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Preface

In this research, we have designed, developed implemented a wireless sensor
networks based smart home for safe, sound and secured living environment for
any inhabitant especially elderly living alone. We have explored a methodology
for the development of efficient electronic real time data processing system to
recognize the behaviour of an elderly person. The ability to determine the
wellness of an elderly person living alone in their own home using a robust,
flexible and data driven artificially intelligent system has been investigated. A
framework integrating temporal and spatial contextual information for
determining the wellness of an elderly person has been modelled. A novel
behaviour detection process based on the observed sensor data in performing
essential daily activities has been designed and developed. The model can update
the behaviour knowledge base and simultaneously execute the tasks to explore the
intricacies of the generated behaviour pattern. An initial decline or change in
regular daily activities can suggest changes to the health and functional abilities of
the elderly person.

The developed system is used to forecast the behaviour and quantitative
wellness of the elderly by monitoring the daily usages of household appliances
using smart sensors. Wellness determination models are tested at various elderly
houses, and the experimental results related to the identification of daily activities
and wellness determination is encouraging. The wellness models are updated
based on the time series analysis formulations. The integrated smart sensing
system is capable of detecting human emotion and behaviour recognition based on
the daily functional abilities simultaneously. The electronic data processing
system can incorporate the Internet of Things framework for sensing different
devices, understand and act according to the requirements of smart home
environment.

Subhas Chandra Mukhopadhyay

Nagender Kumar Suryadevara
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Chapter 1
Introduction

This book presents significant information and observations about the Ambient
Assisted Living (AAL) environment computing technologies that can determine
the wellness of an elderly person living independently in their home. There is a
world-wide tendency to transform the approach adopted by national healthcare
systems to treat elderly people as more and more people choose to live in their
own homes; however they still need professional medical supervision. Thus,
monitoring important daily activities through the observation of everyday object
usages is one way to let medical personnel know about the activities of the elderly,
and, if there is a problem, a nurse or doctor can adequately respond in a timely
fashion. The elderly people can be monitored continuously in their own home with
the set-up of an AAL environment. It is necessary to develop artificially intelligent
programs for analysing real-time data coming from heterogeneous smart sensors
of the AAL.

The elderly well-being conditions can be known from the AAL set-up’s
principal values such as location (S), time (T) and context (C). Based on S, T and
C, the complex elderly behaviour processes can be realized into a function Z
(computer program) for quantitative well-being assessment. The values of the <Z
(S, T, C)> can be realized with the help of the elderly Activities of Daily Living
(ADL). The processing of Z is based on the time series sensor data originated
from various unobtrusive and non-invasive smart sensors of AAL. There are many
ad-hoc methods available to deal with the assessment of the ADLs with only
either spatio-temporal or contextual reasoning performed through an offline mode.
Very few methods are available for online processing of spatio-temporal data of Z.
One of the motivating tasks in this situation is the longitudinal well-being
assessment of the elderly with computational resource constraints. Another
problem is to define a Z (spatio-temporal functions) in terms of online processing
of ADLs assessments.

The systematic integration of smart sensors with Wireless Sensor Networks
(WSN) has led to the development of flexible, reliable and manageable intelligent
healthcare informatics systems. Based on the measurements of smart sensor data
types, the number of smart sensing channels and the sensor data sample intervals,
the throughput of the wireless sensing system is efficiently realized.

© Springer International Publishing Switzerland 2015 1
N.K. Suryadevara and S.C. Mukhopadhyay, Smart Homes,
Smart Sensors, Measurement and Instrumentation 14, DOI: 10.1007/978-3-319-13557-1_1



2 1 Introduction

The data sensed by the WSN is sent to a centralized computing system for
efficient recognition of the well-being status of a person. A novel combination of
model driven and data driven based approaches for processing of Z are presented.
The spatio-temporal smart sensor stream data is well-defined and modelled in
terms of three wellness parameters: i) ‘Bl’ inactive usages of household
appliances, indicating the status of inactivity of daily living, ii) ‘B2’, excess usages
of household appliances, indicating abnormal activity of daily living conditions,
and iii) ‘t’- the trend in usage of household appliances indicating the conduct of
ADL. The developed model can forecast the behaviour and wellness of the
monitoring of individuals and generate appropriate warning messages when there
is an anomaly state of ADL. The precise determination of the well-being state of a
person is known by augmenting Z with the physiological parameters monitoring
system.

Activities of v -
Daily Living . Provide
Monitoring Assistance/Advise

Unobtrusive

Wellness

Physiological
Monitoring

Informatics
System

Determination

Wearable and
on-Wearable

Non -Invasive

Environmental
Monitoring

Fig. 1.1 Main Functional Blocks of a Home Monitoring System for a Health Informatics
System

The developed smart sensor fusion technology framework is capable of
collecting and analysing both physiological parameters and ADL sensor stream
data online. The integrated healthcare platform is smart and consists of
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indigenously developed sensing modules, together with wireless communication
technology. An intelligent program has been developed to assess the well-being of
an elderly person at different scenarios of the home environment. The developed
system is capable of providing an early warning of any complicated health
problem by effectively monitoring the wellness of the people both physiologically
and in physical fitness for self-regulated daily activities. It is expected that proper
use of the developed system may cut down the rising healthcare cost. The
healthcare providers can remotely monitor the well-being condition of the people
through a secured web-based system and provide advice at appropriate times.

The AAL technologies are complex and vary widely depending on their
contextual application. The presented methods and tools in this research are not
the only optimal solution to handle complex human behaviour assessments.
Nevertheless, they do offer a resilient foundation for the AAL environments with
support for real life implementations of the Internet of Things (IoT) paradigm. The
architecture of the developed system support interconnection of multiple homes
and can simultaneously monitor the inhabitant behaviour. Fig 1.1 shows the basic
functional blocks of the developed health informatics system.

1.1 Background

The elderly population who spend most of their time at home is growing rapidly.
The research into well-being of the elderly is becoming an important area of
research both in New Zealand and overseas. A report from “An Ageing World”
shows that within the next decade, elderly people will be more than children
(National Institute on Aging, National Institutes of Health, World health
Organization, 2011) (Pilkington, Ed, 2009). In New Zealand, the population of
people aged 65yrs+ will increase from 550,000 in 2009 to 1 million in the late 2020s
and will exceed the number of children aged 0-14 years (Pilkington, Ed, 2009)
(Ashley-Jones, 2009). In United State, the aged population in the year 2000 was 35
million and expected to be double in the year 2030. Our ageing population expects
that this better longevity will help them to lead an independent and quality life in
their own home. However, those who are in poor health condition require assistance
in the form of medical help that can be delivered directly in times of need. Several
nations are preparing national policies for handling the ageing requirements. At the
national level, the main concerns are the increased cost of providing healthcare
services and the sustainability of the services ( Khawaja, 2011).

The existing healthcare system is unsustainable. According to a news report,
the cost of healthcare is increasing rapidly (Armstrong, 2009). Hence, there is a
need for an alternative, low-cost, and sustainable arrangement of healthcare for
now and the near future. One solution is to transform the normal home to smart
home through ubiquitous computing technology to support the care of the elderly
living independently.

Currently, a wide range of research on smart homes is carried out world-wide.
One of them is the “Aware Home” of the Georgia Institute of Technology, USA.
Based on ubiquitous computing methods the system senses and identifies
imminent emergency conditions of an elderly person (Patel, Kientz, Jones, Price,
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Mynatt, & Abowd, 2007). It also takes care of deteriorating aged memory and
looks for behavioural changes (Patel, Kientz, Jones, Price, Mynatt, & Abowd,
2007). “Gator Tech Smart House” is a product of “Florida University” that
provides intelligent house for disabled and aged persons (Helal, Mann, Elzabadani,
King, Kaddourah, & Jansen, 2005). “Place Lab” is a fragment of “Massachusetts
Institute of Technology (MIT)-house of the future” (Intille, et al., 2006). “Health
Insight Solutions (HIS) project at Grenoble” and “Prosafe” at Toulouse
(Demongeot, Virone, & Duchene, 2002) France are a few other research projects.

The ubiquitous technology is emerging as a vital role in improving the quality
of life for the general public. The sensing technologies can be deployed at feasible
points in a home and assess the inhabitant in the vicinity of the situation. Under
the situation of no-obligation, the camera or vision based system has a very low
acceptability among the inhabitants especially among the elderly. The developed
system in this research does not use any camera or vision systems; thus, it will be
more acceptable to the people.

1.2  Major Objective of the Research

The major objective of the research outcome is to address the design and
development of a framework for fusion of data from the multiple heterogeneous
sensors of a home monitoring system to determine the well-being status of an
elderly person. The wellness determination of an elderly person living in their own
home is based on continuously monitoring the usages of household objects. The
developed system can forecast the behaviour and wellness of a person by
monitoring the daily usages of household appliances. Based on the usages of
household appliances, the routine daily activities of the person have been
estimated using time series analysis techniques.

1.3  Determining Wellness of an Elderly Person

In general, a typical person performs their daily activities at regular intervals of time.
This indicates that the person is leading a regular life. This also tells us that the overall
well-being of a person is above a certain standard. If there is a decline or change in the
regular activity, then the wellness of the person is not in the normal state. If an elderly
person needs assistance with some of their basic ADL, an index or scale which
measures an elderly/patient’s degree of independent living is very much required. The
daily activities routine in preparing food, self-grooming, using the toilet, eating and
movements within the home can inform the well-being status of a person. Professional
health-care providers accessing the elderly daily activity reports will have a
longitudinal assessment of the elderly and can provide appropriate care services, based
on the daily functional assessments of the person (Beaudin, Intille, & Morris, 2006).
There are several “wellness” conceptions proposed by professionals from
several domains, each of which is defined from their specialist perspective and
contain several dimensions of wellness (Kailas, A Generic Conceptual Model
Linking Wellness,Health Lifestyles and User Assistance, 2011) (Soomlek &
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Benedicenti, 2010) (Kailas, Chong, & Watanabe, A Simple Iterative Algorithm for
Wellness Applications, 2010). Several authors are of the opinion that the wellness
is not just the state of mind or being free from illness and disease; it is not a single
state (Kailas, A Generic Conceptual Model Linking Wellness,Health Lifestyles and
User Assistance, 2011) (Soomlek & Benedicenti, 2010) (Kailas, Chong, & Watanabe,
A Simple Iterative Algorithm for Wellness Applications, 2010). Wellness does have
multiple dimensions or levels. However, an integrated definition does not exist.
Hence, there are various instruments and methods in place for assessment of wellness
for an elderly person. Wellness is a very wide and multifaceted perception. It is
difficult to define the term wellness completely because the term wellness develops
over time and is changed by different influential factors such as culture, experience,
belief, religion and context (Alwan, 2009).

The meaning of wellness in our context is how “Well” an elderly person living
alone has the ability to perform his/her essential daily activities in terms of the
usage of the house-hold appliances. Novel wellness functions were introduced to
determine the wellness of an elderly person under the monitoring environment.

14 Scope of the Research

The aim of this research study was on understanding the intricacies for design and
development of a framework for real-time data analysis of heterogeneous sensor
data. Sensor data analytics was based on the wireless sensor network data for
monitoring the daily activities. The system acts intelligently after analyzing the
captured data and forecasts the investigated pattern of data for determining the
wellness of an elderly person. The system can generate alerts for unusual
behaviour for the necessary entities.

AAL Services Recognition of Human Wellness uszgzn;izﬁdofﬂfc:;n
_ » Determination
Energy Consumption) Human ADL’s Time Series Data
Mining

Human Physiological) _ ﬁl. B>

E 3 & o £ 2

Smart Home Monitoring System

Remote =t Internet
Interoperability www.iots2is.org .

Sensors Data
Acquisition

i

e
| — - Health Care
P | q Data Provider/
. | B Relatives/
. ASE Tele-Care Services
' L
@ wsn

Fig. 1.2 Functional Description of the Developed Smart Home Monitoring System
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The system has been developed to observe elderly people specifically staying
independently in their own home. Developed wireless sensing system is capable of
simultaneously monitoring the basic physical activities of daily living,
physiological parameters and environmental parameters. It uses multimodal,
unobtrusive, non-invasive novel sensing systems placed at focal locations
throughout the home. Continuous in-home monitoring can be done with one
computer server. The designed and developed software modules will be in
execution on a windows software working environment. Internet connection is not
required for the system to run for knowing the wellbeing status of a person,
however, for remote monitoring and cloud data storage management internet
connection is required. The system in this research has been designed to function
effectively with only “XBee” radio communication modules. Fig.1.2 shows the
overall functional description of the developed smart home monitoring system.

1.5 Research Direction

The Research was directed towards finding answers for the following:

e Determining parameters of the wellness model with effective time series
analysis.

e Using the quantitative aspect of wellness to determine the tracking of well-
being of an elderly person in performing their daily activities.

e How robust, flexible and efficient is the real-time data processing system in
the presence of few sensing units in case of home monitoring.

e Identifying several operations involved in the performance of time series
analysis and detection of early signs of unusual activity on data that
represents the operation of Home Monitoring Systems (HMS) primarily as
part of the wellness determination model.

e Dealing with various issues that include development, installation and
maintenance costs of Home Monitoring Systems.

e How can we apply these models on a large scale, without the necessity of
training data?

e To formulate strategies for collecting datasets that will benefit researchers
across domains.

1.6 Novel Contribution of the Research

The following are the novel contribution of the research:

e Effective integration of wireless communication systems and information
processing systems for measuring the well-being condition of people living
independently.

e An integrated home monitoring system having functions such as well-being
status monitoring of the person and household electricity (energy)
consumption indices.
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e Wellness determination from online sensor streams based on the time series
analysis.

o Quantitative Wellness functions definitions (Betal and Beta2) to track the
well-being of an elderly person in performing daily activities.

e Sensor Activity Pattern (SAP) matching procedures for recognition of
frequent sensor sequences in wellness determination and mobility
processes.

e The usage behaviour of domestic appliances and their corresponding ADLs
are used to forecast in the wellness determination process.

e Anomaly detection related to the behaviour of the elderly by the
combination of novel Wellness functions, SAP matching and forecasting
procedures.

e Achieving high throughput of the wireless sensing system consisting of
heterogeneous smart sensors for well-being monitoring of the elderly.

e Providing an integrated platform for the Internet of Things paradigm to
handle wireless sensing systems and information processing efficiently.

1.7  Research Significance

e Designed algorithms will be used as a good protocol for data capturing and
analyzing in real-time sensor data.

e Provide just-in-time information presented by wellness determination
model in the home and to help people stay healthy as they age.

e Provide activity detection algorithms that work for non-techies in real life
in complex situations using practical and affordable sensor infrastructures.

e Providing room-type human behaviour sensing environments using
distributed sensors.

e Real-time analysis framework of sensing data through time-series
forecasting methods.

e Procedures for modelling trends for different types of time series analysis
models like Nonlinear and Nonparametric will be useful in intra domains.

e Fitting smooth transition and applying filters for structural models and
cyclical behaviour for effective time series analysis.

e Diagnosis of the model for forecasting and evaluation will be useful for
analyzing sensor stream data of different applications.

1.8 Outline of the Book

The contents of the book are broadly divided into three parts. Part.1 has two
chapters. Chapter.1 begins with the introduction of the present research work and
then discusses the motivation, main objectives, and scope of the presented
research work and the original contribution of the thesis. Chapter.2 deliberates
about the literature review performed in relation to elderly people and independent
living, smart home systems for monitoring the inhabitants and the technologies
in use.
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Part.2 consists of chapter.3 describing the design and development of wireless
sensor network based ambient assisted living set-up. In this chapter, details about
the deployment of wireless sensor networks and the implemented strategies for
achieving high throughput in WSN systems and efficient data handling and
processing mechanisms were presented.

Part.3 describes the designed and developed computing techniques for
determining complex events from time series sensor streams. This part has three
chapters.

Chapter.4 presents the implemented methods to recognize the daily living
activities of an elderly person living alone in their own home and presents the
novel wellness functions designed and developed for the determination of the
well-being of an elderly person in the AAL set-up environment. The importance
of the sensor data analytics of the monitoring system for determining wellness of
an elderly person living alone in their own home is presented.

