFA. All
experiments results demonstrate that HAOEFA’s experience bank is not affected by the
period of time the occupant spends within the environment as shown in all HAOEFA’s
overall performance graphs. There is no direct link or proof that the number of rules
might increase or decrease according to the time spent in the environment.
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Equation (5.13) (see section 5.4.5) was used to compute HAOEFA’s ability to
model different user behaviours each at a time in the test environment. HAOEFA has
successfully modelled different users’ behaviour within Glam i-HomeCare with respect
to their emotional preferences using 0.0004% of the number of rules that would be
created by any non-fuzzy standard controller. This unobtrusive algorithm saves a lot of
time and computational power in order to learn the occupant emotional preferences, the
changing environmental conditions and to model the behaviours associated with it all.
So it can control the environment on their behalf in the correct manner as anticipated by
the occupant.

6.3 Summary
This chapter presented the results of the unique designed real-life experiments. The
experiments were performed by different occupants both male and female in the Glam iHomeCare which served as real-life test-bed for home care environments. It illustrated
HAOEFA’s ability to differentiate between same linguistic variables and the different
meaning they have for each occupant. It also showed the importance of this
understanding and the relation it have with the emotion being detected by the system.
Furthermore, it showed the impact occupant’s emotion can have on the surrounding
environment by the alterations made in the systems’ controls.
The chapter also showed that some occupants had the same behaviour even with
different emotions (see section 6.2.6), where others had different behavioural actions for
same detected emotion. The results showed HAOEFA’s ability in mimicking the
occupant’s behaviour which was reflected in the number of user interventions that had
clearly decreased over the experimentation time.
Finally, the chapter also presented a full comparison between the PI MFs based
HAOEFA and TT MFs based HAOEFA. The results showed the strong impact different
MFs designs had on the learning and modelling process of the occupant’s behaviour.
Although, the usage of the PI MFs in the design of the FLC have presented a fewer
number of rules created compared to the TT MFs design as shown in the results of all
the performed experiments. HAOEFA maintained a very close performance using both
the MFs designs to model user behaviour with respect to their emotional preferences
with the same amount of time during the performed experiments as presented in
upcoming results.
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7 Conclusions and Future Work
In conclusion, the world is facing a global trend entitled ageing population which is a
process by which older individuals become a proportionally larger share of the total
population. This phenomena is continually affecting every man, woman and child in
many different levels. However, countries are at very different stages of the process, and
the pace of change differs greatly. In the near future, virtually all countries will face
ageing population, although at varying levels of intensity and in different time frames.
Thus many research organisations are aiming to develop appropriate data
systems, and research the capacity to monitor and understand the patterns and
relationships, between the physical and social infrastructure, and different important life
aspects such as (healthcare and social costs, human wellbeing, population social
engagements and productivity, population disabilities and dependencies). However, in
consideration of the most important aspect of all which is the human wellbeing, it
becomes clear that there is still an on-going debate on what exactly it means and how to
foster better wellbeing overtime.
Further to the literature review investigation and the research performed by
different organisations, a new understanding of the term human wellbeing is presented
in this thesis. Moreover, unique real-life experiments were designed to evaluate this
proposed hypothesis.
Following the evaluation of different learning techniques developed in the
literature review. The Glam i-HomeCare is presented in this thesis as a single user space
architecture that can be used to enhance everyday living and maximise the wellness
factor it gauges from the remotely acquired data without the need for constant
supervision by a carer. It has been successfully used during the experimentation phase
to evaluate the developed system’s ability to practically evaluate the new proposed
definition of the term human wellbeing.
The developed system named HAOEFA had succeeded in interacting within the
Glam i-HomeCare which acts as a real life home care physical environment. HAOEFA
has satisfied the aims of ubiquitous computing as it is capable of handling long and
short term uncertainties while operating in a lifelong learning and adaptation mode. It
has gained the experience needed to face the accumulating uncertainties overtime.
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HAOEFA allows for an unobtrusive, intelligent, low computation power and
time effective solution to act responsively and adaptively to occupants’ preferences and
needs. This aims towards maximising their comfort while living in the Glam iHomeCare. HAOEFA has successfully reduced the user interventions over time in all
the performed experiments which allowed it to maximise the occupant’s comfort. The
usage of the EQ02 belt during the experimentation time allows HAOEFA to achieve
one of the thesis objectives. HAOEFA provides constant monitoring to the occupant’s
physiological information using EQ02. This increases the users’ ability to live
independently in their homes. The EQ02 also provides HAOEFA with the user
physiological information needed to detect their emotions. HAOEFA’s emotion
recognition reasonable results allowed it to detect various emotions (e.g., neutral, happy
and angry) during experimentation time. HAOEFA successfully combined the comfort,
health and emotional factors, thus ensuring the enhancement of the new proposed
understanding of the human well-being. Although HAOEFA had successfully evaluated
the proposed wellbeing definition, it lacks the ability of understanding other emotions
(such as fear, sadness, and stress) which may affect a wider understanding of the human
wellbeing.
The designed experiments were performed by ten different occupants with
different behavioural actions. These experiments took place around the same time
(between winter and spring) of the year. The results have proven the HAOEFA’s ability
to both model different users’ behaviours within the environment in all cases and to
adapt to the new behavioural changes. The results also showed that the type-1 FLC is
able to differentiate between the same emotions that occur to different people. The used
FCM algorithm successfully classified the occupant’s physiological data. This allowed
HAOEFA the ability to understand various linguistic variables and the different
meaning they have for each occupant. In addition, it presented the importance of
analysing the relation between the changes of the occupant’s physiological data and the
emotional states accompanying it to the behavioural actions taken in the environment.
This analysis can enhance the people (e.g., youngsters and elderly) lives as it can show
the link between their behavioural actions and their wellbeing state overtime. In
addition to the mobility given to the user to move inside and outside the environment
with full monitoring to their health status using smartphones. The results of the
performed experiments have also presented the unobtrusive developed system ability to
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learn and model occupant behavioural actions and the emotions that accompanies in
order to control the environment correctly on their behalf.
Moreover the results presented the differences between using the PI and the TT
MFs designs in the creation of the FLC and how did it affect the system’s experience
bank and number of rules created. The PI MFs based HAOEFA had an overall much
less number of fuzzy rules compared to the TT MFs based HAOEFA to learn the
occupant emotional preferences, the changing environmental conditions and to model
the behaviours associated with it all. However, in most of the experiments the TT MFs
based HAOEFA had less number of rules added to its experience bank during the
adaptation and control phase compared to the other design. Finally, HAOEFA’s
experience bank can be easily updated or extended on a real time basis to learn the
occupant’s new and/or changing behaviours over time.
In the multiple occupancy situations, the contradictory individual user
behaviours represent a major problem in taking control actions representing the
collective users' behaviour. Thus in the future one of the objectives of this work is to
better handle such contradictory behaviours in a smarter way by implementing priority
schemes for different categories of occupants.
In addition, more experiments could take place to enhance the emotional model
and to add more emotions such as sadness, stress and fear to the system’s memory. This
could be achieved by splitting the fuzzy sets into more sets (e.g., 7 sets instead of 5) or
adding more relevant physiological equipment to the system. Moreover, an alteration to
experiment setup will be made where an increase to the number of days in the learning
phase will be performed. This should allow the system to better learn and model the
occupant’s behaviour while enhancing its understanding of their linguistic variables.
Future work also include enhancing the system’s built-in voice commands where
it should expand the grammar file being used in the HAOEFA to give the occupant the
ability to use more vocabulary while adapting the environment. This can be done by
adding new utterances to be recognised in the sphinx grammar file.
Another objective is improving the system performance by assessing and
reducing complexity. Smarter use of the recorded data is in plan where instead of
recording both the occupant’s physiological information and the environmental
conditions in the same time and in the same file. Each current snapshot (situation) will
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be divided in two files. The physiological information file should record EQ02 data
every 5 seconds where the environmental information file should record sensor’s data
every 5 minutes as they do not change that often like user’s physiological information.
This should allow the system an enhanced monitoring technique for the user’s health
state where in the same time it’s fully aware of the environmental conditions. Also,
instead of working with one huge FLC controlling all the Glam i-HomeCare outputs,
many smaller FLCs can be developed with smaller sets of outputs to improve the
system’s performance.
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A. Appendix A
A.1 More Results for HOAEFA’s created PI and TT
Membership Functions