Chapter.5 provides details of the new methods of forecasting processes for
incorporating with the time series sensor streams for effective recognition of the
behaviour of an elderly person. Chapter.6 presents the development process of
matching the activity patterns of the sensors obtained as time series sensor stream.
The effective recognitions of the mobility of a person and the details of the
combined methods for detecting the outlier (anomaly) situations in the wellness
determination process are presented.

Chapter.7 presents the conclusion of the present research study and suggestions
for future work.
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Chapter 2
Smart Home Related Research

2.1 Introduction

This chapter presents the existing research works related to a smart home
monitoring systems and elder care assistive technologies. The methods designed
and developed for the AAL set-up of various tasks are compared and deliberated
comprehensively to provide a better understanding.

The preliminary research database search was undertaken in the year 2011. The
following key databases: Scopus, Discover, Web of Science under the Massey
University Library related to computer science and information systems were
searched. These databases were selected as they cover the technological issues in
the design and development of smart home monitoring systems related to the
elderly’s home environments. Several keywords such as “elderly” and “smart
home” were searched to retrieve information related to the smart home
environment functionalities for the well-being monitoring of the elderly.

It was understood that the term “Home” is a natural environment surrounded by
personal belongings, a sustained place to stay, live independently, a retirement
village place or a health-care service integrated accommodation (Merriam-
Webster) (Merriam-Webster). It was also observed that inhabitants do not like to
make alterations to their houses for investigation purposes. Few researchers have
selected to use purpose constructed intelligent homes affiliated with research
laboratory such as “CASAS Lab-Washington State University” (Cook D. J., 2012)
(Cook D. J., 2012), “iSpace Lab-University of Essex” (Rukzio, Leichtenstern,
Callaghan, Holleis, Schmidt, & Chin, 2006)(Rukzio, Leichtenstern, Callaghan,
Holleis, Schmidt, & Chin, 2006), “Smart Home-Duke University” (Duke
University)(Duke University), “Domus Lab” (Gallissot, Arfib, & Valls,
2010)(Gallissot, Arfib, & Valls, 2010) . These setups were also considered as
home environments wherein people were adjusted to live in these smart home
settings. The health center environments rarely provide inhabitants with
substantial physical home setting environments; hence, the well-being monitoring
studies of the elderly performed in nursing hospitals and clinics were omitted in
the present research study. According to “Medical Subject Headings” (MeSH)
definitions the term “older people”, were categorized under the age group of 65+
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years and the age group between 45-64 years were termed as middle aged people.
Thus, the literature search includes any participants aged above 65 years was
considered for our methodical research review.

The initial literature research is comprised of published works that are thoroughly
examined. It includes chapters of periodicals, articles in journals and proceedings of
conferences. The following are the key words used in search engines: ‘tele-
homecare’, ‘e-health’, ‘smart home’, ‘ambient assisted living’, ‘tele-health’, ‘tele-
medicine’, ‘tele-monitoring’, ‘wearable device’, ‘assistive technology’, ‘implantable
device’, ‘user satisfaction’, ‘cost’, ‘ethics’, ‘socio-economics influence’, ‘laws’,
‘intrusiveness’, ‘eldercare’, ‘machine learning’, ‘activities of daily living’ and
‘wellness systems’. The keywords are exercised as standalone terms or are used in
combination. The following information is the collected research findings of the
smart home monitoring systems for the elderly care.

2.2 Elderly People and Independent Living

The age span of humans has increased over the last decade and elderly people
(aged over 65 years) are estimated to rise by 2050 to 19.3% worldwide (Gavrilov
& Heuveline, 2003) (Gavrilov & Heuveline, 2003). The elderly population who
spend most of their time at home is growing rapidly (Muhlhausen & Tyrrell, 2013)
(Muhlhausen & Tyrrell, 2013). For the 21st century, the life expectancy is
projected to grow for individuals 46-89 years to 66-93 years (World Development
Indicators, 2012) (World Development Indicators, 2012). The population of aged
people (retired group) is going to escalate by 24 percent to 32 percent (National
Institute on Aging, National Institutes of Health, World health Organization,
2011) (National Institute on Aging, National Institutes of Health, World health
Organization, 2011). The age group above 75 years is predicted to double from 8.5
percent to 17 percent in the next three decades (ageuk.org.uk, 2014)
(ageuk.org.uk, 2014).

As per the United Nations(UN) forecasts, major deterioration in the child
population and fertility rate have resulted in a greater population of elderly people
compared to children (UN Documents Gathering a body of global agreements,
2012) (UN Documents Gathering a body of global agreements, 2012). The ratio of
a child to elder i.e. 15 to 65 years would come down from 9:1 to 4:1 in 2050 (UN
Documents Gathering a body of global agreements, 2012) (UN Documents
Gathering a body of global agreements, 2012) (Kinsella & He, 2009) (Kinsella &
He, 2009). The estimated trend would result in a drastic decline of aid from
younger people operating from home, and healthcare for older people. The
following conditions prevail over industrialized nations: raise of disease and
disabilities a growing trend of the annual cost of Alzheimer diseases alike
increasing from $33 billion to $61 billion suggests a greater health risk for elderly
people (Changing the Trajectory of Alzheimer's Disease:A National Imperative,
2010) (Changing the Trajectory of Alzheimer's Disease:A National Imperative,
2010). Rapid increase in healthcare demand and costs a greater section of public
spending now goes to healthcare, which consumes 13 percent of national income.
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Increased demand for tele-homecare minimizes the cost for nursing home care and
long duration hospitalization. However, there is a greater requirement for
enhanced skills and technology for the implementation of tele-home care (Russo,
2001) (Russo, 2001). Fig 2.1 shows the elderly population trend in the near future.

The estimated growth of elderly people has significant consequences on the cost
of health-care, hence cost effective health care systems are very much needed
(Besdine, 2013) (Besdine, 2013). There have been several researches reported in
recent times on the systems development to monitor the daily activities of elderly
living, so that assistance can be provided before any unforeseen situation occurs
(Hyuk, Boreom, & Kwang, 2011) (Hyuk, Boreom, & Kwang, 2011) (Nasution &
Sabu, 2007) (Nasution & Sabu, 2007). One of the interesting facts is that elderly
people prefer to live independently, and their lifestyle expectations are highly
desirable (Jerome) (Jerome). However, at old age, elderly living alone have high
risks in relation to their wellbeing. Newspaper headlines like: “Elderly man lay dead
for days”, Second Lonely Death, “Body lay in flat for months”-Thursday, Feb 23,
2012 -The Dominion Post, are quite common in news bulletins in recent times.
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Fig. 2.1 Increasing Trend of the Elderly (Aged 65+ years) Population
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With the improvement of health consciousness, quality of food and medicine,
the lifespan of humans has increased. But, people at old age are susceptible to
different types of injuries and accidents, and consequently elderly people require
more medical care facilities (Beaudin, Intille, & Morris, 2006) (Beaudin, Intille, &
Morris, 2006) (Chen, 2011) (Chen, 2011). The increasing expenditures of
healthcare for the elderly will have greater financial impact on healthcare
providers; hence, there is a need for new approaches and systems to address the
health-care monitoring issues (Chen, 2011) (Chen, 2011). Pervasive computing
and healthcare experts felt that medical expenditures can be minimized with the
help of home monitoring systems to assist the elderly with their individual
wellbeing assessments (Beaudin, Intille, & Morris, 2006) (Beaudin, Intille, &
Morris, 2006). Moreover, healthcare professionals have suggested that the health
monitoring tests generally performed in laboratories can be implemented in homes
for longitudinal tracking (Thompson & Thielke, 2009) (Thompson & Thielke,
2009). Accordingly, researches are proceeding on the development of intelligent
systems to recognize elderly Activities of Daily Living (ADL) (Cook D. J., 2012)
(Cook D. J., 2012) (Arabnia, Wai-Chi, Changhoon, & Yan, 2010) (Arabnia, Wai-
Chi, Changhoon, & Yan, 2010) (Leroy, Miller, Rosemblat, & Browne, 2008)
(Leroy, Miller, Rosemblat, & Browne, 2008) (Morris, Adair, Miller, Ozanne,
Hansen, & et al., 2013) (Morris, Adair, Miller, Ozanne, Hansen, & et al., 2013).
The use of sensor networks in pervasive computing for healthcare is mainly for
helping healthcare professionals to collect data about health, physical habits of the
elderly and providing appropriate health information (Beaudin, Intille, & Morris,
2006) (Beaudin, Intille, & Morris, 2006) (Arabnia, Wai-Chi, Changhoon, & Yan,
2010) (Arabnia, Wai-Chi, Changhoon, & Yan, 2010).

“In recent times, the health information exchange has changed and millions
now look online for apt health information” (Leroy, Miller, Rosemblat, &
Browne, 2008) (Leroy, Miller, Rosemblat, & Browne, 2008). Today’s online users
are not only “people in poor health who want to get healthy, but also healthy
people who want to remain healthy” (Leroy, Miller, Rosemblat, & Browne, 2008)
(Leroy, Miller, Rosemblat, & Browne, 2008). Accordingly, to assist the elderly
with their health information in real-time, Pervasive Sensor Networks (PSN) were
deployed in home environments to prompt appropriate actions when irregular
ADL events were happening.

The “Ubiquitous Monitoring” systems might be more readily adopted by the
elderly if the monitoring systems were designed and developed as a custom-made
tool (Morris, Adair, Miller, Ozanne, Hansen, & et al., 2013) (Morris, Adair,
Miller, Ozanne, Hansen, & et al., 2013). The tool can be used for longitudinal
monitoring of well-being of the elderly and also provide the opportunity of self-
investigation. The collection of longitudinal data will help the healthcare providers
to know the past behavior of elderly. It is cited “well-practiced behaviours in
constant contexts recur because the processing that initiates and controls their
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performance becomes automatic” (Ouellette & Wood, 1998) (Ouellette & Wood,
1998). Moreover, frequency of the past behaviour reflects the “habit strength and
has a direct effect on future performance” (Ouellette & Wood, 1998) (Ouellette &
Wood, 1998). Additionally, a normal elderly person is assumed to be well if
he/she performs basic daily activities at regular intervals of time. This implies that
the wellness of a person can be assessable and can be quantified in terms of
wellness indexes.

The following section provides the insights of the recent research and
development on providing AAL systems (i.e., Smart Home systems) for the well-
being monitoring of individuals, especially elderly.

23 Smart Home Systems

A “Smart Home” is an expression utilized for dwellings outfitted with
technologies that enable proper scrutiny of residents, promoting autonomy and
upholding of better health (Jackie) (Jackie). Every individual has distinct
requirements based on which custom support must be provided to each individual.
There are several smart home test beds designed and developed in the recent past.
Their main purpose is to monitor people with visual or cognitive disabilities. The
focus is on the potential to efficiently monitor and prompt appropriate health care
actions that lead to a better health outcome (Arah, Klazinga, Delnoij, Ten
Asbroek, & Custers, 2003) (Arah, Klazinga, Delnoij, Ten Asbroek, & Custers,
2003).

With the advancements in sensing technologies, embedded processors and
communication systems, the deployments of smart home settings has been easy
and manageable. This enabled the health care sector to provide appropriate
services using smart home technologies for independent living people (Center for
Technology and Aging, 2009) (Center for Technology and Aging, 2009).

The improvements in Information Technology (IT) have resulted in the well-
ordered and enhanced function of sensors, networking and computation
technologies (Acma-Australian Communications and Media Authority, 2011)
(Acma-Australian Communications and Media Authority, 2011). The
developments of smart home technologies are towards risk-free sheltered as well
as comfortable real life settings for the residential home environment. This
supports the regular security and safety process by employing intelligent
monitoring system as well as access commands.

The smart home integration system is made of about three important entities:
First, the physical components (electronic equipment — smart sensors and
actuators); Second, the communication system (wired/wireless network) which
usually joins the physical components; and Third, the information processing
through artificial intelligence program to manage and control a smart home
integrated system.
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24  Components of the Smart Home Systems

A typical scenario in the smart home environment can be viewed as monitoring
various household appliances for recognition the ADLs to know the well-being of
the inhabitant. It consists of various electronic components in terms of
instrumenting the objects to be monitored, and a wired/wireless communication
system to have interconnection among the instrumented components to derive
proper information.

The information gained will be able to determine the quantitative measurement
of the well-being of a person. Fig.2.2 shows the basic elements of a Smart Home
Monitoring System (SHMS).

Information
Wireless I Processing
Instrumentation I Communication
Sensing Objects
Fig. 2.2 Basic Components of the SHMS
Man-Machine Instrumentation
Interface Interface
]
Human | Command Real-Time
Operator——— Computer Sensors
System
Response Actuators
Deterministic Controlled
Behaviour Object

Fig. 2.3 Interconnection among the components of the SHMS

In a smart home environment the physical constituents (smart sensors) sense
the natural environment and pass to the home monitoring command system
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through networks and infer the sensor fusion stream to adapt the inhabitant
behavioral pattern. Fig. 2.3 depicts the interconnections among the basic elements
of SHMS.

2.4.1 Physical Components

The physical sensing components and their placements are vital in the smart home
environment. These physical sensors measure the ambient home environmental
information and communicate with the central controller to accumulate and infer
appropriate ambient information. Usually, sensors, microcontrollers and actuators
are embedded with intelligent programs to gather vital data and are considered as
the physical components of the smart home system. Different applications deploy
different sets of physical components to fuse and collect appropriate ambient
information. Table.2.1 provides the sensing types, sensing parameters, as well as
their corresponding applications.

Table 2.1 Sensing types, parameters and applications

Sensing types| Sensing Parameters Application

Ambient Pressure, Temperature, Health Safety,

Humidity, Light g0 Efficiency (Cook & Sajal, 2007)

Intensity (Cook & Sajal, 2007)
Motion and Position, Angular, ~ [Security, Location tracking,
Presence Veloc1ty,. Acgeleratlon, Falls detection (Diane, Juan, &
Direction

Vikramaditya, 2009) (Diane, Juan, &
Vikramaditya, 2009)

Bio-chemical | Solid, Liquids, Gases [S¢curity and Health Monitoring

Agent
genis Maintenance (Cook & Sajal, 2007)

(Cook & Sajal, 2007)

Multimedia | iButtons, Sound, Image [dentify objects, Control,

Speech Recognition,

Context Understanding (Cook & Sajal,
2007) (Cook & Sajal, 2007) (Diane,
Juan, & Vikramaditya, 2009) (Diane,
Juan, & Vikramaditya, 2009)
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2.4.2 Communication Mechanism

The communication mechanism will be functioning to exchange information
between physical components as well as the intelligent managing processes with
the home environment settings. Communication methods can be implemented
either using wired or wireless operations. The wireless system provides a huge
flexibility in terms of installation of sensors at home. To avoid frequent
replacement of batteries, the electrical power at home may be considered. The
commonly used wireless technologies in the ubiquitous monitoring systems are
the Bluetooth, Wi-Fi, Wi-MAX and ZigBee.

Bluetooth consumes a lot more electric power and has the disadvantage of
transmission distance. Wi-MAX provides enough wireless broadband
accessibility, and it is an alternative to cable television relationship; however the
power consumption is high. Wi-Fi is less secure for data transmission. Hence,
ZigBee radio technologies can be ideal for smart residence environment
monitoring for its low price, electric power consumption and flexible integration
with smart sensors of home monitoring systems. A brief comparison of the
common wireless communication medium (Kavitha, Nasira, & Nachamai, 2012)
(Kavitha, Nasira, & Nachamai, 2012) is shown Table 2.2.

Table 2.2 Features of Wireless Communication Technologies (Kavitha, Nasira, &
Nachamai, 2012) (Kavitha, Nasira, & Nachamai, 2012)

IEEE |Frequency| Rate/ Power Security | Coverage | Network
Protocol | Standard| band/Hz | Bps |Consumption Topology

Bluetooth |802.15.1 |2.4G 0.72M | 50mA High 10m

Star

'Wi-Fi 802.11 2.4G/ 11-54M]| 400+mA Low 100m Star, Tree,
a/blg, 5G P2P Mesh

Wi-Max [802.16 [2-66G 8OM  200mW-20W |Medium | 50km Star, Tree

ZigBee 802.15.4 868/ 20- “40mA-50mA |High 100m Star, Mesh,
015M, 250K Cluster
2.4G Trees
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2.4.3 Information Processing

The key functionalities of the information processing system related to the smart
home monitoring system are:

Compatibility of sub-home monitoring systems
Flexibility

Robustness

Real-Time Processing of Data.

In general, there will be various sub-systems of the smart home monitoring
system for different purposes. Hence, there is a requirement of compatibility.
Otherwise, information inference will be very complex, and it may be extremely
difficult to realize the complex human behaviour.

2.5 Comparisons of Smart Home Systems

In recent times, a wide range of research on design and development of smart
homes has been carried out world-wide. Systematic literature searches have been
followed in order to study the existing systems, and there are ongoing research
investigations relating to the exploration of the intelligent home monitoring
systems for the determination of wellness of the inhabitants. Various systems have
been developed in European nations and the United Kingdom (UK). A supported
interactive residence house was built for aged and disabled individuals
(L.C.DeSilva, M.Chamin, & M.P.Iskandar, 2012) (L.C.DeSilva, M.Chamin, &
M.P.Iskandar, 2012). Its sensor system evaluates key signs & actions and offered
security surveillance. It also utilizes ecological controller tools. Similarly, a smart
apartment was developed by implementing infrared (IR) sensors (Nevriva,
Machacek, & Krnavek, 2008) (Nevriva, Machacek, & Krnavek, 2008). The
infrared sensors are implanted in ceilings of a flat, enabling the evaluation of
actions and movements. In France, a project on “PROSAFE” at Toulouse aspires
to support independent living and activates alarms at the time of emergency
(Bonhomme, Campo, Esteve, & Guennec, 2008) (Bonhomme, Campo, Esteve, &
Guennec, 2008).

Recently, Tao et al. proposed “A Pattern Mining Approach to Sensor-Based
Human Activity Recognition” (Gu, Wang, Wu, Tao, & Lu, 2011) (Gu, Wang, Wu,
Tao, & Lu, 2011). Fig.2.4 shows its usage. “(a)The sensor platform consists of
RFID wristband readers, (b) iMote sets, (¢c) RFID wristband reader, and (d) tagged
objects” (Gu, Wang, Wu, Tao, & Lu, 2011) (Gu, Wang, Wu, Tao, & Lu, 2011).
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Fig. 2.4 Sensor Platform with RFID Components (Gu, Wang, Wu, Tao, & Lu, 2011) (Gu,
Wang, Wu, Tao, & Lu, 2011)

The main drawbacks and the observations of (Gu, Wang, Wu, Tao, & Lu,
2011)(Gu, Wang, Wu, Tao, & Lu, 2011) is that the system uses wearable sensors
and requires radio frequency tags for all the objects in the monitoring
environment. The acceptability of the system is a big question as the inhabitant
feels uncomfortable to wear sensors all the time, and it is not feasible to ascertain
tags for all the objects in the monitoring environment.

Several research works related to smart home technology developments such as
well-being tracking systems “CASALA” (Brian, Bortz, O’Hannlon, Loane, &
Knapp, 2011) (Brian, Bortz, O’Hannlon, Loane, & Knapp, 2011) and techniques
for long and short wellness monitoring (Chirac, Roll, Parada, & Roselus, 2012)
(Chirac, Roll, Parada, & Roselus, 2012) to examine the behavioural changes have
been reported. There are research studies on recognitions of daily activities with
the focus on the use of probability concepts and statistical analysis procedures
(Sanchez & Tentori, Activity Recognition for the Smart Hospital, 2008) (Sanchez
& Tentori, 2008). A variety of sensing systems for monitoring and assessing the
functional abilities of elderly behaviour in a smart home have been developed
(Cook D. J., 2012) (Cook D. J., 2012) (L.C.DeSilva, M.Chamin, & M.P.Iskandar,
2012) (L.C.DeSilva, M.Chamin, & M.P.Iskandar, 2012) (Ding, Cooper, &
Pasquina, 2011) (Ding, Cooper, & Pasquina, 2011). Behaviour prediction methods
of human activities relating to abnormal behaviour with temporal rules have been
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proposed (Tibor, Mark, Michel, & Jan, 2011) (Tibor, Mark, Michel, & Jan, 2011)
(Noury & Hadidi, 2012) (Noury & Hadidi, 2012). Nouri and Hadidi (Noury &
Hadidi, 2012) (Noury & Hadidi, 2012) have demonstrated the “feasibility to
produce simulated data which mimics the data gathered by the presence of sensors
in field conditions and imagined to raise an alarm whenever the real collected data
becomes significantly different from the simulated data” (Noury & Hadidi, 2012)
(Noury & Hadidi, 2012). Also, there has been a generic ambient agent-based
model to study the dynamic patterns of human behaviour (Tibor, Mark, Michel, &
Jan, 2011) (Tibor, Mark, Michel, & Jan, 2011). Simulation experiments have been
conducted with the generic ambient agent-based model, and the outcomes have
been formally analyzed. However, these methods will lead to a high number of
false alarms when their behaviour prediction techniques do not satisfy the
conditions of the knowledge base. Moreover, most of the methods have
limitations such as requiring large training data for proper reasoning with no
assurance for identifying an anomaly situation rightly. For example, ‘Health
Insight Solutions’ (HIS) project has IR sensing systems to evaluate actions. A
model house is developed in ‘Eindhoven’ satisfying the needs of Dutch Senior
Citizens (Demongeot, Virone, & Duchene, 2002) (Demongeot, Virone, &
Duchene, 2002). These dwellings can be supervised with supportive technologies
with the main objective of utilizing IT to aid interaction amid older people and
their caregivers.

Japan aspires to amplify the utility of supportive technology, helping the older
individual to live independently at their residence by nurturing intelligent and
secure surroundings. A total of 13 “Welfare Techno-Houses’ (WTH) (Tamura,
Togawa, Ogawa, & Yoda, 1998)(Tamura, Togawa, Ogawa, & Yoda, 1998) have
been developed by the Japanese Ministry of International Trade and Industry.
Information on inhabitants’ actions is gathered by researchers from embedding
rooms with IR sensors, bathrooms with totally independent biomedical devices
and doors with magnetic switches (Tamura, Togawa, Ogawa, & Yoda, 1998)
(Tamura, Togawa, Ogawa, & Yoda, 1998). The ‘Ubiquitous Home’ project is
considered as a test function to position important service linking devices,
appliances and sensors with data networks. These sensor systems supervise the
movement of humans (Nugent, Finlay, Fiorini, Tsumaki, & Prassler, 2008)
(Nugent, Finlay, Fiorini, Tsumaki, & Prassler, 2008) (Moh, Ho, Walker, & Moh,
2008) (Moh, Ho, Walker, & Moh, 2008). Every room is laden with monitoring
camera that recognizes and clips a user along with microphones to gather total
audio-visual information. Inhabitant’s movement and furniture location is
ascertained by pressure sensors in placed on the floor (Moh, Ho, Walker, & Moh,
2008) (Moh, Ho, Walker, & Moh, 2008). Another interesting developed system is
the Parisa Rashidi et al. based on “Activity knowledge transfer in smart
environments,” (Rashidi & Cook, 2011) (Rashidi & Cook, 2011). Fig.2.5 shows
one of the “CASAS test-bed” set up for monitoring the individuals.
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The main drawbacks or observations of the proposed test bed (Rashidi & Cook,
2011) (Rashidi & Cook, 2011) set up are: i) many sensors need to be installed, ii)
same type of sensors (motion sensors) is used to recognize the several ADLs, and
it is iii) a test-bed environment. Setting up a house with many sensors is a big
question for acceptability, as well as it will be a costly solution. Also, smart home
systems implantable with microsystems and wearable are available (Maurer,
Smailagic, Siewiorek, & Deisher, 2006) (Maurer, Smailagic, Siewiorek, &
Deisher, 2006). These devices are normally worn by the inhabitants and
linked by wireless or wired systems (Marie C. , Daniel, Chrisophie, & Eric, 2008)
(Marie C. , Daniel, Chrisophie, & Eric, 2008).
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Fig. 2.5 One of the Test-Bed Sensor Installation of CASAS Project (Rashidi & Cook, 2011)
(Rashidi & Cook, 2011)

The main aim of the above mentioned systems is the context awareness, and
sensors are used to find out where users are, and reminding them only if
information is necessary. Likewise, in the United States, various smart home
technologies projects include a garment with optical fibres, conductive elements
and electronic sensors: i.e. the Life Shirt (Vivo metrics) (Suzuki & Doi, 2001)
(Suzuki & Doi, 2001), Sense Wear Armband (Body Media Inc.) (BodyMedia,
2011) (BodyMedia, 2011). “Smart Shirt” (Marculescu, Marculesu, Zamora, &
Philip, 2003) (Marculescu, Marculesu, Zamora, & Philip, 2003) is a lightweight
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garment. Sense Wear is a wearable tool which is used for body measurements.
Smart Shirt is a tool which is used to evaluate cardiac and respiration parameters
using a shirt. Rantz et al. (Rantz, et al., 2008)(Rantz, et al., 2008) have proposed a
residential care system for elderly people “Tiger Place: An Innovative Educational
and Research Environment”. Fig.2.6 shows the set-up of the system.

The main drawback or observation of the system (Rantz, et al., 2008) (Rantz, et
al., 2008) is that it uses a camera. Usually, a camera based system has poor
acceptability among the elderly. Similarly, there are several smart home projects
such as systems using door switches, movement sensors, bed load cells, individual
tracking badges (Beckwith, et al., 2006) (Beckwith, et al., 2006) (Courtney L. K.,
2008) (Courtney L. K., 2008) (Lofti, Langensiepen, M.Mahmoud, &
M.J.Akhlaghinia, 2011) (Lofti, Langensiepen, M.Mahmoud, & M.J.Akhlaghinia,
2011), a reminder system for personal household assistant (Boll, Heuten, Meyer,
& Meis, 2010) (Boll, Heuten, Meyer, & Meis, 2010) a method to enable
interaction and control of devices using EEG signals in smart home built in the
laboratory setting were prototyped.
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Fig. 2.6 Block Structure of the Residential Elder Care Monitoring System (Rantz, et al.,
2008) (Rantz, et al., 2008)
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Fig. 2.7 Ubiquitous Healthcare House Monitoring Systems (Shin, Lee, & Park, 2011)(Shin,
Lee, & Park, 2011)

Shin et al. proposed a technique for “Detection of Abnormal Living Patterns for
Elderly Living Alone Using Support Vector Data Description” (Shin, Lee, & Park,
2011)(Shin, Lee, & Park, 2011). The main drawbacks or observations of the
system (Shin, Lee, & Park, 2011) (Shin, Lee, & Park, 2011) are that the system
uses motion sensors and the communication medium is “Bluetooth” modules for
data transmission. Using Bluetooth as a communication channel has several
drawbacks, such as short range coverage and radio signal interferences. Fig.2.7
shows the system set-up.

The developments of intelligent home systems are mostly based on the
importance of communication technologies and intelligent programs for various
tasks of the smart home monitoring systems. The relative exploration of various
smart home schemes having mainly wireless sensor network is presented in
Table 2.3.
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Table 2.3 Smart Home Monitoring Systems based on the importance of communication

medium
Physical Home
Smart Home components/ User GUI
. Network Procedures
Monitoring system Sensors based on
based on
/Actuators
Implementation of A smart house energy
Active Sensor Network managing program for
pertaining to home Actuator Internet |controlling household objects.
appliances manage Ge?leric’ ZioBee based A Linkup Quality Indication
system (Suh & Ko, Sensor £ Application | Based Routing was proposed
2008) (Suh & Ko, (Suh & Ko, 2008) (Suh & Ko,
2008) 2008).
Numerous-sensor centric
. smart network computer
Keeping track of . e
Elderly people at flat | IR sensors, Application arf:gZCtﬁieihAcctllavsl;;SCgtfi(l))nay
(Fleury, Vacher, & Contact ZioBee for usi};l Sug ort Vector
Noury, 2010) (Fleury, | switches, g Mobile NE SUppo
Vacher, & Nour hygrometr devices Machine technique (Fleury,
2010) Yo | Ve Y Vacher, & Noury, 2010)
(Fleury, Vacher, & Noury,
2010)
Development of Applying Dijkstra Algorithm
Wireless Sensor Wireless Application [for increasing routing method
Network node for Sensor Node | ZioBee using inside a hybrid star topology
smart home system and & GPRS for |(Xu, Ma, Xia, Yuan, Qian, &
(Xu, Ma, Xia, Yuan, Coordinator external Shao, 2010) (Xu, Ma, Xia,
Qian, & Shao, 2010) network | Yuan, Qian, & Shao, 2010).
Setup of an automation . .
architecture (Gill, |Smoke Sensor Windows Vslrtsli:;h?é?; C§I:§Ut3;f)atzn
Yang, Yao, & Lu, and Light | ZigBee based Y - & i
. . — |Lu, 2009)(Gill, Yang, Yao, &
2009) (Gill, Yang, Sensor Wi-Fi Lu, 2009)
Yao, & Lu, 2009) ’
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Supervising system
using wearable pulse
monitor sensor

A mobile health and fitness

overseeing system by means
of Wireless Bluetooth

dimensions on the pulse

2008) (Surie, Laguionie,|
& Pederson, 2008)

. . Smart Phone Wi-Fi,
incorporated with a ith 2 pulse GPRS sensor. Measured
smart phone (Wu, Chen, W pu . ;. | information is carried into a
sensor Bluetooth | WIMAX, . .
Hu, Chang, Lee, & Yu, HSDPA remote machine via several
2009) (Wu, Chen, Hu, interaction systems (Wu,
Chang, Lee, & Yu, Chen, Hu, Chang, Lee, &
2009) Yu, 2009) (Wu, Chen, Hu,
Chang, Lee, & Yu, 2009)
An intelligent home control
Powerful intelligent system using Android phone
home control system Android being a temporary home
employing Android Generic latform GSM, | gateway. Based on the user
phone (Bian, Fan, & SENnSOrS Pr)let ork Wi-Fi behavior analysis unused
Zhang, 2011) (Bian, W devices are shutdown (Bian,
Fan, & Zhang, 2011) Fan, & Zhang, 2011) (Bian,
Fan, & Zhang, 2011)
The doorway lock system
Aoplvi art h contains RFID tag, touch
wilztl: gilgi%azll (Siglor lo Colznaes LCD, motor module for enter|
base station (Park Temperature, and exit of door, sensor
Sthapit, & Pyun, 2009) gas, fire ZigBee | Internet mod}ﬂ'es for 'detectmg
(Park, Sthapit, & Pyun Sensors condition inside (Park,
’ 2009’) ’ Sthapit, & Pyun, 2009) (Park,
Sthapit, & Pyun, 2009)
WSN application for all day
Implementing E- around continuous checking.
Healthcare using WSN | Pulse sensor, A merged positioning
(Yan, Huo, Xu, & Pressure procedure to determine the
Gidlund, 2010) (Yan, sensor, fire WSN Internet | location in the elderly (Yan,
Huo, Xu, & Gidlund, sensor Huo, Xu, & Gidlund, 2010)
2010) (Yan, Huo, Xu, & Gidlund,
2010)
Arrangement of WSN Daily Activity Monitoring
inside a living Supervising 42 everyday
laboratory home Te;rl E:Srj?elre’ object usages with eighty one
atmosphere (Surie, Lioht cont:act ZioBee Windows liaison sensors (Surie,
Laguionie, & Pederson, gSC;lSOI‘S g based Laguionie, & Pederson,

2008) (Surie, Laguionie, &
Pederson, 2008)
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Implement a smart

& Mitul, 2013)

& Mitul, 2013)

home security system|
(Rana, Khan, Hoque,

(Rana, Khan, Hoque,

Smoke, gas,
temperature,
biosensor

Microcontroller based WSN
with GSM module. Send alert
for unusual circumstance
(Rana, Khan, Hoque, &
Mitul, 2013) (Rana, Khan,
Hoque, & Mitul, 2013)

Prediction of user
usages in energy
management of a

Allerding, &
Schmeck, 2011)