Figure A.1: HAOEFA rules learnt plotted against the experiments time

A.1.1 The Fifth Experiment Results
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(a)

(b)

Figure A.2: PI and TT MFs for the occupant heart rate

(a)

(b)

Figure A.3: PI and TT MFs for the occupant respiration rate

(a)

(b)

Figure A.4: PI and TT MFs for the occupant skin temperature
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(a)

(b)

Figure A.5: PI and TT MFs for the environment external light level

(a)

(b)

Figure A.6: PI and TT MFs for the environment external temperature level

(a)

(b)

Figure A.7: PI and TT MFs for the Time of the day
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(a)

(b)

Figure A.8: PI and TT MFs for the environment internal light level

(a)

(b)

Figure A.9: PI and TT MFs for the environment internal temperature level

(a)
(b)
Figure A.10: PI and TT MFs for the environment lights control
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Figure A.11: HAOEFA rules learnt plotted against the experiments time

A.1.2 The Sixth Experiment Results
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(a)

(b)

Figure A.12: PI and TT MFs for the occupant heart rate

(a)

(b)

Figure A.13: PI and TT MFs for the occupant respiration rate

(a)

(b)

Figure A.14: PI and TT MFs for the occupant skin temperature
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(a)

(b)

Figure A.15: PI and TT MFs for the environment external light level

(a)

(b)

Figure A.16: PI and TT MFs for the environment external temperature level

(a)

(b)

Figure A.17: PI and TT MFs for the Time of the day
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(a)

(b)

Figure A.18: PI and TT MFs for the environment internal light level

(a)

(b)

Figure A.19: PI and TT MFs for the environment internal temperature level

(a)

(b)

Figure A.20: PI and TT MFs for the environment lights control
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Figure A.21: HAOEFA rules learnt plotted against the experiments time

A.1.3 The Seventh Experiment Results
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(a)

(b)

Figure A.22: PI and TT MFs for the occupant heart rate

(a)

(b)

Figure A.23: PI and TT MFs for the occupant respiration rate

(a)

(b)

Figure A.24: PI and TT MFs for the occupant skin temperature
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(a)