Schmeck, 2011)

smart home (Kaibin,

(Kaibin, Allerding, &

Generator,
consumer, and
energy storage

Decision Tree approach
Hybrid Algorithm(Prediction
Algorithm) — Day Type
Model, First order Semi
Markov Mode (Kaibin,
Allerding, & Schmeck, 2011)
(Kaibin, Allerding, &
Schmeck, 2011)

Research of
emotional
characteristics of
home user using
multi agent system
(Alam, Reaz, Ali,
Samad, Hashim, &
Hamzah, 2010)
(Alam, Reaz, Ali,
Samad, Hashim, &
Hamzah, 2010)

X10 based
devices based
on Mav Home
project

Multi-agent Technique to
trace user for process
classification using clustering
algorithm for smart home
activities (Alam, Reaz, Ali,
Samad, Hashim, & Hamzah,
2010) (Alam, Reaz, Ali,
Samad, Hashim, & Hamzah,
2010)

Friendly Smart
Home Energy
Management (Zhao,
Sheng, Junping, &

Sheng, Junping, &
Weijun, 2011)

\Weijun, 2011) (Zhao,

Smart meter,
Smart Switch
Smart
Interactive
terminal
controller

Interconnections with smart
meters, switches, appliance
controller to analyses the
leading functions (Zhao,
Sheng, Junping, & Weijun,
2011) (Zhao, Sheng, Junping,

& Weijun, 2011)

Implementing a
proactive, adaptive,
fuzzy home-control

system (Vainio,

Valtonen, &

Vanhala, 2008)
(Vainio, Valtonen, &
Vanhala, 2008)

Actuators,
Light sensor

ZigBee GSM
photovoltaic
systerp and a electric
micro ener
cogeneration &y
. systems
unit
WSN Window
based
. Windows
ZigBee based
ZigBee Windows
based

Customize the environment
based on user desires using
Fuzzy control process
weighting factors as well as
for adding, altering and
eliminating rules (Vainio,
Valtonen, & Vanhala, 2008)

(Vainio, Valtonen, &

Vanhala, 2008)
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Table 2.3 (continued)

Agent based system to Agent based system to

regulate an intelligent interface with building

home monitoring (Alam, . automation installations
Reaz, Ali, Samad, Hashim, Tsheerf;l:)?l WSN W;;S:(;VS (Alam, Reaz, Ali, Samad,
& Hamzah, 2010) (Alam, Hashim, & Hamzah, 2010)
Reaz, Ali, Samad, Hashim, (Alam, Reaz, Ali, Samad,
& Hamzah, 2010) Hashim, & Hamzah, 2010)

a middleware structure for

Energy efficient smart Event Management and

Smart

home system (Jahn, . wireless maximize the performance of]
devices- . .
Jentsch, Prause, & PlavStation smart |Windows| energy consumption (Jahn,
Pramudianto, 2010) (Jahn, Lamy Co fff;e meter based Jentsch, Prause, &
Jentsch, Prause, & 1\€I’aker plugs Pramudianto, 2010) (Jahn,
Pramudianto, 2010) Jentsch, Prause, &

Pramudianto, 2010)

2.6  Review of Methodologies on ADL Recognition in SHMS

There have been several machine learning models for daily activity recognition from
the monitored sensor data which differ nearly as very much as the kinds of sensors
that are used in a smart home environment. A Predictive Ambient Intelligence (PAI)
(Akhlaghinia, Ahmad, Caroline, & Nasser, 2008)(Akhlaghinia, Ahmad, Caroline, &
Nasser, 2008) environment gathers information from WSN including environmental
changes and occupants’ interactions with the objects within the monitoring
environment. Collected data are used to determine the behaviour of an inhabitant at
different times by using prediction methods.

The prediction involves the extraction of patterns related to sensor activations.
This is then used to classify the sequence of activities and match it to predict the
next activity (Das & Cook, 2005) (Das & Cook, 2005). Healthcare specialists
believe that the best procedures to recognize health conditions of the elderly
before they become sick is to look for the changes in the actions of everyday life
such as basic ADLs and Instrumental ADLs(IADLs) (Emmanuel, Stephen, &
Kent, 2004) (Emmanuel, Stephen, & Kent, 2004) (Assessment of Older
People:Self-Maintaining and Instrumental Activities of Daily Living, 1969)
(Assessment of Older People:Self-Maintaining and Instrumental Activities of
Daily Living, 1969) (Rogers, Meyer, Walker, & Fisk, 1998) (Rogers, Meyer,
Walker, & Fisk, 1998). Effective classification of ADLs is an important factor for
detecting the changes in the routine habits of the elderly to determine their health
conditions. There have been momentous research explorations in activity
recognition and anomaly detection subdomains of a smart home monitoring
system (Emmanuel, Stephen, & Kent, 2004) (Emmanuel, Stephen, & Kent, 2004)
(Ding, Cooper, & Pasquina, 2011) (Ding, Cooper, & Pasquina, 2011) (Cook D. J.,
2012) (Cook D. J., 2012) (Hu & Yang, 2008) (Hu & Yang, 2008) (Zhongna, et al.,
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2009) (Zhongna, et al., 2009) (Marie C. , Daniel, Esteve, Fourniols, Escriba, &
Campo, 2012) (Marie C. , Daniel, Esteve, Fourniols, Escriba, & Campo, 2012).

Researchers discovered that dissimilar kinds of sensor data are helpful in
grouping diverse activity forms. Many probability based algorithms are used to
develop daily activity prototypes. The most usual models are the Hidden Markov
Model (HMM) (Rashidi P. , Cook, Holder, & Schmitter, 2011) (Rashidi P. , Cook,
Holder, & Schmitter, 2011) and the Conditional Random Field (CRF) models
(Cook D. , 2007) (Cook D. , 2007). The main purpose of activity identification is
to make out normal human actions in the real life scenario. The precise
recognition of actions is difficult due to the complexities and diversities of human
actions. The precise objective of the HMM model is to establish the unknown
class classification that matches with the experimental output. It also tries to
understand model factors from the account of observed output sequences.
However, HMM faces limitations irrespective of its popularity and simplicity.
Especially, it faces problems in indicating multiple networks of activities that are
synchronized or interlinked (Cook D. , 2007) (Cook D. , 2007). HMM is
inefficient in securing long range or transitive reliance of observations because of
its firm self-sufficiency supposition for the observations. In addition, lack of
appropriate training leads to non-recognition of probable observation sequences
coherent with the specific activity by the HMM model.

The HMM and CRF are operated to discover hidden state evolution from
observation classifications. HMM tries to discover activities using a joint
probability distribution and CRF use conditional probability methods. CRF
permits a subjective, dependent relationship amid an observation sequence,
supplementing with flexibility. One of the huge disparities between the two
models is the reduction of independence supposition where hidden state
supposition relies on precedent and prospective observations.

Similarly, Naive Bayes classifiers have been utilized to predict outcomes. The
classifiers recognize the daily activity that relates with the largest probability to
the set of sensor data that were noticed. In spite of the fact that these classifiers
take up the conditional independence of characteristics, they give good accuracy
when provided with the huge amounts of sample data. To learn logical statements
of activities, several authors including Maurer et al. have utilized decision trees.
This method offers the benefit of producing rules which are easily understood and
approachable by the user, but it is frequently fragile when collecting the high
accuracy numeric data. Gu et al. use the concept of rising patterns to search for
regular sensor sequences corresponding with every action as a help for
recognition. Another optional approach that has been investigated by other
investigators is to set probabilistic sequence of sensor effects employing dynamic
Bayes networks. Also, Emerging Patterns (EP) were employed where every
activity shows a prevailing pattern attributing a feature vector for individual
activities, illustrating key alterations amid modules of data.
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The synchronized and interlinked daily living activities can be identified by
Skip-Chain CRF and Emerging Pattern methods (Cook D. , 2007) (Cook D. ,
2007). Apart from Emerging Patterns, every method needs organized learning,
which consequently entails training data for true activity identification like greater
restrictions in carrying out in programmed labelling. However, the alterations in
the sensor environment must resemble in the individual models. A deeper
comprehension of raw sensor data can be gained by adopting knowledge detecting
methods such as finding patterns in sensor data (Gu, Wang, Wu, Tao, & Lu,
2011)(Gu, Wang, Wu, Tao, & Lu, 2011) instinctively to recognize precedents of
importance in the facts.

There are methods using the windowing concept. A window of user-defined
dimension is rearranged by an “Episode Discovery” algorithm using sensor data to
amass candidate episodes or progression of interests (Laxman, Sastry, &
Unikrishnan, 2005) (Laxman, Sastry, & Unikrishnan, 2005). Most of the smart
homes monitoring methods are relying on classifying the sensor data for ADL
recognitions.

The main objective of classifying sensor data analysis is to categorize the
information from sensor data to defined groups (Nazerfard, Rashidi, & Cook,
2010) (Nazerfard, Rashidi, & Cook, 2010) (Rashidi & Cook, 2011) (Rashidi &
Cook, 2011). Different categorization procedures related to sensor data have been
formulated such as decision trees (Stankovski & Trnkoczy, 2006) (Stankovski &
Trnkoczy, 2006), Bayesian classifiers (Kim, Kyoung, Suk, & Kyung, 2009) (Kim,
Kyoung, Suk, & Kyung, 2009), neural networks (Chu & Chong, 2010) (Chu &
Chong, 2010), instance-based learners (Tapia, Intille, & Kent, 2004) (Tapia,
Intille, & Kent, 2004), support vector machines (Fleury, Vacher, & Noury, 2010)
(Fleury, Vacher, & Noury, 2010), clustering (Vazquez & Kastner, 2011) (Vazquez
& Kastner, 2011) and regression algorithms (Chao & Cook, 2012) (Chao & Cook,
2012). Categorization algorithms have several drawbacks because they vary
depending on the nature of data handling, like class labels having distinct or true
values, data consisting of omitted values or inaccuracies, magnitude of training
data availability and the representation of concepts. Proper caution should be
followed to avoid the over fitting of learning algorithms with the data leading to
non-generalization of intellectual concepts to the latest data.

On the other side the development of unsupervised learning methods (Gu, Wu,
Pung, & Lu, 2009) (Gu, Wu, Pung, & Lu, 2009) and discovery of mildly
controlled learnings (Maja & Bernt, 2009) (Maja & Bernt, 2009) are carried out.
These methods help to overcome the blockage from acquiring a greater quantity of
training information. But, these algorithms too face limits when confronted with
ambiguity of sensor data. Domingo et al. (Singla & Domingos, 2006)(Singla &
Domingos, 2006) demonstrated an application to exploit “Markov Logic
Networks” (MLN). It’s basically an arrangement for statistical composition to find
out daily activities recognition. But, this approach corresponds to activities
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identification presuming that the elderly perform only one activity at a time which
is realized as an instance in formulation.

Hao et al. (Hao, VIncent, & Qiang, 2011)(Hao, VIncent, & Qiang, 2011)
demonstrated the multi-tasking as an essential attribute in the real daily routines,
refusing the concept of considering activities as serial. Correlation graphs are used
to model simultaneous actions and develop the corresponding model. There is also
an alternative solution to HMMs called an Interleaved HMMs model (IHMM)
(Niels, 2008) (Niels, 2008). Complex daily activity is realized from the correlation
scores of the activity features. This method too has restrictions when a sliding time
frame is taken into account for identifying specific characteristics.

Riboni and Bettini (Riboni, Pareschi, Radaellli, & Bettini, 2011)(Riboni,
Pareschi, Radaellli, & Bettini, 2011) proposed the activity recognition method
from a knowledge base perception by using ontology concepts. The ontology
concept is examined based on the subject’s context which decreases possible mis-
calculation by the probabilistic algorithms. The probabilistic algorithms method
does not deal with temporal relations among activities and is limited to merely
sequential activities. Table 2.4 shows the some of the comparisons for various
methods of sensor data analysis related to ADL’s. recognition in smart home
systems. The insidious computing system tries to minimize the gap between
computer model and tangible world. The system is endowed with modern
perceptive facilities of intelligent technologies that courses through recent
technological prospective and sub-areas of applications. The identification of
actions under ambient assisted living (AAL) circumstance is considered as one of
the key field enthused by the requirement of IT system to assist in stout, consistent
and reasonable health care of world’s older population.

The continual discernment of daily habits of older generation provides custom
attention and expert aid at a minimal cost in the right time. It explicitly concerns
with numerous likely situations like body and mental treatments, taking care of
aged patients or treating individuals with cognitive weakness. The viability of
adaptability and positive support system chiefly rests on innovative infrastructure
which accosts for confrontation of self-identification of day today functions of
elderly people at home surroundings. For a given series of sensor surveillance, the
main challenge of recognition of actions lies with the identification of precise
actions that senses and dodges the crisis situation.

The mission is demoted as plan identification, objective identification,
behaviour identification and target identification in close knit surroundings (Hu et
al.).Researchers have advanced with activity identification by influencing mixed
audio and visual sensor contribution (Cirillo et al., Biswas et al., Tran and
Davis).Drawbacks like greater exposure to domain-dependent presentations with
elevated privacy matters hinders performance standards. These shortcomings can be
evaded by making use of sensor fusion data acquired from wireless sensor networks.
Majority of state-of —art forecasting system depends on information-driven learning
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hypothesis like hidden Markov models and conditional random fields ((Buettner et
al. and Patterson et al.).

On the other side the development of unsubstantiated learning methods (Tao Gu et
al.) and discovery of mildly controlled learning’s (Stikic and Schiele) are carried out.
These methods help to overcome blockage form acquiring greater quantity of training
information. The substitute for data-driven methods can be made by evaluating
knowledge dependent algorithms in the perspective of action identification.

These method are least effected by scarcity and inadequacy of data, requiring
prior information. It faces with limits when confronted with ambiguity. The
amalgamation of knowledge-based and data-driven hypothesis provides greater
capability to crack problems related to action identification. It attains affluent and
long-duration circumstantial data with the benefit of improvement in reasoning
and learning by probabilistic models.

In the present research a proposal is made to utilize Markov logic networks
MLN (Richardson and Domingos) as structure for statistical relation to carry out
action identification in AAL atmosphere. The MLN assimilates soft indecisive
evidence and hard logical statements with united semantics and syntax. It helps in
the integration of present domain information minimizing the required quantity of
training information. The Markov logic is a superior structure compared to other
probabilistic models, which can assimilate high temporal circumstances in one
time development of novel model.

One of the key features of human action identification is attributed to temporal
data (Cirillo et al) which has declarative disposition. The MLN facilitates system
designers to incorporate and examine most intricate reliability by the inclusion of
additional formulae. It gains further more importance by simultaneous
performance of user under numerous objectives. Majority of methods
corresponding to action identification supposes that older person perform one
action at a time which is measured as a problem in general formulation. Hao Hu et
al. considers multi-tasking as an intrinsic trait in actual worlds daily routine,
rejecting the idea of considering activities as purely sequential.

Most of the live methods follow manually intended regulations to identify
actions or not have the capability to relate temporal information to the
circumstance. Problems are made simpler by making an effort to precisely identify
sequential actions which is an improbable supposition. The main objective is to
examine the employability of MLN to identify interleaved actions grounded on
inputs from common-sense knowledge base and sensor technology. It evaluates
MLN capability to acquire qualitative temporal relations and surrounding
information to enhance the precision level of identification (Helaoui).
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Usually problem in identifying activities, which are not need fully
consecutively continuous are taken into consideration. Some of the few
approaches are there which is used to make this less restrictive and more
intriguing assumption. These consist of information regarding sensor which have
been collected by the Peterson from the morning routines of customers take a part
in 11 interleaving activities. These activities allocate large number of sensor
tagged targets the subjects which are able to work together with. In this
circumstance, HMMs with one state for every action that been used as prediction
algorithm. Additionally the authors consider more and more complex models.

Methods of improvement are more modest based on the activities which carried
sequentially by HMM better suits this system compares to the CRFs. Where CRFs
also contain the same limitation regarding how to recognizing interleaved
activities which are so much difficult variant. HU and Yang proposed the SCCRF
method which can model lengthy distance that is sequential enslavement
leveraging so it is called as skip edges. Correlation graphs are used by the authors
to model simultaneous activities and develop the recognition problem as a case of
quadratic programming. However, SCCRF futures create a computationally risky
implication problem mainly when a huge numbers of skip edges is involved
(McCallum and Sutton).

Moreover, to avoid the identification precision from deteriorating, each partial
model from interleaved activities is observed at the stage of training. Thus,
SCCRFs have a need of large amount of training information because there are
different methods to disturb and to carry on an ongoing activity. This also an
alternative case that been proposed for a HMMs. This is supposed as interleaved
HMMs model (IHMM) which is the activities in context of last object which is
used and process event counts to the viewpoint of transition.

In order to address the problem of recognition in RFID tagged items and other
accelerometers, application of emerging patterns are kept with an sliding window
as mentioned by Gu et al. Usually this depends on calculating complex activity
scores which been derived from mined activity feature sets and correlation scores
among the activities. The highest scores been selected by the activity. Though, this
approach is a stage for limitations as sliding time window which may put off some
of the distinguishing characteristics. This put into effect the utilization of
segmentation algorithm to get better results. As well as the approach is not able to
apprehend long term temporal necessitates.

All of these approaches is data driven and therefore, lacking the capability to
combine common sense background knowledge which been believed as the
significant viewpoint of any activity recognition system. Therefore, it is at best
inept to add and to obtain further related information to these models. Riboni and
Bettini approached the recognition problem method from a knowledge based
perception and they merge the ontological reasoning and multi-class logistic
regression (MLR) for probabilistic activity identification. The ontology
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representing activities, symbolic locations, persons, and time granularities are the
base components. The ontology is investigated to beware of subject’s context
which decreases possible mis-calculation by the probabilistic algorithms. The
probabilistic algorithms method does not deal with temporal relations among
activities and is limited to merely sequential activities.

According to Biswas, Tran and Davis construct a similar statistical method.
Majorly operating DMLN and MLNs perform task to comprise reasonable skill to
plan on task. But, the algorithms planned among visual action to recognize and
capture the information on significant input. In addition, they showed temporal
matter in order to atomic actions like quivering hands (Tran and Davis). As
Helaoui consider the viability of MLN organize every day activities (ADL). The
potential consequence lead actual work shows to address more challenging to
measure the tasks like furnished and overlapping actions. Finally, the writer
suggest more complicated and inter activity dependencies. The underprivileged
performance outcomes which been brought out by statistical evaluation models
have overflow the estimation area for over the past few years. Their helplessness
to deal the categorical data, deal with missing data points, extend of data and most
significantly want for reasoning abilities which make a enlarge in number of
studies by means of non-traditional methods such as machine learning methods.

It is been known that study of all the methods of computation are based on
giving better performance and knowledge in terms of mechanism of acquisition.
To gain a better performance variants, which would assist in developing key
domain knowledge in areas of system regular to industry are made out. The major
aim of this learning system of machines is to give better learning levels in regard
to automation and further improve accuracy and efficiency. Major test in machine
learning approach is to have a better system used for regular industry wise
education and production mechanism elsewhere. Evaluating a better model of
machine learning and its nature and aimed at giving better methods of learning,
which sets apart all the performance with domain specific learning methods.
Basically when discussing issue pertaining to machine learning, there are
inductive and deductive.

Further to address the basic learning methods of deductive, a clear existing
facts and knowledge of old and new are considered. To further explain about
inductive learning methods through a program of an computer through rules of
data patterns and develop better data sets. Example of these inductive learning are
generalized based on existing knowledge and have subclass of learning.
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2.7 Smart Homes Technologies Users

The following benefits are offered from the technology assisted smart homes:
Anyone living independently, who is not able to look for aid in some emergency
situations such as unconsciousness, falls etc. Disabled or older people who are
suffering from cognitive like dementia and/or physical injury like visual, hearing
or suffering from chronic diseases. Individuals who require aid in day-to-day life
for personal care actions like eating, bathing, dressing and instrumental activities
like cooking healthy meals (Mynatt, Melenhorst, Fisk, & Rogers, 2004) (Mynatt,
Melenhorst, Fisk, & Rogers, 2004). There are SHMS technology users like formal
health care provider or informal family health care providers for handicapped or
older. People who are living in rural or urban communities with unsatisfactory
health service provisions.

2.8 Advantages of a Smart Home Technology

Smart homes enabled with tele-care systems are providing specific assistances to
support older or handicapped people who are suffering from prolonged illness and
living independently. The health assessment of behavioural patterns and
physiological signs will be interpreted into exact forecasters as a proficient
program to start proper activities. Smart home tele-care can provide facilities to
overcome the transportation for organizing multidisciplinary care outside the
hospital (Ching-Lung, Lin-Song, Hsueh-Hsien, & Ching-Feng, 2009) (Ching-
Lung, Lin-Song, Hsueh-Hsien, & Ching-Feng, 2009) (Nourizadeh, Deroussent,
Song, & Thomesse, 2009) (Nourizadeh, Deroussent, Song, & Thomesse, 2009).

Home tele-monitoring of chronic illnesses provides information empowering
patients with health related information and potentially developing their health
check-ups (Nourizadeh, Deroussent, Song, & Thomesse, 2009) (Nourizadeh,
Deroussent, Song, & Thomesse, 2009). The important benefits are ease of
understanding of locations and services of quality health care. Some of the
respondents highlighted the significance of selection in terms of actions and
accessing services ways. As per the patients view, they are usually favourable in
the direction of telemedicine such as eliminating consultation timings and reduced
costs, etc. Most of the patients favour tele-consultations as it saves money as well
as time (Rahimpour, Lovell, Celler, & McCormick, 2008) (Rahimpour, Lovell,
Celler, & McCormick, 2008). Information technology like ‘e-prescribing’,
‘electronic health files’, and ‘decision support systems’ has decreased costs of
tele-health care systems (Anderson, Social,Ethical and Legal Barriers to E-Health,
2007) (Anderson, Social,Ethical and Legal Barriers to E-Health, 2007).

2.9 Current Limitations of Smart Home Technologies

Application of wellbeing care equipment’s in smart homes is hindered by the need
for research associated with user requirements. This is further aggravated by poor
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understanding of customer requirements and substandard requests for services to
be utilized at smart homes. Also, the industry is controlled by providers offering
“a technology-push, rather than a demand-pull system” (Barlow, Bayer, & Curry,
2006) (Barlow, Bayer, & Curry, 2006) (Jacobus, 2004) (Jacobus, 2004), leading to
customer dissatisfaction. Regarding health specialists, those external to
networking systems are confronted with the need for skill to share medical
information. The main reasons pointed by the medical doctors are the price and
apprehensions on privacy as the key obstacles to execution of information
technology (Anderson & Balas, Computerization of Primary Care in the United
States, 2006) (Anderson & Balas, Computerization of Primary Care in the United
States, 2006). Major difficulties in shared, moral and legal concerns hamper
extensive use of these devices, notably Electronic Medical Records (EMR).
Because of intricate automated devices plus inadequate access to funding costs by
doctors and health care centres, and having substandard norms the sharing of
medical information was not easy. A second obstacle arises with the amount of
time need to understand the operation of these technologies. Distrust might result
in suppression of data, revealing deceptive info to wellbeing care suppliers
(Courtney K. L., 2008) (Courtney K. L., 2008).

Smart home technology might unenthusiastically influence social
communication associations. Individuals employing smart home type of
technology could worry about equipment’s substitute private communication with
their doctors. Casual providers may apprehend that a better liability will be
engaged on them. When a patient is not informed, the spouse or other legal heirs
do not inevitably have permissible authority and the principles change for each
country (Van, Allen, & Cambell, 2005) (Van, Allen, & Cambell, 2005).
Establishing e-health arrangements evokes many concerns like unintentional
revelation of people, communicating with incorrect people and inaccurate use of
information (Croll & Croll, 2007) (Croll & Croll, 2007). A comprehensive
regulatory structure for telemedicine is still missing.

Customers may fear a technology that concerns their routine, economic status,
emotional and psychological welfare of family members. Moral concerns are main
impediments to the regular use of e-health technologies. Doctors and hospitals
involved in telemedicine must guarantee that their patients are informed about the
planned service, and get approval to be involved in any telemedicine house
technology. When the patient is not informed, the spouse or other legal heirs do
not inevitably have permissible authority and the principles change for each
country. The capacity of tele-radiology to diffuse radiological and other images
electronically from one place to another has triggered several concerns to be
focused on, like state licensure and medical law in the US. Tele-dermatology is
pricier than traditional consultations due to the cost of the devices and general
doctor’s time. Establishing e-health systems evokes many concerns like
unintentional revelation of people, communicating with incorrect people and
inaccurate use of information. A comprehensive regulatory structure for
telemedicine is still missing.
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European and global telemedicine processes were unsuccessful in deploying
smart home tele-care systems because they were too costly for patients (Piper,
Campbell, & Hollan, 2010) (Piper, Campbell, & Hollan, 2010) (Walsh & Callan,
2011) (Walsh & Callan, 2011). A number of technologies are short of interaction
between doctors and patients. The tele-medicine research is not strong enough,
since it lacks in information evaluating of patients’ insights. Practical faults such
as trials, precise framework, and research design of the available study restrict the
overview of the results.

Tele-consultation is good enough for various situations, but concerns associated
to a patient gratification have to be discovered in detail concerning patient—doctor
communication. There are not many randomized restricted tests comparing tele-
health interferences with traditional health care practices. Most of the works in
tele-monitoring of chronic ailments were regular tests exclusive of monitoring
systems. The researchers proposed that potential appraisal should focus on
randomized tests with a greater number of patients over a longer time.

2.10 Impact of Smart Homes Technologies on Societies

Smart homes and e-health have been familiar investigation subjects in the past few
years, but scientific facts to support smart home and tele-health use have been
missing. The latest literature assessments and research papers have stated that
health status, gender, age, education, and racial/ethnic status are usually related to
patient contentment with health care. E-health services may enhance the quality
and effectiveness of care. Nevertheless, there is insignificant quantitative
substantiation on e-health practice and gender-based research is missing.

Aided living centres like Senior Care, Elite Care and TigerPlace have employed
ICT to assist care of senior inhabitants. Robotic aides in nursing homes are now
accessible but very few other centres use ICT systems. Home tele-heath and
telemedicine appear to be in the research sphere. The escalating costs of offering
health care services to an aging populace are going to shift delivery from hospitals
and residential care to private homes.

In Spain, a home health care program intends to improve patients’ quality of
life significantly as it relieves their care in the family and averts risks related to
hospital admission. In Australia, the home is turning out to be the new centre for
high-tech hospital care. Assessments as a consequence of cost appraisal, cost-
savings or cost-effectiveness have been usual to several tele-health analyses, but
they have often been vague. There are socio-economic advantages for explicit
applications, but there is the enduring concern of restricted overview. In the USA,
home care is a vibrant service industry. About 20,000 suppliers provide home care
services to 7.6 million individuals who require services due to sever ailment, long-
term health conditions, enduring disability, or fatal illness. Yearly expenses were
projected to be $38.3 billion. In Australia, since 2000, a research in tele-
paediatrics in Queensland, showed considerable savings made by the health sector
through decreased costs as a result of decreased numbers of patients. People in
Queensland save money, time and the hassle of journeying to Brisbane.
Theoretically, persons living in rural or remote areas may have different
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experiences of smart-technologies to persons in bigger towns. It may furthermore
be befitting to address assessing the feasibility and effectiveness of smart-home
technologies in different communities as well as distinct countries.

2.11 Smart Systems and Internet of Things (IoT)

Internet of Things (IoT) is all about the ability to sense things; understand and act
according to the requirement of environmental conditions. The following
information is about the potentials of IoT framework that everybody in business
needs to realize, and its advantages over wide applications in daily activities.

The developments of the Net Technology and Smart Sensor Systems have led
to a new era of pervasive networks. Increase in users of internet and advancements
in ubiquitous computing enable internetworking of everyday things widely.
“Internet of Things (IoT)” is about “things” talking together, Machine-to-Machine
(M2M) communications as well as person-to-computer communications by
extending to “things” usages. In the present technological scenario, the two terms
“IoT” and “Smart things” occur together frequently. The IoT gives rise to the
smartness of interconnected things. In general, the words “IoT” and “Smart
Things” follow each other in their respective application scenarios. The main
objective of 10T is to have the ability to uniquely recognize, signify and access
things at anytime and anywhere in an internetwork and this can allow controlling
of any “things” in an ideal situation.

The adaptability of IoT modelling in day-to-day life activities makes variety of
applications. The design and development of these applications depend on many
different technologies that correspond to its realization for daily use. Initially, the
use of IoT was driven by the management of information through tags of Radio
Frequency Identification (RFID) for tracking things, supervision and controlling
of things and automation of electronic payments in trade markets. The
advancement of hardware technologies has brought up the development of the IoT
by means of miniaturizing wireless devices, smart sensors/actuators and micro-
controllers. Those technological advancements have inspired many schemes for
refining the software of embedded devices. These have led to efficient
optimization of M2M communications, providing a greatly feasible and practical
IoT related applications. In the present context, a paradigmatic approach for IoT
applications has been presented to provide smart spaces consisting of numerous
independent smart things. The future internet focuses on integrating real world
services provided by the IoT framework into “mashup” of traditional services.

2.12 Applications of IoT

The following is an overview of the important IoT application domains presently
recognized by the research and industry communities:

Monitoring of Everything: “Every Thing in this world will be connected to each
other via Internet so that we can know anything we want to know”
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Environmental Monitoring: The importance of environmental technology has
become a vital field of research and development for ecological progression
worldwide. The environmental/earth monitoring system receives information such
as Air/Water pollution data, Lake/River pollution information, Land Monitoring
statistics and Plant/Crop growth indicators. The applications such as traffic
monitoring, lighting, pollution monitoring, chemical hazard detections, earthquake
detection, flooding detection, volcano eruption forecasting and weather
forecasting are becoming huge importance to society. These applications can be
realized using a low-cost, reliable and efficient system through an IoT framework.

Smart Cities: A wide set of IoT applications strive to create smart cities more
sustainable, safe and enjoyable using IoT models. The cooperation among
citizens, institutions and companies is very much required for the utilities and
service providers to efficiently perform IoT operations. The applications of
interest range from systems supporting urban mobility and its safety such as Smart
Parking, Traffic Congestion, Intelligent Transportation Systems, monitoring or
optimizing assets and critical infrastructures in cities for Structural Health, Smart
Lightning, Smart Roads systems monitoring and protecting the citizens’ quality of
life using Noise Urban Maps and Waste Management. Intelligent Buildings and
Smart greenhouses can be controlled and optimized via wireless sensors and
actuators in the framework of the IoT.

Smart Agriculture/Animal Farming: Smart Agriculture focuses on monitoring
the soil used for growing agricultural products, plants, greenhouses, or the
environmental conditions (e.g., weather). Closely related to Smart Agriculture is
the Smart Animal Farming trying to enhance the productivity of animals for meat
and related products (e.g., milk, eggs) by monitoring animal health conditions at
different stages, animal tracking and identification (also used for product
traceability), and living environment.

Smart Transport/Logistics: Smart transport supports good monitoring during
transport, e.g., in trucks or cargo ships, support good detection and tracking in
warehouses. Mobile robotics applications in industry are very much supported by
IoT in which mobile robots interact with fixed IoT infrastructures, e.g., to support
internal logistics in manufacturing plants.

Industrial Control: Industrial control is one of the main application domains for
IoT technologies (e.g., for remote monitoring of manufacturing lines through
SCADA systems). These systems are typically deployed in manufacturing or
process industries in order to remotely check machineries (e.g., M2M
applications), diagnose the status and position of moving vehicles or robots or to
monitor the conditions of the manufacturing environment (e.g., air quality
monitoring in food processing industries). These systems help the transition of
industrial automation from custom, closed developments to more flexible internet-
oriented schemes integrated with enterprise systems. They simplify data-intensive
applications like real-time tracking or predictive maintenance. Manufacturing
applications leverage autonomous M2M interactions to monitor and optimize
production lines. Preventive action can be taken in advance and awareness level
will increase.
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Home Automation and Health Care Monitoring: A smart home monitoring
system with distributed wireless smart sensing units and effective data processing
system can be realized with the help of an IoT framework. Additionally, the
system can be used for monitoring the behaviour of inhabitant and evaluate the
longitudinal elderly healthcare assessment. Thus, the 10T framework can fuse the
smart sensor data of household appliances usages and execute multiple tasks of
IoT for the smart home monitoring system.