(b)

Figure A.25: PI and TT MFs for the environment external light level

(a)

(b)

Figure A.26: PI and TT MFs for the environment external temperature level

(a)

(b)

Figure A.27: PI and TT MFs for the Time of the day
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(a)

(b)

Figure A.28: PI and TT MFs for the environment internal light level

(a)

(b)

Figure A.29: PI and TT MFs for the environment internal temperature level

(a)

(b)

Figure A.30: PI and TT MFs for the environment lights control
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Figure A.31: HAOEFA rules learnt plotted against the experiments time

A.1.4 The Eighth Experiment Results
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(a)

(b)

Figure A.32: PI and TT MFs for the occupant heart rate

(a)

(b)

Figure A.33: PI and TT MFs for the occupant respiration rate

(a)

(b)

Figure A.34: PI and TT MFs for the occupant skin temperature
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(a)

(b)

Figure A.35: PI and TT MFs for the environment external light level

(a)

(b)

Figure A.36: PI and TT MFs for the environment external temperature level

(a)

(b)

Figure A.37: PI and TT MFs for the Time of the day
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(a)

(b)

Figure A.38: PI and TT MFs for the environment internal light level

(a)

(b)

Figure A.39: PI and TT MFs for the environment internal temperature level

(a)

(b)

Figure A.40: PI and TT MFs for the environment lights control
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Figure A.41: HAOEFA rules learnt plotted against the experiments time

A.1.5 The Ninth Experiment Results
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(a)

(b)

Figure A.42: PI and TT MFs for the occupant heart rate

(a)

(b)

Figure A.43: PI and TT MFs for the occupant respiration rate

(a)

(b)

Figure A.44: PI and TT MFs for the occupant skin temperature
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(a)

(b)

Figure A.45: PI and TT MFs for the environment external light level

(a)

(b)

Figure A.46: PI and TT MFs for the environment external temperature level

(a)

(b)

Figure A.47: PI and TT MFs for the Time of the day
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(a)

(b)

Figure A.48: PI and TT MFs for the environment internal light level

(a)

(b)

Figure A.49: PI and TT MFs for the environment internal temperature level

(a)

(b)

Figure A.50: PI and TT MFs for the environment lights control
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Figure A.51: HAOEFA rules learnt plotted against the experiments time

A.1.6 The Tenth Experiment Results
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(a)

(b)

Figure A.52: PI and TT MFs for the occupant heart rate

(a)

(b)

Figure A.53: PI and TT MFs for the occupant respiration rate

(a)

(b)

Figure A.54: PI and TT MFs for the occupant skin temperature
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(a)

(b)

Figure A.55: PI and TT MFs for the environment external light level

(a)

(b)

Figure A.56: PI and TT MFs for the environment external temperature level

(a)

(b)

Figure A.57: PI and TT MFs for the Time of the day
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(a)

(b)

Figure A.58: PI and TT MFs for the environment internal light level

(a)

(b)

Figure A.59: PI and TT MFs for the environment internal temperature level

(a)

(b)

Figure A.60: PI and TT MFs for the environment lights control
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Appendix B
B.1 HAOEFA’s Java Source Code
B.1.1 Trapezoidal/Triangular Membership Function
public static double[] MF_T_T(double Value, String Filename) {
// Very Low
if (0 <= Value && Value <= centers[2]) {
cc1 = 0;
cc1 = centers[2] - centers[1];
if (0 <= Value && Value <= centers[1]) {
VLow = 1;
}
if (centers[1] <= Value && Value <= centers[2]) {
VLow = (centers[2] - Value) / cc1;
}
region1 = 1;
membership_value[0] = VLow;
}
// Low
if (centers[1] <= Value && Value <= centers[3]) {
cc1 = 0;
cc2 = 0;
cc1 = centers[2] - centers[1];
cc2 = centers[3] - centers[2];
if (centers[1] <= Value && Value <= centers[2]) {
Low = (Value - centers[1]) / cc1;
}
if (centers[2] <= Value && Value <= centers[3]) {
Low = (centers[3] - Value) / cc2;
}
region1 = 2;
membership_value[1] = Low;
}
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//Meduim
if (centers[2] <= Value && Value <= centers[4]) {
cc1 = 0;
cc2 = 0;
cc1 = centers[3] - centers[2];
cc2 = centers[4] - centers[3];
if (centers[2] <= Value && Value <= centers[3]) {
Medium = (Value - centers[2]) / cc1;
}
if (centers[3] <= Value && Value <= centers[4]) {
Medium = (centers[4] - Value) / cc2;
}
region1 = 3;
membership_value[2] = Medium;
}
//High
if (centers[3] <= Value && Value <= centers[5]) {
cc1 = 0;
cc2 = 0;
cc1 = centers[4] - centers[3];
cc2 = centers[5] - centers[4];
if (centers[3] <= Value && Value <= centers[4]) {
High = (Value - centers[3]) / cc1;
}
if (centers[4] <= Value && Value <= centers[5]) {
High = (centers[5] - Value) / cc2;
}
region1 = 4;
membership_value[3] = High;
}
// Very High
if (Value >= centers[4]) {
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cc1 = 0;
cc1 = centers[5] - centers[4];
if (centers[4] <= Value && Value <= centers[5]) {
VHigh = (Value - centers[4]) / cc1;
}
if (Value >= centers[5]) {
VHigh = 1;
}
region1 = 5;
membership_value[4] = VHigh;
}
}
return membership_value;
}
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B.1.2 PI Membership Function
// Very Low
if (Value <= centers[2]) {
cc1 = 0;
cc1 = centers[2] - centers[1];
if (Value <= centers[1]) {
VLow = 1;
}
if ((centers[1] <= Value) && (Value <= ((centers[1] + centers[2]) / 2))) {
VLow = 1 - (2 * Math.pow(((Value - centers[1]) / cc1), 2));
}
if ((((centers[1] + centers[2]) / 2) <= Value) && (Value <= centers[2])) {
VLow = (2 * Math.pow(((Value - centers[2]) / cc1), 2));
}
if (Value >= centers[2]) {
VLow = 0;
}
region1 = 1;
membership_value[0] = VLow;
}
// Low
if (centers[1] <= Value && Value <= centers[3]) {
cc1 = 0;
x2 = 0;