2.13 Chapter Summary

Several smart home technology research tasks were conducted in different parts of
the worlds both in the recent past and under current conditions. But, still the
answer for the smart home monitoring system in terms of cost, acceptability,
technology friendly and service has not been uniquely obtained. Most of the
systems developed are based on technology push rather than user specific
requirements. Mostly, systems currently designed and developed for the smart
home monitoring are wearable, and huge sets of sensors are required to realize
proper human behaviour recognitions. The methods developed are based on
offline analysis and require set-ups to be changed for different requirements.

The existing methods related to ADL recognition approaches are either based
on probabilistic approaches or specific rule based data-driven approaches. Thus,
the capability towards combining common sense knowledge is lacking, which is
believed to be the significant issue of smart home inhabitant daily activity
recognition. There is a need to get optimal solutions for the smart home
technologies such as:

e Collection and fusion of on-line/real-time data from heterogeneous
sensors on a 24/7 basis. Development of on-line/real-time detection of
irregular elderly behavior and better behavior prediction systems in a real
home environment.

e Recognition of elderly daily activities including complex behavior using
temporal reasoning. Quantitative measurement of “wellness” in terms of
performance related to essential daily activities behavior.

e Predictive data mining for real-time sensor streams related to
determination of wellness. Set-up of environmental sensing systems with
less cost that are reliable, flexible and easily managed for effective
elderly behavior recognition and the corresponding wellness.

e Development and finalization of WSN based systems with an optimum
number of sensors for elder care in smart homes.

e Integration of human behavior recognition systems with co-systems like
human physiological monitoring systems for better well-being
monitoring, reasoning and predictions.
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Chapter 3

Design and Deployment of WSN in a Home
Environment and Real-Time Data Fusion

3.1 Introduction

With the speedy growth of communication technologies and smart sensors,
wireless sensor networks based systems became popular tools to encapsulate the
physical world’s information. The WSNs have been strengthened by the progress
in processor technologies and wireless communication systems that gave way to
the development of small, low-cost and low-power consumption, well-organized
sensing systems. The WSNs facilitate the users to observe and study physical
phenomena at a granularity degree of the aspect that was not possible previously.
WSNs were initially applied in military and scientific projects. Applications of
WSNs have boomed up as the cost of sensors drop, while the capabilities
augment. In the past some years, WSNs have attracted significant interest from
both the Network and Database communities. For example, an environmental
researcher is interested in the temperature readings, while an ecologist is
concerned with the level of soil moisture.

Similarly, in this research, the ADLs of an elderly person are captured by
Wireless Sensing Systems (WSS). The important objective of this study is to
identify the well-being performance of the older people through the collection of
heterogeneous sensors by nominal sensing systems at their homes. For this, WSNs
consisting of diverse sensors like electrical, force, contact, and Passive Infra-Red
(PIR) sensing systems integrated with radio communication ZigBee modules have
been fabricated and deployed at the elderly homes. The developed sensing systems
are noninvasive, flexible and safe to use.

The fusion of wireless sensors to a centralized computing system (the sink or
base station) is the most widely considered data collection method. There have
several researches undertaken to realize a few goals efficiently, such as increasing
the lifetime of nodes, and to conform to the application requirements. There are
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basically two major concepts that researchers have investigated in the fusion of
WSN data. Firstly, data is interrelated (both across time and over space), and
second, a number of applications recognize small variations in the data values they
investigate. These ideas have given way to the development of a large number of
methods that deal with the exactness for time implementation and energy savings.
In this research, to have near real-time (online) sensor data analytics, a robust
heterogeneous sensor data fusion system has been designed and developed. In this
chapter, details of the near real-time sensor data collection, storage and handling
of wireless sensor data fusion are presented.

3.2  Description of the Wireless Sensing Systems

The term wireless sensing system is a module with one or many sensing devices,
radio component and restricted computational resources. It takes physical
measurements of the AAL setup, e.g., temperature, humidity and the usages status
of the domestic objects. A WSN comprises a base station and a set of sensor
systems (nodes). Each node can directly be in contact with others within its radio
coverage. The base station (coordinator of WSN), also called the data sink, is
ready with a radio component, so that it is able to be in contact with the nearby
sensor nodes and gather the encapsulated AAL data.

The sensors at a distant place may not be able to transmit data directly to the
coordinator. Depending on the range of the monitoring area, data encapsulated by
the sensing systems present on the boundary of the monitoring area might be
required to relay (using multiple hops sensors) before they reach to the sink. To
query the sensing data, appropriate programs are executed at the base station,
which then reports the query outcomes. In the present research, the home
monitoring communication system is based on IEEE standard 802.15.4 of ZigBee.
The WSS have been indigenously designed and developed at our laboratory.

The overall structure of the WSN data fusion consists of two important
modules: i) WSN and ii) an intelligent home monitoring software system to collect
sensor data and perform data analysis for detecting behavioral changes of an
elderly person. The household objects regularly used by the elderly person are
attached with fabricated sensing units. The input signals from the sensing units are
integrated and connected through radio communication interface XBee modules
(Faludi & Richardson, 2011). The rationale for observing the usage of household
appliances is based on the fact that these are regularly used by the elderly person
in various situations like preparation of food, relaxing, toileting, sleeping and
grooming activities. Fig. 3.1 depicts the functional design of the developed
system.
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Fig. 3.1 Architecture of the developed WSN based Home Monitoring System

The designed and developed sensing systems are useful to determine the
wellness of the person in performing basic daily activities. In addition to the
fabricated sensing units, emergency help and deactivate operations are developed
with XBee modules to facilitate the corresponding operations during the real-time
activity monitoring of the elderly. Since, the research objective is concerned with
how “well” the elderly person is able to perform their basic-ADLs; a limited
number of sensing systems that correspond to the daily usages of household
appliances are investigated in the present home monitoring system.

The importance of the sensing system is that it has been developed for using in
an existing elderly person home rather than a newly constructed house or a test
bed scenario. Additionally, the WSS are compatible with the internet of things
functionalities. These, systems are capable of operating from a remote location
(i.e., the WSS are able to respond to the commands from remote server).The
operational feature of these systems is that they are flexible in connecting with the
regular household appliances.
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3.3  Wireless Sensing Systems for Household Objects
Monitoring and Control

The selection of sensors (sensing systems) is dictated by the lifestyle of the elderly
person. There are different types of sensing systems indigenously designed and
developed at our laboratory for the home monitoring system. Instead of
connecting a household object to a power outlet, the household objects are
connected to the fabricated sensing systems for recognizing the elderly person’s
basic ADLs. The following fabricated wireless sensing systems are designed and
developed to monitor the behavior of an elderly person living alone in their own
home.

Type #1: Electrical Household Objects Monitoring and Control Sensing System.
Type #2: Non-Electrical Household Objects Monitoring Sensing System.

Type #3: Contact Sensing System for Household Objects Usage Monitoring.
Type #4: PIR Sensing System for Monitoring Movements inside the house.
Type #5: Environmental Parameters Monitoring Sensing System.

Type #6: Human Physiological Parameters Monitoring Sensing System.

3.3.1 Type #I Electrical Household Objects Monitoring and
Control Sensing System

The system has been designed for measurement of electrical parameters of
household electrical appliances. From a consumer point of view; electrical power
consumption of various appliances in the house along with the key parameters
such as supply voltage and current may be useful. The following household
objects were monitored: Room Heaters, Washing Machine, Microwave, Oven,
Toasters, Water Kettle, Fridge, Television, Audio device, Battery chargers and
Water pump. In total, ten different electrical appliances were used in the home
monitoring system; however the current system can only be used for any electrical
appliances of power rating of less than 2KW. The electrical sensing systems
intelligently identify which electrical appliance is in use. Electrical sensing
devices operate on the detection of current flow connected to household objects.
Typically, a single electric sensor is necessary to sense an electrical appliance
usage. However, in this research the design of the electrical sensing system is
done in such a way that two electrical appliances can be connected to the same
sensing system. Thus, the cost of the system is reduced. Fig.3.2 shows the
fabricated electrical sensing system.
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(b)

Fig. 3.2 Fabricated electrical sensing system (at our laboratory) to monitor and control
household electrical objects

Measurement of Electrical Parameters
The measurements of the electrical parameters of the household appliances using
the designed electrical sensing systems are as follows:

Voltage Measurement

The voltage transformer used in our work is the 44127 voltage step down
transformer manufactured by MYRRA. The striking features include two bobbins
compartments including self-extinguishing plastics and very light weight (100gms).
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The step down voltage transformer is used to convert input supply of 230-240V
to 10 VRMS AC signal. The secondary voltage is rectified and passed through the
filter capacitor to get a DC Voltage. The available DC voltage is reduced by a
potential divider to bring it within the measured level of 3.3V of the ZigBee. This
output signal is then fed to analog input channel of ZigBee end device. The
acquired voltage signal is directly proportional to the input supply voltage. A
voltage regulator is connected to the rectified output of voltage transformer to
obtain the precise voltage supply of 3.3V for the operation of ZigBee and
operational amplifier. The scaling of the signal is obtained from the input versus
output voltage graph as shown in Fig.3.3. The actual voltage is thus obtained from
eq.(3.1).

Vact =1my * Vmeasured_vohage (31)

Where my is the scaling factor obtained from Fig.3.3, V,. is the actual voltage,
Vineasured voitage 1S the measured sensing voltage.
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Fig. 3.3 Scaling factor (m1) of voltage signal

Current Measurement

For sensing current, we used ASMO10 current transformer manufactured by
Talema. The main features of this sensor include fully encapsulated PCB
mounting and compact size. In this current sensor, the voltage is measured across
the burden resistor of 50 ohms. The necessary filtering and amplification is
required to bring the voltage with the necessary measurement level of ZigBee. The
scaling factors for current measurement for two different ranges of currents are
shown in Fig.5. Two different current transformers are used for two different
ranges, 0 to 1A and 1A to 10A respectively. The actual current is thus obtained
from eq.(3.2). The line wire is connected to the load, which is passing through the
current transformer. With the use of current transformer, the electrical isolation is
achieved which is important in many applications as well as for the safety of the
electronic circuit.

Iact = mZ* Vmeasuredfvnltage _for_current (32)
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Where my; is the scaling factor obtained from Fig.3.4, different values of m; to be
used for different current transformers. 1,, is the actual current;
V measured_voltage_for_current 15 the measured sensing voltage for current.
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Fig. 3.4 Scaling factor (m2) of current signal

The developed system includes two current transformers; one is used for the
measurements of loads up to 100W and the other current transformer is used for
the measurements of loads from 100W to 2000W. The reason of providing two
transformers is to provide two load outlets at the same sensing node. The number
of turns is increased up to five turns to improve the resolution of the low current
signal. Both outputs from the current transformers are fed to the analog input
channels of ZigBee.

Power Measurement

In order to calculate power of a single phase AC circuit, the product of Root Mean
Square (RMS) voltage and RMS current must be multiplied by the power factor as
given in eq.3.3.

Pact = Vrms >kIrms* Pf (33)

Where P, is the actual power, V,,, and I,,; are the RMS values of voltage
and current and Py is the power factor.

The output signal of the current transformer completely depends on the nature
of the connected appliances whether the connected load is purely resistive,
capacitive or is inductive. In most of the domestic appliances, the output
waveforms are not pure sinusoidal as shown in the following graphs Fig.3.5
(a,b,c,d) for different loading conditions. From the graphs, it is inferred that zero-
crossing determination is difficult to measure for some of the appliances and
elimination of noise is not trivial. Moreover, it is not important for this application
to measure power with zero error.
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Fig. 3.5 Output Wave form of current transformer for different appliances
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Hence, in our work, instead of measuring power factor, we have introduced
correction factor to normalize the received power with respect to the actual power
based on the scaling factors of the voltage and current measured. The power consumed
by the appliances is calculated in the computer system after receiving voltage outputs
from corresponding current and voltage sensors by following eq. (3.4)

Pcal = Vact *Izwﬁ< Cj (34)

Where P., = Calculated Power; V,,= output voltage as given in eq.(3.1);
L. =current value as given in eq.(3.2); C= correction factor.

The term correction factor is introduced to calculate power accurately by the
system. The correction factor is the ratio of actual power to the measured power.
Correction factor is required for the power measurement for some loads.

This correction factor can be obtained by plotting graph for calculated power
against the actual power. Thus, the power is calculated in computer using CSharp
programming after receiving voltage outputs from corresponding current and
voltage sensors.

The prototype has been tested and results achieved for many household
electrical appliances are shown in the following section. Table.3.1 shows the
percentage error for all measured parameters with the corresponding references. It
is seen that the maximum error is less than 5% for the domestic appliances. From
the low percentage error of power, it has been decided that power can be
calculated without considering power factor.

Table 3.1 Percentage error of received voltage, current and measured power

Appliance Ref.  Vref  LRef  Mea  %Emor- Mea,  %Emor- Cal.  %Error-
Load (V)  (amps) Vol  Voltage Cur  Current Power Power
w V) (amps) w

Bb 5 2 0t 2 0 |0 | g 59 | 0T
Bb 3 28 06 20 |02 07 | g 3 461
Bb 5% 28 0% 1 0 07 | am 6B 480
Bb T 29 02 2 00 a8 038
Bb %8 25 04 29 | 04 092 | gy %8 | 18
Healer 401 26 173 25 040 18 gy | 405 | 282
Hesler 755 25 341 22 | QA 345 | age | 8191 |38
Hesler 1155 24 515 23 QA 516 |ggg | 114523 |08
Testr 81 26 349 26 L0 |3% g %607 | 025
Tetr 665 24 290 25 | 043 213 | g 6572 | 084
Hester 78 26 31 237 0| 291 g 7031 | 408
Hesler 127 2% 519 2% 040 505 g | 2 | 208
Heater 1902 209 817 234 |03 |78 | 4y 1869 | 474
Kele 185 283 872 233 0 (818 |y 19172 | 390
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Control of Home Appliances
The current work is novel in terms of other reported literature due to its control

features.

Smart Power Metering System Integrated with Traic

For switching on/off of the electrical appliances, we have used a triac-BT138. This
enables the consumer for flexibility in controlling the devices: The users
(inhabitants) have the options of switching the device on/off in three different

ways:

)

ii)

i)

Automatic control: Based on the electricity tariff conditions, the
appliance can be regulated with the help of smart software. This
enables the user to have more cost saving by auto switch off the
appliances during the electricity peak hours. The electricity tariff is
procured from the website of the electricity supply company and is
updated at regular intervals.

Manual control: An on/off switch is provided to directly intervene
with the device. This feature enables the user to have more
flexibility by having manual control on the appliance usage without
following automatic control. Also, with the help of the software
developed for monitoring and controlling user interface, user can
control the device for its appropriate use. This feature has the higher
priority to bypass the automatic control.

Remote control: The smart power monitoring and controlling
software system has the feature of interacting with the appliances
remotely through internet (website). This enables user to have
flexible control mechanism remotely through a secured internet web
connection. This sometimes is a huge help to the user who has the
habit of keeping the appliances ON while away from house. The
user can monitor the condition of all appliances and do the needful.

Thus, the user has the flexibility in controlling the electrical appliances through
the developed prototype.

Fig.3.6 shows the electrical sensing system Graphical User Interface (GUI)
running at the base station. The fabricated electrical sensing system has distinct

features:

)

ii)

Use of Triac with opto-isolated driver for controlling electrical
appliances. Household appliances are controlled either remotely or
automatically with the help of a fabricated smart sensing unit consisting
of triac —-BT138 (NXP Semiconductors, 2001).

No Microprocessor/Micro-controller: The design of the smart sensing
unit does not require a processing unit at the sensing end
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iii) Flexibility in controlling the appliances: Depending on the user
requirements, appliances can be monitored and controlled in different
ways.
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Fig. 3.6 Electrical sensing system GUI running at the base station of the WSN

The same fabricated electrical sensing systems are connected to various
household electrical appliances to recognize the basic ADLs of an elderly person.
Fig.3.7 shows the different electrical domestic objects connected to the fabricated
sensing systems.
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Fig. 3.7 Fabricated Wireless Electrical Sensing Systems attached to various Household
Appliances
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3.3.2 Type #2 Non-electrical Objects Sensing System

The non-electrical household objects such as the single bed, chair, toilette and sofa
are monitored using an ultra-thin, flexible and non-obtrusive Flexi Force sensor
(Flexi) (Tekscan, 2010). The force sensing system is indigenously designed and
developed at our laboratory. Fig.3.8 shows connection of the force sensing system
to domestic objects such as Bed, Couch, Chair and Toilet.