cc2 = 0;
a = 0;

b = 0;

c = 0;

d = 0;

x2 = (centers[3] - centers[1]) / 2.5;
a = centers[1];
b = centers[1] + x2;
c = centers[3] - x2;
d = centers[3];
cc1 = b - a;
cc2 = d - c;
if (Value <= a) {
Low = 0;
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}
if (a <= Value && Value <= ((a + b) / 2)) {
Low = (2 * Math.pow(((Value - a) / cc1), 2));
}
if ((((a + b) / 2) <= Value) && (Value <= b)) {
Low = 1 - (2 * Math.pow(((Value - b) / cc1), 2));
}
if (b <= Value && Value <= c) {
Low = 1;
}
if (c <= Value && Value <= ((c + d) / 2)) {
Low = 1 - (2 * Math.pow(((Value - c) / cc2), 2));
}
if ((((c + d) / 2) <= Value) && (Value <= d)) {
Low = (2 * Math.pow(((Value - d) / cc2), 2));
}
if (Value >= d) {
Low = 0;
}
region1 = 2;
membership_value[1] = Low;
}
// Medium
if (centers[2] <= Value && Value <= centers[4]) {
cc1 = 0;
x3 = 0;

cc2 = 0;
a = 0;

b = 0;

c = 0;

d = 0;

x3 = (centers[4] - centers[2]) / 2.5;
a = centers[2];
b = centers[2] + x3;
c = centers[4] - x3;
d = centers[4];
cc1 = b - a;
cc2 = d - c;
if (Value <= a) {
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Medium = 0;
}
if (a <= Value && Value <= ((a + b) / 2)) {
Medium = (2 * Math.pow(((Value - a) / cc1), 2));
}
if ((((a + b) / 2) <= Value) && (Value <= b)) {
Medium = 1 - (2 * Math.pow(((Value - b) / cc1), 2));
}
if (b <= Value && Value <= c) {
Medium = 1;
}
if (c <= Value && Value <= ((c + d) / 2)) {
Medium = 1 - (2 * Math.pow(((Value - c) / cc2), 2));
}
if ((((c + d) / 2) <= Value) && (Value <= d)) {
Medium = (2 * Math.pow(((Value - d) / cc2), 2));
}
if (Value >= d) {
Medium = 0;
}
region1 = 3;
membership_value[2] = Medium;
}
// High
if (centers[3] <= Value && Value <= centers[5]) {
cc1 = 0;
x4 = 0;

cc2 = 0;
a = 0;

b = 0;

c = 0;

d = 0;

x4 = (centers[5] - centers[3]) / 2.5;
a = centers[3];
b = centers[3] + x4;
c = centers[5] - x4;
d = centers[5];
cc1 = b - a;
cc2 = d - c;
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if (Value <= a) {
High = 0;
}
if (a <= Value && Value <= ((a + b) / 2)) {
High = (2 * Math.pow(((Value - a) / cc1), 2));
}
if ((((a + b) / 2) <= Value) && (Value <= b)) {
High = 1 - (2 * Math.pow(((Value - b) / cc1), 2));
}
if (b <= Value && Value <= c) {
High = 1;
}
if (c <= Value && Value <= ((c + d) / 2)) {
High = 1 - (2 * Math.pow(((Value - c) / cc2), 2));
}
if ((((c + d) / 2) <= Value) && (Value <= d)) {
High = (2 * Math.pow(((Value - d) / cc2), 2));
}
if (Value >= d) {
High = 0;
}
region1 = 4;
membership_value[3] = High;
}
// Very High
if (Value >= centers[4]) {
cc5 = 0;
cc5 = centers[5] - centers[4];
if (Value <= centers[4]) {
VHigh = 0;
}
if ((centers[4] <= Value) && (Value <= ((centers[4] + centers[5]) / 2))) {
VHigh = (2 * Math.pow(((Value - centers[4]) / cc5), 2));
}
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if ((((centers[4] + centers[5]) / 2) <= Value) && (Value <= centers[5])) {
VHigh = 1 - (2 * Math.pow(((Value - centers[5]) / cc5), 2));
}
if (Value >= centers[5]) {
VHigh = 1;
}
region1 = 5;
membership_value[4] = VHigh;
}
return membership_value;
}
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B.1.3 Emotion Detection
public static String Get_Emotion(double[] HR_membership_value,
RR_membership_value, double[] Body_Temp_membership_value) {

double[]

Firing_Strength_old = 0;
Human_Emotion = "";
Rules_Input = "";
System.out.println();
for (int x1 = 0; x1 < 5; x1++) {
for (int x2 = 0; x2 < 5; x2++) {
for (int x3 = 0; x3 < 5; x3++) {
if (HR_membership_value[x1] > 0.0 && RR_membership_value[x2] > 0.0 &&
Body_Temp_membership_value[x3] > 0.0) {
Firing_Strength = Short_Numbers.Short_000(HR_membership_value[x1] *
RR_membership_value[x2] * Body_Temp_membership_value[x3]);
if (Firing_Strength >= 0.001) {
if (Firing_Strength > Firing_Strength_old) {
Firing_Strength_old = Firing_Strength;
if (HR_membership_value[x1] > 0.0 && (x1 == 0)) {
Rules_Input = ("VL,");
}
if (HR_membership_value[x1] > 0.0 && (x1 == 1)) {
Rules_Input = ("L,");
}
if (HR_membership_value[x1] > 0.0 && (x1 == 2)) {
Rules_Input = ("M,");
}
if (HR_membership_value[x1] > 0.0 && (x1 == 3)) {
Rules_Input = ("H,");
}
if (HR_membership_value[x1] > 0.0 && (x1 == 4)) {
Rules_Input = ("VH,");
}
if (RR_membership_value[x2] > 0.0 && (x2 == 0)) {
Rules_Input += "VL,";
}
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if (RR_membership_value[x2] > 0.0 && (x2 == 1)) {
Rules_Input += "L,";
}
if (RR_membership_value[x2] > 0.0 && (x2 == 2)) {
Rules_Input += "M,";
}
if (RR_membership_value[x2] > 0.0 && (x2 == 3)) {
Rules_Input += "H,";
}
if (RR_membership_value[x2] > 0.0 && (x2 == 4)) {
Rules_Input += "VH,";
}
if (Body_Temp_membership_value[x3] > 0.0 && (x3 == 0)) {
Rules_Input += "VL,";
}
if (Body_Temp_membership_value[x3] > 0.0 && (x3 == 1)) {
Rules_Input += "L,";
}
if (Body_Temp_membership_value[x3] > 0.0 && (x3 == 2)) {
Rules_Input += "M,";
}
if (Body_Temp_membership_value[x3] > 0.0 && (x3 == 3)) {
Rules_Input += "H,";
}
if (Body_Temp_membership_value[x3] > 0.0 && (x3 == 4)) {
Rules_Input += "VH,";
}
}
if (Rules_Input.equalsIgnoreCase("VL,VL,VL,")
|| Rules_Input.equalsIgnoreCase("VL,VL,L,")
|| Rules_Input.equalsIgnoreCase("VL,VL,M,")
|| Rules_Input.equalsIgnoreCase("VL,VL,H,")
|| Rules_Input.equalsIgnoreCase("VL,VL,VH,")) {
Human_Emotion = "H";
}
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if (Rules_Input.equalsIgnoreCase("VL,L,VL,")
|| Rules_Input.equalsIgnoreCase("VL,L,L,")
|| Rules_Input.equalsIgnoreCase("VL,L,M,")
|| Rules_Input.equalsIgnoreCase("VL,L,H,")
|| Rules_Input.equalsIgnoreCase("VL,L,VH,")) {
Human_Emotion = "H";
}
if (Rules_Input.equalsIgnoreCase("L,VL,VL,")
|| Rules_Input.equalsIgnoreCase("L,VL,L,")
|| Rules_Input.equalsIgnoreCase("L,VL,M,")
|| Rules_Input.equalsIgnoreCase("L,VL,H,")
|| Rules_Input.equalsIgnoreCase("L,VL,VH,")) {
Human_Emotion = "H";
}
if (Rules_Input.equalsIgnoreCase("L,L,VL,")
|| Rules_Input.equalsIgnoreCase("L,L,L,")
|| Rules_Input.equalsIgnoreCase("L,L,M,")
|| Rules_Input.equalsIgnoreCase("L,L,H,")
|| Rules_Input.equalsIgnoreCase("L,L,VH,")) {
Human_Emotion = "H";
}
if (Rules_Input.equalsIgnoreCase("H,H,H,")) {
Human_Emotion = "A";
}
if (Rules_Input.equalsIgnoreCase("H,H,VH,")) {
Human_Emotion = "A";
}
if (Rules_Input.equalsIgnoreCase("H,VH,H,")) {
Human_Emotion = "A";
}
if (Rules_Input.equalsIgnoreCase("H,VH,VH,")) {
Human_Emotion = "A";
}
if (Rules_Input.equalsIgnoreCase("VH,H,H,")) {
Human_Emotion = "A";
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}
if (Rules_Input.equalsIgnoreCase("VH,H,VH,")) {
Human_Emotion = "A";
}
if (Rules_Input.equalsIgnoreCase("VH,VH,H,")) {
Human_Emotion = "A";
}
if (Rules_Input.equalsIgnoreCase("VH,VH,VH,")) {
Human_Emotion = "A";
}
if
(!Human_Emotion.equalsIgnoreCase("0")
!Human_Emotion.equalsIgnoreCase("H")
!Human_Emotion.equalsIgnoreCase("A")) {