Fig. 3.8 Fabricated Wireless Force Sensing Systems Connected to Various Domestic
objects



66 3 Design and Deployment of WSN in a Home Environment and Real-Time Data Fusion

Based on the analog values received at the coordinator from the force sensor,
the data acquisition system can recognize the usage of these devices as active (in
use) or inactive (not in use). The detection and measurement of the relative
changes in force sensor values when the use/no-use is of the object is realized at
the base station (sink). The software program running at the base station identifies
the analog force values received at the base station (sink) and trigger the usage
activity based on the threshold values of the respective sensing systems.

3.3.3 Type #3 Contact Sensing System for Domestic Objects

The domestic objects such as self-grooming table, fridge door are connected using
fabricated wireless contact sensing systems. Fig.3.9 shows the fabricated contact
sensing system connected to a grooming table to identify the appliances usages.
The corresponding usages of objects are identified at the base station based on the
ON/OFF values.

Fig. 3.9 Fabricated Wireless Sensing Systems attached to doors of Grooming table cabinet
and Refrigerator

3.3.4 Type #4 PIR Sensing System for Movements Monitoring

The Passive Infra-Red (PIR) motion sensing system is designed to detect
movements within coverage of the sensing system. These are tiny, cheap, of low-
power consumption, flexible and long lasting. They are often referred as "IR
motion" sensors. This unit works from 5V to 12V.and can be interfaced with
XBee. The PIR sensors provide a binary state output either “ON" or “OFF".
Fig.3.10 shows the interface connection of PIR with XBee module and the
fabricated wireless PIR sensing system.
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Fig. 3.10 Fabricated Wireless PIR (motion) Sensing Systems

The deployment of a large number of sensing systems in the house to track the
person will be costly and it may be difficult to convince the elderly person of its
benefits. It is beneficial to use a restricted number of movement sensing systems
to determine the physical location of the person at real-time. A limited number of
movements sensing systems installed in an unobtrusive manner have been used in
this research to know the location of the inhabitant, simultaneously supporting the
wellness determination indices. The PIR sensing movement’s data analytics is
presented in chapter.6.

3.3.5 Type #5 Environmental Parameters Monitoring Sensing
System

The fabricated environmental wireless sensing system measures the ambient
temperature, humidity and light intensity inside the home at various locations.
Fig.3.11 shows the fabricated environmental sensing system. The system can
monitor and control sensing system based on the environmental conditions very
efficiently.

The graphical user interface of the environmental sensing system is developed
to offer manageable interface for the user needs. Fig.3.12 shows the GUI of the
environmental sensing system at the base station.
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3.3.6 Type #6 Physiological Parameters Monitoring System

The human emotion recognition module consists of physiological sensors, a signal
conditioning circuit, a C8051 (Silabs) microcontroller (C8051F34X Data Sheet,
2010) communication medium (XBee) and a computer for displaying and storing
the results. The IR LED, phototransistor, temperature sensor and GSR electrodes
are positioned on the top (external) of the container which would be in direct
contact with the hand as seen below in Fig 3.13.

Temp
Sancor Hedrode 1 —'

Elactrode 2 l

Heartrate ™~
Sensor

Fig. 3.13 Wireless Physiological Parameters Monitoring System

The classification of different emotions is performed on different data set of
classes aiming at distinctive emotions. K-means clustering’s performed on the
data collected from the features for distinguishing the emotions. This technique is
a form of unsupervised learning that helps to find the intrinsic constitution in the
data. It clusters different people’s skin temperature, heart rate and GSR values to
classify them into appropriate emotions like Happy, Sad, Neutral and Stressed.
The centroid converges to a local optimum of the cluster to specify the number of
centers. The Smart Sensing System for Human Emotion and Behaviour
Recognition consists of two parts, can be used together or separately. In one
system a wearable device has been developed to monitor physiological parameters
(such as body temperature, heart rate, body conductance etc.) of a human subject.
The system consists of an electronic device which is worn on the wrist and finger,
by the person. Using several sensors to measure different vital signs, the person is
wirelessly monitored within his own home in a smart home.

Based on the measured physiological parameters, the emotion of the person
such as happiness, sadness, stressed situation etc., are determined. Depending on
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the situation the system can set off an alarm, allowing help to be provided to the
person, if necessary.

In the second system, the design intricacies and implementation details of a
wire-less sensors network based safe home monitoring system targeted for the
elder people to provide a safe, sound and secured living environment in the society
has been targeted in this research. The system is designed to support people who
wish to live alone but, because of old age, ill health or disability, there is some risk
in this, which worries their family or friends. The system works on the principle of
using wireless sensor units to monitor the appliance throughout a house and detect
when certain desired electrical as well as non-electrical appliances such as bed,
toilet, water-use etc. are used for their living. A central controller unit queries the
sensor units and logs the data into a PC at a pre-defined rate. Communication
between the Sensor Units and the controller is using radio-frequency wireless
media. Based on the Sequence of the sensor events the behaviour and the wellness
of the elderly is determined

3.3.7 Human Emotion Recognition System

The human emotion recognition module consists of physiological sensors, signal
conditioning circuit, a C8051 Silabs microcontroller, communication medium
(Zigbee unit) and a computer for displaying and storing the results. The Human
Emotion detection system consists of a box which has a microcontroller, a Zigbee
module (router) and signal condition circuits residing inside while the IR LED,
phototransistor, temperature sensor and GSR electrodes on the surface which
would be in direct contact with the hand. The three physiological sensor units are
described in detail below.

Heart Rate Sensor: The heart rate sensor used in this project is based on the
concept of near infrared spectroscopy (NIRS). The reason for using this approach
is that near infra-red sensors are inexpensive, non-invasive, compact, reliable and
good for continuous monitoring. The custom made heart rate sensor consists of an
infra-red LED (OP180) with a wavelength of 940nm by Optek Technology and an
infra-red phototransistor (SDP8406) by Honeywell. A low power quad operational
amplifier (LM324) is used for the amplification of the signals. The heart rate
sensor requires 3.3V to operate which is provided by the microcontroller. The
output of from the sensor is a digital signal which is input into the digital port of
the microcontroller. The digital signal from the microcontroller is used to measure
beats per minute (BPM). The appropriate code is written in Silabs IDE which is
provided with the Silabs C8051 microcontroller. The program sends software ticks
every 10usec intervals. The frequency/minute is stored in K. The BPM_tick_value
stores the number of ticks between falling edges. The BPM is calculated by
dividing the frequency by the tick value.

Skin Temperature Sensor: Skin temperature is measured using DS600 analog-
output temperature sensor by Maxim - Dallas semiconductor. The reason for
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choosing this sensor is because it is in-expensive, has low power consumption and
has an exposed pad which will be in con-tact with the human skin for continuous
temperature monitoring. The DS600 requires 2.7-5.5V to operate which is
provided by the microcontroller. It provides an accuracy of £0.5°C over a range of
-20 to 100°C.The output from the sensor is an analogue voltage which is
proportional to temperature in °C and is given by the formula eq. (3-5)

T (°C) = (Vout - VOS) / (AV/AT), where VOS = DC offset, 509mV 3.5)
AV/AT = Typical output gain, +6.45 mV/°C

Galvanic Skin Response (GSR) Sensor: The galvanic skin response consists of 2
electrodes. One electrode is connected to 3.3V provided by the microcontroller.
The second electrode is connected to a 68K resistor and 100nF capacitor. The
output from this circuit is a voltage which enters the analogue input of
microcontroller and displayed on the screen.

3.4  Networking Wireless Sensing Systems

The developed sensing systems do not need any complex processing requirement;
hence there is no need to consider a microcontroller at the sensing node. All of the
research tasks related to the wireless communications are designed using the ZigBee
(XBee) IEEE 802.15.4 protocol (referred to as XBee Series 2). The XBee can be
interfaced to collect the sensing data and transmit directly to the base station (sink).
The XBee is radio module manufactured by digi.com and follows the ZigBee
protocol. The technology defined by the IEEE 802.15.4-2003 (ZigBee standard) is
simple when compared to other wireless personal area networks such as Bluetooth.
The use of XBee is for radio frequency applications requiring short-range, reliable,
secure and high data rates (Chaudhari, 2011) (wikipedia.org, 2011).

The XBee operates with 3.3V and uses 40mA. The XBee pins can be
configured as Analog Input or/and Digital Input / Output (digi.com, 2011). It is
possible to send the measured sensor data through the I/O pins of XBee to the
central computer without the need of a microcontroller. The processing of sensor
data needs to be done at the central controller (base station). XBee provides up to
250 kbps of data throughput between nodes on a Carrier Sense Multiple Access
with Collision Avoidance (CSMA/CA) network. XBee provides a reliable
mechanism for transfer of data between the network nodes.

3.4.1 Advantages of XBee Modules

The XBee utilizes the IEEE 802.15.4 protocol which implements:

e Error Detection: Error check sum procedures are implemented for receiving
data correctly.



72 3 Design and Deployment of WSN in a Home Environment and Real-Time Data Fusion

e Media Access: Any two wireless sensor network modules do not transfer the
data simultaneously which causes data collisions and errors in transmission.
This follows a clear frequency calculation for the right to be established for
data transmission.

e Acknowledgements & Retries: Reliable data transfer is followed to make
sure the recipient network node receives data otherwise several retries are
established.

e  Addressing: Various addressing schemes are available such as point to point,
point to multi point so that only the network node intended to receive the
data will be active.

3.5  Topologies of Wireless Sensing System

The wireless sensing systems comprise a set of sensing nodes. A sensing node
links to another sensing node if it is in the radio range, (i.e.,) it directly interacts
with another sensing node. A raw technique for message transmitting among the
sensing nodes called “flooding” can be applied in WSN for transmission of data to
longer distances (Al-Karaki & Kamal, 2011). In flooding, whenever a sensing
system receives a message, it transmits the message to its adjoining sensing nodes
(i.e., sensors nodes within the radio range). Nevertheless, this easy method is high
energy consuming due to the huge amount of transmissions. In order to aid effective
messages transmission, the WSN protocols are set up into definite topologies.
Network protocols for WSNs pursue several techniques based on the desired trade-
off between communication expenses and sturdiness. There are three main types of
topologies: the tree-based topology, the multi-path-based topology and the hybrid
topology. In tree-based topologies, every pair of sensing system interacts through a
single path (Conner, Chhabra, Yarvis, & Krishnamurthy, 2003). This minimizes the
transmission expense, but is very responsive to packet loss and sensing system
breakdowns, which occur often in WSNs. Particularly, when a broadcast or a
sensing system fails; the data from the matching sub-tree are misplaced.

Alternatively, multi-path-based topologies permit a message to spread through
multiple paths until it reaches the base station, so that even if it gets misplaced in
one path, it is able to effectively deliver through another one. The trade-off is the
elevated communication expense and probably replicated results compared to the
tree-based approaches. Hybrid techniques systemize part of the WSN (e.g.,
depending on sensing system with stable communication links) using a tree-based
topology, and the remaining according to a multi-path technique.

In a network set up with high link quality, trees are preferred than multi-path
topologies because of their energy efficacy. Alternatively, if the network is having
problems such as low link quality, it is better to use a multi-path-based topology
for strength. Typically, trees acquire no duplicate data transmissions, as contrary
to multi-path based topologies. In this research, the fabricated sensing systems are
configured in the form of mesh topology, so that reliable data communication is
achieved.
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The Quality of Service (QoS) in the configured mesh topology in terms of
reliability and throughput in transmission of sensing information are given in
sections.3.12.2 The XBee modules for the sensing systems are configured using
"X-CTU (XBee Configuration and Testing Utility", a program provided by the
XBee manufacturer) (digi.com, 2011).

A sensor data collection program is developed and installed on the computer
that can read the serial data, store and further process the data according to the
application. Fig. 3.14 shows the screenshot of a remote sensing system XBee
module configuration.
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Fig. 3.14 Screenshot of the remote ZigBee (XBee) Module Configuration

3.6  Placement of Different Sensing Systems in a Home

The fabricated sensing systems are deployed at an elderly person’s home to assess
the performance characteristics of the wireless sensing systems. Fig. 3.15 and 3.16
show the 2D view and 3D view of the house with domestic objects and placement
of the sensing systems at different locations of the house.
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Fig. 3.15 2D-View of the house and the placement of different Sensing Systems

Fig. 3.16 3D-View of the house and the placement of the domestic objects
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3.7 Required Number of Sensing Systems at an Elderly Person
Home

The basic ADLs of an elderly person are monitored throughout the day (i.e., 24
hours duration) and the lifecycle of the elderly is reflected in the usages of the
household objects detected by the sensing systems. Fig. 3.17 shows the GUI
indicating the frequency of the domestic objects usages.
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Fig. 3.17 GUI of the HMS displaying the frequency usage of various domestic appliances

Based on the following Eq.3-6 the frequency (1) of a particular sensor type in
the home is determined.
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Where
loc = specific location in the house
¢ = sensor type
s.=set of sensors of a particular type c
fr(s) = frequency of sensors over a time period T=,
Table.3.2 indicates the frequency of household object usages at an elderly
house. During the trial of the HMS it was identified that the storage room sensing
system is of less importance.

Table 3.2 Frequency of Sensor Usages

Room Sensor Connected to | n
Type Type Device Trail Test
Living Force, Couch, Chair, 0.03, 0.03,
Electrical TV, Heater 0.05, 0.04,

0.05,0.1 0.03,0.1

Kitchen Electrical Microwave, 0.05, 0.04,
Toaster, 0.05, 0.06,
Kettle 0.02 0.00
Sleeping Force Bed 0.26 0.36
Wash Room Force Toilette 0.38 0.34
Stowing room Contact Cupboard 0.02 0.00

Fig 3.18 shows the block diagram to determine minimum number of sensors
needed for an elderly.
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Fig. 3.18 Block Diagram Showing the Required Number of Sensing Systems for
monitoring the behaviour of an elderly person

3.8 Computer Based Data Acquisition Systems

There has been a recent explosion in the field of “Smart Home Sensing/Ubiquitous
Computing for near-real time sensing of an individual's activity or environmental
context. Most current sensor-driven context-aware applications are “episodic' they
are activated by the user intermittently, and for short durations. Continuous
execution of sensing applications thus requires advances in both the acquisition
and processing of such sensor data, so as to reduce the energy overheads. There
are two distinct scenarios where the act of acquiring the sensor data streams, from
the sensor sources constitutes a dominant component of this energy overhead, and
involves the use of a Personal Area Network (PAN) or wireless LAN technology.
There is a growing interest in applications that utilize continuous sensing of
individual activity or context, via sensors embedded or associated with various
electronic devices. Reducing the energy over- heads of sensor data acquisition and
processing is essential to ensure the successful continuous operation of
applications, To achieve this goal, where the data is typically streamed (pushed)
from the sensing devices based on a combination of a) the communication cost &
selectivity properties of individual sensor streams. Sensing Systems offers a wide
range of data acquisition systems specifically tailored to fulfil the requirements of
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any monitoring application. Monitoring and data acquisition systems vary in scope
from very simple to very complex installations including hundreds of
measurements.

The sensing systems designs sets up and install monitoring systems of any size
and complexity. We install Sensors, Software and Setup the complete system to
acquire, store, save, analyze and display Sensing data. We also install
communications hardware and software to allow any data acquisition system to
communicate and transfer data with a remote computer.

Sensing Systems utilizes state of the art computer based data acquisition
systems. Data may be acquired and submitted in different formats for further
review and analysis. Filtering may be performed during acquisition or digitally
following data acquisition Systems provides turnkey systems to accomplish any
desired measurement task including acquisition, storage, transmission, display and
analysis.