&&
&&

Human_Emotion = "N";
}
if (Create_DataFiles.LEARNING_PERIOD == false) {
if (Equivital.Heartrate == 0 &&
Equivital.Breathing_Rate == 0
&& Equivital.Body_Temprature == 0) {
Rules_Input = "0,0,0,";
Human_Emotion = "0";
}
}
if (Create_DataFiles.LEARNING_PERIOD == true) {
if (Fuzzification1.myarray2[6] == 0 && Fuzzification1.myarray2[7]
== 0 && Fuzzification1.myarray2[9] == 0) {
Rules_Input = "0,0,0,";
Human_Emotion = "0";
}
}
}

}

}

}

}

System.out.println("Rule is = " + Rules_Input);
if (Create_DataFiles.LEARNING_PERIOD == false) {
System.out.println("Emotion is = " + Human_Emotion);
System.out.println();
}
return Human_Emotion;

}
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B.1.4 Equivital EQ02 Communication
public static void
InterruptedException {

Equivital_Bluetooth_Connection()

throws

IOException,

if (Update_Server_Values.Connect == 0) {
if (GUI.chk2.isSelected() == false) {
GUI.eq_connection.setText("(Trying to connect)");
String serverURL = "btspp://00078046bc10:1";
StreamConnection connection = null;
try {
System.out.println("Connecting to Equivital by url: " + serverURL);
connection
=
(StreamConnection)
Connector.READ);

Connector.open(serverURL,

InputStreamReader
in
=
InputStreamReader(connection.openInputStream());

new

System.out.println("Reading From Equivital (Bluetooth stream open).");
String output = "";
while (true) {
if (GUI.chk2.isSelected() == false) {
GUI.Heart_RateIcon.setIcon(new ImageIcon(
"C:\\AMIC\\HAOEFA\\Images\\Heart_Rate.gif"));
output = " ";
GUI.eq_connection.setText("(Connected)");
Eq_Connected = true;
if (start == true) {
start = false;
new Thread(GUI.myGen).start();
}
for (int k = 0; k < 200; k++) {
input = in.read();
if (input == -1) {
break;
}
output += (char) input;
}
if (input == -1) {
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break;
}
char[] Data_Character = output.toCharArray();
char c;
for (int i = 0; i < Data_Character.length; i++) {
c = Data_Character[i];
if ((c == 'h') && (i + 2 < Data_Character.length)) {
if (x1 >= 80) {
Heartrate
=
(int)
Equivital.Equivital_DataStream_Decode(Data_Character[i + 1],
Data_Character[i + 2]);
}
} else if ((c == 't') && (i + 2 < Data_Character.length)) {
Body_Temprature
=
Equivital.Equivital_DataStream_Decode(Data_Character[i + 1],
Data_Character[i + 2]);
} else if ((c == 'u') && (i + 2 < Data_Character.length)) {
if (x2 >= 80) {
Breathing_Rate
=
Equivital.Equivital_DataStream_Decode(Data_Character[i + 1],
Data_Character[i + 2]);
}
} else if ((c == 'f') && (i + 2 < Data_Character.length)) {
Belt_Sensor_Respiration
=
(int)
Equivital.Equivital_DataStream_Decode(Data_Character[i + 1],
Data_Character[i + 2]);
x3 = 0;
} else if ((c == 'n') && (i + 2 < Data_Character.length)) {
Notify
=
(int)
(Equivital.Equivital_DataStream_Decode(Data_Character[i + 1],
Data_Character[i + 2]) * 10);
if (Notify == 14) {
Battery = "Low";
} else if (Notify == 15) {
Battery = "OK";
}
if (Notify == 16) {
Movement = "Stationary";
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} else if (Notify == 17) {
Movement = "Moving";
} else if (Notify == 18) {
Orientation = "Upright";
} else if (Notify == 19) {
Orientation = "Prone";
} else if (Notify == 20) {
Orientation = "Supine";
} else if (Notify == 21) {
Orientation = "Inverted";
} else if (Notify == 22) {
Orientation = "Side";
} else if (Notify == 23) {
Orientation = "Unknown";
} else if (Notify == 25) {
Vital_Sign = "Green";
} else if (Notify == 26) {
Vital_Sign = "Yellow";
} else if (Notify == 27) {
Vital_Sign = "Red";
} else if (Notify == 29) {
Vital_Sign = "Grey";
} else if (Notify == 30) {
Vital_Sign = "Blue";
}
} else if ((c == 'k') && (i + 2 < Data_Character.length)) { //
x2 = Equivital.Equivital_DataStream_Decode(Data_Character[i
+ 1], Data_Character[i + 2]) * 10;
} else if ((c == 'g') && (i + 2 < Data_Character.length)) {
x1 = Equivital.Equivital_DataStream_Decode(Data_Character[i
+ 1], Data_Character[i + 2]) * 10;
}
}
ParseValues.Orientation = Orientation;
ParseValues.Movement = Movement;
output = " ";
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connection.close();
System.out.println("Bluetooth stream Closed");
} catch (Exception e) {
System.out.println("Catch Exception " + e);
}
}
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B.1.5 ilon Smart Server 2.0 Communication
public static void iLoN_Connect() {
FTPClient client = new FTPClient();
FileOutputStream fos = null;
FileInputStream fis = null;
Thread x = new Thread();
try {
GUI.ilon_connection.setText("(Trying to connect)");
// Connect to i.LON SmartServer
client.connect("192.168.1.222");
client.login("ilon", "ilon");
// The remote filename to be downloaded.
GUI.internallight.setIcon(new ImageIcon(
"C:\\AMIC\\HAOEFA\\Images\\external_light.gif"));
GUI.tempIcon2.setIcon(new ImageIcon(
"C:\\AMIC\\HAOEFA\\Images\\temperature.gif"));
while (true) {
GUI.ilon_connection.setText("(Connected)");
String filename = "DataLogger1.txt";
fos = new FileOutputStream("C:\\AMIC\\HAOEFA\\Data\\" + filename);
//Download file from FTP server
client.retrieveFile("data/" + filename, fos);
// Open the file that is the first
// command line parameter
BufferedReader
in
=
new
BufferedReader(new
FileReader("C:\\AMIC\\HAOEFA\\Data\\DataLogger1.txt"));
// Get the object of DataInputStream
String strLine;
BufferedWriter
out
=
new
BufferedWriter(new
FileWriter("C:\\AMIC\\HAOEFA\\Data\\check.txt"));
//Read File Line By Line
while ((strLine = in.readLine()) != null) {
if (strLine.length() != 0) {
//Sensor Error Detection
if (strLine.contains("AL_OFFLINE")) {
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if (strLine.contains("1_InDoor_Sensor/TemperatureSnsr")) {
IndoorTemprature = "-500";
//
System.out.println("ERROR in the 1_InDoor_Sensor
(Temp_Sensor):" + strLine.substring(0, 29) + "\r\n");
out.write("ERROR in the 1_InDoor_Sensor (Temp_Sensor):" +
strLine.substring(0, 29) + "\r\n");
} else if (strLine.contains("3_OutDoor_Sensor/LightSensor")) {
OutdoorLight = "-500";
//
System.out.println("ERROR in the 3_OutDoor_Sensor
(Light_Sensor): " + strLine.substring(0, 29) + "\r\n");
out.write("ERROR in the 3_OutDoor_Sensor (Light_Sensor): " +
strLine.substring(0, 29) + "\r\n");
} else if (strLine.contains("3_OutDoor_Sensor/TempSensor")) {
OutdoorTemprature = "-500";
//
System.out.println("ERROR in the 3_OutDoor_Sensor
(Temp_Sensor): " + strLine.substring(0, 29) + "\r\n");
out.write("ERROR in the 3_OutDoor_Sensor (Temp_Sensor): " +
strLine.substring(0, 29) + "\r\n");
} else if (strLine.contains("2_Occupancy/OccSnsr[0]")) {
IndoorOccupancy = "-500";
// System.out.println("ERROR in the 2_Occupancy_Sensor
(Occupancy): " + strLine.substring(0, 29) + "\r\n");
out.write("ERROR in the 2_Occupancy_Sensor (Occupancy): " +
strLine.substring(0, 29) + "\r\n");
} else if (strLine.contains("2_Occupancy/LightSnsr[0]")) {
IndoorLight = "-500";
// System.out.println("ERROR in the 2_Occupancy_Sensor
(Light_Sensor): " + strLine.substring(0, 29) + "\r\n");
out.write("ERROR in the 2_Occupancy_Sensor (Light_Sensor): "
+ strLine.substring(0, 29) + "\r\n");
}
} //Sensor Value Detection
else if (strLine.contains("1_InDoor_Sensor/TemperatureSnsr")) {
IndoorTemprature1 = strLine.split(",");
IndoorTemprature
=
IndoorTemprature1[6].substring(1,
IndoorTemprature1[6].length() - 1);
} else if (strLine.contains("3_OutDoor_Sensor/LightSensor")) {
OutdoorLight1 = strLine.split(",");
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OutdoorLight
=
OutdoorLight1[6].length() - 1);

OutdoorLight1[6].substring(1,

} else if (strLine.contains("3_OutDoor_Sensor/TempSensor")) {
OutdoorTemprature1 = strLine.split(",");
OutdoorTemprature
=
OutdoorTemprature1[6].substring(1,
OutdoorTemprature1[6].length() - 1);
} else if (strLine.contains("2_Occupancy/OccSnsr[0]")
strLine.contains("UNOCCUPIED")) {

&

//IndoorOccupancy = strLine.substring(106, 116);
IndoorOccupancy = "UNOCCUPIED";
} else if (strLine.contains("2_Occupancy/OccSnsr[0]")
!strLine.contains("UNOCCUPIED")) {

&

//IndoorOccupancy = strLine.substring(106, 114);
IndoorOccupancy = "OCCUPIED";
} else if (strLine.contains("2_Occupancy/LightSnsr[0]")) {
IndoorLight1 = strLine.split(",");
IndoorLight = IndoorLight1[6].substring(1, IndoorLight1[6].length()
- 1);
}

}

}

in.close();
} catch (Exception e) {
GUI.ilon_connection.setText("(Disconnected)");
System.out.println("ilonsmartserver.java " + e);
Fuzzy.alert_1.play();
}
}
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B.1.6 Built-in Voice Commands
public void Voice_Commands_Recognition() throws IllegalStateException {
ConfigurationManager cm = new ConfigurationManager(
Speech_Commands.class.getResource("Speech_Commands.config.xml"));
Recognizer recognizer = (Recognizer) cm.lookup("recognizer");
recognizer.allocate();
// start the microphone or exit if the programm if this is not possible
Microphone recorder = (Microphone) cm.lookup("microphone");
//recorder = (Microphone) cm.lookup("microphone");
recorder.initialize();
// loop the recognition until the programm exits.
while (true) {
int c = 1;
if (GUI.record == true) {
if (onetime == 1) {
recorder.clear();
recorder.startRecording();
System.out.println("RECORDING STARTED");
onetime++;
onetime2 = 1;
}
System.out.println("Say: (Turn on | Turn off | minimize | lower | average |
higher | maximize) Room ( TV | light)");
Result result = recognizer.recognize();
if (result != null) {
resultText = result.getBestFinalResultNoFiller();
if (GUI.record == false) {
resultText = "X";
}
System.out.println("You said: " + resultText + '\n' + GUI.record);
double[] Centers_speech_command = new double[7];
double Speech_Command = -1;
try {
BufferedReader in = new BufferedReader(
new FileReader(
202

Investigation into the creation of an ambient intelligent physiology measurement environment to facilitate
modelling of the human wellbeing

"C:\\AMIC\\HAOEFA\\"

+ Fuzzy.name

+ "\\R_W\\Centers\\CENTERS_Action_In_Light_Front.txt"));
String read = "";
for (int i = 0; (read = in.readLine()) != null; i++) {
Centers_speech_command[i] = Double.parseDouble(read);
}
if (resultText.equalsIgnoreCase("turn on room light")) {
VoiceCommandTxt.setText("Turn on room light");
Fuzzy.check = "Adaptation_Start2";
Speech_Command = 100;
Fuzzy.L_Front = Speech_Command;
Fuzzy.L_Rear = Speech_Command;
} else if (resultText.equalsIgnoreCase("Turn off room light")) {
VoiceCommandTxt.setText("Turn off room light");
Fuzzy.check = "Adaptation_Start2";
Speech_Command = 0;
Fuzzy.L_Front = Speech_Command;
Fuzzy.L_Rear = Speech_Command;
} else if (resultText.equalsIgnoreCase("minimize room light")) {
VoiceCommandTxt.setText("Minimize room light");
Speech_Command = Centers_speech_command[0];
Fuzzy.check = "Adaptation_Start2";
Fuzzy.L_Front = Speech_Command;
Fuzzy.L_Rear = Speech_Command;
} else if (resultText.equalsIgnoreCase("lower room light")) {
VoiceCommandTxt.setText("Lower room light");
Speech_Command = Centers_speech_command[1];
Fuzzy.check = "Adaptation_Start2";
Fuzzy.L_Front = Speech_Command;
Fuzzy.L_Rear = Speech_Command;
} else if (resultText.equalsIgnoreCase("average room light")) {
VoiceCommandTxt.setText("Average room light");
Speech_Command = Centers_speech_command[2];
Fuzzy.check = "Adaptation_Start2";
Fuzzy.L_Front = Speech_Command;
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Fuzzy.L_Rear = Speech_Command;
} else if (resultText.equalsIgnoreCase("higher room light")) {
VoiceCommandTxt.setText("Higher room light");
Speech_Command = Centers_speech_command[3];
Fuzzy.check = "Adaptation_Start2";
Fuzzy.L_Front = Speech_Command;
Fuzzy.L_Rear = Speech_Command;
} else if (resultText.equalsIgnoreCase("maximize room light")) {
VoiceCommandTxt.setText("Maximize room light");
Speech_Command = Centers_speech_command[4];
Fuzzy.check = "Adaptation_Start2";
Fuzzy.L_Front = Speech_Command;
Fuzzy.L_Rear = Speech_Command;
} else if (resultText.equalsIgnoreCase("Turn on room TV")) {
VoiceCommandTxt.setText("Turn on room TV");
Create_DataFiles.ah.sendAction("sendplc", "A1 on", "", "");
} else if (resultText.equalsIgnoreCase("Turn off room TV")) {
VoiceCommandTxt.setText("Turn off Room TV");
Create_DataFiles.ah.sendAction("sendplc", "A1 off", "", "");
} else if (resultText.equalsIgnoreCase("Play some music")) {
VoiceCommandTxt.setText("Play some music");
Runtime.getRuntime().exec("C://AMIC//Start_Music.bat");
} else if (resultText.equalsIgnoreCase("Turn off room music")) {
VoiceCommandTxt.setText("Turn off room music");
Runtime.getRuntime().exec("C://AMIC//Stop_Music.bat");
} else {
VoiceCommandTxt.setText("Could you please repeat that?");
System.out.println("Wrong Command\n");
}
System.out.println(Speech_Command);
System.out.println(Speech_Command);
} catch (Exception e) {
System.out.println("Exception speech 125" + e);
}
}
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} else if (GUI.record == false) {
stop = true;
if (onetime2 == 1) {
recorder.stopRecording();
recorder.clear();
System.out.println("RECORDING STOPED 2");
onetime2++;
onetime = 1;
}
}
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