Sensing Systems installs any type and number of sensors. All of our sensors are
capable of communicating or interfacing with computer based data acquisition
systems. Sensing Systems provides the hardware (“black boxes”) and acquisition
software to interface any sensor to PC based systems. Sensing Systems installs
permanent monitoring systems in the field or in the laboratory. Implementation,
planning and installation of permanent systems require a clear understanding of
the project objectives. Data acquisition equipment selected for permanent systems
usually incorporates communications capabilities using telephone connections or
wireless systems for downloading data to computers at the customer facilities. Our
acquisition systems have been left to operate unattended for years at a time while
being able to download data to a remote computer using telephone lines. This
setup is especially desirable when the location of the monitoring equipment is in a
remote or inaccessible location. Portability: Many applications require that testing
be performed on a moving platform such as automobiles, bicycles, park rides, etc.
The test planning and execution phases must pay special attention to power
requirements, test duration to ensure a successful outcome. Data Loggers: Sensing
Systems has setup and interfaced data loggers to all types of sensors for
continuous data acquisition and monitoring of test and process variables.

3.9 Real-Time Heterogeneous Sensor Data Fusion

The WSS obtain samples of the environmental parameters at different time
periods and the data from the WSNs are called “streams”. There exist two query
models in WSNs for sensor data collection: push-based and pull-based (Kapadia
& Krishnamachari, 2006) (Liu, Huang, & Zhang, 2004). In the push-based model,
the user records a constant query at the base station. The query is executed at the
base station during which the sensors constantly produce the outcomes that gratify
the query.

This model is a very popular and realistic one in WSNs. A standard query over
the WSN comprises the following information: (i) The sampling rate: how
frequently the sensors take samples, e.g., once in a minute, (ii) the pretentious
features: which attributes should be considered as a sample, e.g., ambient
temperature, humidity etc., and (iii) restraints on the returned values: filtering out
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unwanted values. For the pull-based model, a snapshot outcome is returned for a
query. Especially, a query is circulated into the network. On receiving the query, a
sensing system returns its present reading. After the base station receives all the
responses, it produces and returns the ultimate outcome at the present time stamp
to the user. The major variation between these two models is that the push-based
one gives back a stream of results, while the pull-based one gives back only one
outcome which is the snapshot of the present network status. In the present
research study the push-based query model is followed wherein the queries are
recorded at the base station to retrieve the sensor data from the sensor database for
efficient data processing.

The wireless sensing systems of the home monitoring application generate huge
amounts of data set. The absolute number and size of the data set required to
control the real-world application (home monitoring) require a more dense
depiction of data progressions than the crude numbers itself, and applicable
depictions have to be considered. The user interface of our developed system
provides connections to the sensor network for capture of sensor data in real-time.
Processing the corresponding sensor icon will be highlighted to display if the
connected household appliance is active. At any point of execution the activity of
the elderly person can be known by viewing the front end of the system. Captured
raw sensor data are stored in the computer system in the form of event-based
activity (i.e.,) when status (active or inactive) of the sensor is changed.
Fig.3.19(a,b) shows the robust supervisory and control system and the
corresponding user interface:
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3.10 Software System for Sensor Data Acquisition

The interpretations of fusion of WSN data were implemented for the start of the
Internet of Things (IoT) framework modeling. The reasons for using WSN with
IoT are 1) low-cost, ii) long-term adaptable sensing and actuation abilities, and iii)
dispersed resilient communications in the framework.

The IoT framework is capable of supporting i) real-time sensor data acquisition
directly from sensing systems or able to retrieve the data from the databases in
near real-time, ii) easy handling of real-time data analysis logic methods that
process the streams of sensor data in the form of raw data processing and iii)
Recognizing anomaly events on the sensor streams, and sending the outputs in a
scalable manner to a visualization process.
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The home monitoring software system consists of the following programs:

i) A Real-time heterogeneous sensor data fusion program coded using
C#

ii) MySql scripts for handling/managing the near real-time sensor data
storage on the data base server.

iii) PHP scripts, JGraph scripts and Ajax programming codes for near
real-time sensor data display on the web application.

iv) A Sensor Activity Pattern matching process for inhabitant behavior
recognition coded using java language.

V) Database replication procedures using MySQL scripts for connecting
multiple home monitoring systems through internet and Open-VPN
software.

3.11 WSN Data Storage Mechanism

Some applications do not require a base station (sink) to collect the sensors’ data.
In such applications, the nodes form a WSN as they do not have a base station. In
order to gather data, scientists drive a vehicle with the data gathering equipment
through the monitoring region. During the lifetime of the network, the nodes store
the values until they are dealt with by the collector. There are two major
confrontations for such applications: i) due to the restricted storage capacity,
sensors memories at node end may run over and ii) workload may differ on
various areas of the network, e.g., sensors in the areas with frequent activities will
produce more data than those in areas with few activities. These matters raise
challenges on how to amass data consistently in each node, and how to get back
pertinent data in various parts of the network with low cost. The technique splits
WSN storage methods into two categories: centralized and decentralized. In the
centralized storage, data are preserved on the node that generates them. As an
example, in TinyDB, (Ganesan, Cerpa, Ye, Yu, Zhao, & Estrin, 2004) (Albano &
Chessa, 2010) (Wang & Yongcai, 2010) to carry out some kinds of collective
queries, sensors may preserve a small set of data locally. This approach is not
appropriate for a set up with recurrent burst activities as they rapidly use up the
valuable memory resource. A common decentralized storage approach is the data-
centric storage. In data-centric storage, the area to store a piece of data is
examined by a set of attributes of the data. The benefit of this method is that the
associated data could be stored together. Complicated algorithms are required to
find out where a piece of data should be stored so as to balance the storage
expense of all nodes. The data-centric storage scheme is regarded as the energy
expense technique for storing and obtaining data in WSNs. Assuming that a piece
of data d is produced by a sensing system ssrc and is stored at sensing system
sdest. The complexity of storing data comprises of three components: (i) Reading
data from the memory of ssrc, (ii) broadcasting data to sdest, and (iii) writing
data to the memory of sdest. The total expenditure of getting back data contains
three components: (i) Routing the recovery request to sdest, (ii) reading data from
the memory of sdest, and (iii) giving back data to the base station.
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The above-mentioned two approaches are not suitable for the present WSN
home monitoring systems. Captured data are dynamically changing and
demanding fast, real-time response time for recognizing the behaviour of the
elderly person. To analyze the sensor data, an efficient process of storage
mechanism of sensor data in the computer system has been executed. Issues like
storage requirements for continuous flow of data streams and processing of data to
generate patterns or abnormal events in real time have been effectively dealt with
in the current system.

Since there is a continuous in flow of sensor streams, storage of the sensor data
in the processing system is done only when there is a change in the sensor events.
Event based storage (i.e.,) when status (active or inactive) of the sensor is changed
then the sensor fusion data is recorded. This is a most efficient technique, as it
reduces the size of storage to a large extent and more flexible for processing of
data in real time. Event monitoring collection of data has enormous benefit over
continuous flow collection of data in terms of the amount of data storage and
processing of data in real-time applications like home monitoring. Fig.3.20 shows
the advantage of the event-based storage mechanism in relation to the continuous
storage mechanism.
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Fig. 3.20 Continuous Data Storage vs Event Based Storage Mechanism

3.12  Query Processing Mechanism for the WSN Data Stream

Another appealing and significant research direction in the WSN data management
is that of well-organized data processing and analysis, and a significant amount of
effort has been dedicated to it with supporting different types of complicated queries
at the base station (sink) of WSN home monitoring system.
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The incorporated methods are the SELECT * queries. In the following
paragraphs, a framework that enables the development of a range of complicated
processing applications in the home monitoring sensor network is presented.
Although most of the data series symbolically treat every point of the data series in
an equal manner, there are certain WSN applications for which the time position of a
point brings in the variations of the reliability and its estimation (Kim, Fonseca, &
Culler, 2004) (Gu & Stankovic, 2006). This would signify the most recent data with
low error, and would be more lenient of variations in previous data. The
trustworthiness estimation of variation reduces within a period; hence, it needs less
retention of data from the recent past measures. For instance, the environmental
observation and forecasting system functions is a method that permits for some
sensors only discontinuous connections to the sink (via a repeater station that is not
always handy). It is required to identify the extent of deviation allowed for every
point in the approximation of the time series. In order to accomplish this objective, a
function which gives back the acceptable estimated variation for every point of the
data series is to be defined. It can be observed that the function can be either relative
or absolute functions. A relative estimation function finds out the relative error and
can tolerate for every point in the time series (e.g., can indicate that the estimate of a
point is twice as old, and can accept twice as much error). Alternatively, an absolute
function identifies, for every point in the data series, the maximum allowed variation
for the estimation, which is beneficial while an application need assurance for the
estimation of the data sequences.

The estimation functions permit the use as much memory as required so as to
meet the error boundaries. Additionally, the concept of contextual time windows
is needed in the estimation function (Time Series Analysis, 2011). The sliding
window is the window that consists of all the values of the data series (from a
given time point) up to now (Keogh, Selina, David, & Michael, 2004). The sliding
window model is more suitable for adaptability contexts. Contrary to the
estimation and sliding window concepts, the usage of wavelets to symbolize data
streams is proposed (Keogh, Selina, David, & Michael, 2004) (Gama, Pedro, &
Eduardo, 2010). An efficient, online approach for incrementally keeping up the
present sensor data stream representation is required. The bias to the most recent
values can be considered as similar to an estimation function, whose form in this
particular case is dominated by the categorized property of the wavelet variation.
This concept is biased towards the more current values.

In order to efficiently process (query processing) the WSN data in the present
research study, the WSNs set-up data storage that can be taken into account as a
database that comprises two sets of data schema: sensing meta-data schema and
sensing data schema. Sensing meta-data schema refers to information about the
sensing system, such as the sensing system identifier, settings, and other substantial
traits. Sensing data schema are measurements gathered from the sensors over a
period of time. In order to decouple the estimation of the time series from a specific
dimension process or based on user-input to identify how the memory will be used
for the variation estimations, efficient data mining techniques have been applied
where the major objective is to have a model for time variation designs in a data set.
More details are presented in the sections 5.4.1 to 5.4.4.
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This research describes solutions for the online algorithms (human behavior
recognition) that use linear and exponential_estimation models. When a new point
is obtained, the algorithms inform the estimation model in sub-linear time on the
number of linear sections. It has been observed that the novel methods can be
performed in a very effective way at the base station.

The meta data schema form a “relational table” Sensor_db (sensing system ID,
Date_Time, Channel_no, Sensing_value) at the base station, where sensing system
ID signifies the ID of a sensing system as Date_Time records the time stamp, and
Channel_no stores the origin of the data from a sensing system, and the sensing
value provides the corresponding sensed value. The sensing data schema values
are produced by sensors at each time stamp. The present database system pursues
a sequence model set up to entrench each reading with the time stamp when it is
produced. Given a set of tuples imbedded with time stamps, a time series of the
readings is built by sorting the records based on the time stamps.

The database consists of a Structured Query Language (SQL) declarative
language. As an instance, a query is identified in the following form: The
“SELECT” clause indicates that the sensing sample has a specific attribute and
gives back only those readings falling within range. The clause “WHERE”
indicates the sensing that are affected by the query. Another clause “from (table)”
is an expression used to represent an incessant query where each sensing should
give back a sample every period of time from a specific table of the database. The
present database design supports aggregation (time window) queries based on time
windows. The data produced by the sensing system form a single intangible table
called sensors_db. Each type of measurement, such as electrical sensing
parameters, force sensing, movement monitoring, ambient readings temperature,
humidity or light strength, forms a topic in sensors_db. A tuple consists of the
models of various measurements obtained by a sensing system at a single time-
stamp. Recently obtained tuples are added at the end of sensors_db. A query in
database comprises of “Select”, “From”, “Where” and “Group by” clauses.

Sensing system information will be ultimately directed to the data sink via a
multi-hop networking architecture (mesh topology). Each tuple of the stream
consists of a time stamp concerning the time it was generated. The base station
openly scrutinizes the readings of a chosen portion of sensors, which report their
analysis to the base station. The base station scrutinizes the variations on chains of
nodes. As per the topology of the network, the base station is able to get each
sensing system data for analysis from the readings of the directly observed sensing
system and the chained variations. Due to the spatio-temporal interrelation, the
readings of adjoining sensing systems are stored in the database.

In order to encapsulate diverse requirements, the home monitoring system
submits queries at the base station. The query language is declarative and similar
to SQL. Making sensing systems work in cycles is a general way for data storage
in WSNs databases. Within a cycle (sampling rate), it collects measurements from
the setting, receives data from other sensing system transmitted data to the WSN
coordinator:



3.13 IoT Framework 85

3.13 IoT Framework

Wireless Sensor Networks (WSN) based data fusion interpretations were
implemented from the start of the IoT framework modelling. The reasons for
using WSN with IoT are i) low-cost, ii) long-term adaptable sensing and actuation
abilities, and iii) dispersed resilient communications in the framework.

Key Modules of the IoT Framework Implementation

Availability of Internet Everywhere: Providing internet facility is a financially
costly resources and it may be extremely valuable proposition to think of the
internet for other applications. The internet connection is the backbone for IoT
framework and can be used to transmit the sensing data collected from widely
distributed regions such as measurement of environmental parameters.

Design and Development of Smart Sensors and Measurements techniques for IoT
Smart sensing systems that interconnect everyday home systems and their
environmental monitoring systems can be designed and developed for IoT
framework. For effective transmission and high throughput of data across the WSN-
IoT framework, the measurements of smart sensor data types, number of sensing
channels, and the sensor data sample intervals are to be optimally configured. Most
applicable network protocols followed in WSN is the IEEE 802.15.4 (ZigBee) or
6LowPAN for effective and reliable communications. ZigBee was designed for use
in local networks such as home automation environments. However,
ZigBee/6LowPAN does not directly communicate with servers on the Internet
without proper integrating mechanisms. Remote management and controlling of
ZigBee/6LowPAN based devices over the IoT can be mechanized by following
certain architectural design strategies of the IoT gateway. Smart Sensor Data Fusion
and data storage using cloud management for IoT framework:

One of the key functions of IoT framework is providing internet services based
on the data initiated from the smart things. The full potential and most viable
application of the IoT can be realized by the combination of ubiquitous smart
sensing systems with a cloud infrastructure. The advantage of the loT framework
with cloud computing is that it is highly scalable and offers flexibility in isolating
the logical structures and its associated costs. Sensing systems can link their
communications network and transmit the sensing data using a storage cloud
management mechanism. Efficient real-time data mining or artificial intelligence
tools can be provided for extracting useful information and translating into
corresponding knowledge base. Also, computer graphics developers can provide a
range of visualization software’s for viewing the real-time IoT data through web
applications. The integrated IoT and cloud computing infrastructures have the full
potential of remote monitoring and controlling smart sensing systems as services.
The data generation processes, tools considered and the visualization procedures
created during the application execution of IoT disappears into the background,
tapping the full potential of the IoT in various application domains. It can be
observed that the cloud computing infrastructure integrates the distributed smart
sensing systems by providing scalable storage, computation time and other tools to
build new IoT businesses.
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Data Analytics related to IoT

The IoT framework should be capable of supporting i) real-time sensor data
acquisition directly from sensing systems or be able to retrieve the data from the
databases in near real-time, ii) easy handling of real-time data analysis logic
methods that process the streams of sensor data in the form of raw data processing
or processed data using cloud computing facilities and iii) Recognize anomaly
events on the sensor streams, and sent the outputs in a scalable manner to a
visualization process [5]. The blend of IoT application and cloud computing
facility will harness the power of distributed computing without knowing low-
level details of creating reliable and scale application.

Challenges and Opportunities for IoT

Some of the major IoT challenges are privacy, data storage, smart sensing
instrumentation and measurements, data analytics, visualization of real-time data in
the IoT enabled application. Apart from having robust cloud computing facilities,
the challenges related to WSN such as the optimal number of sensing devices
required for monitoring applications, energy harvesting techniques for long term
active of sensor nodes, security of the sensor data, protocols to be considered for low
power consumption, optimum data compression and Quality of Service (QoS)
persists in the design and deployment of IoT framework in the present business
situation. In the near future, the smart things should be easily deployed in the form
of plug-n-play in any context using the IoT framework. The internetworking
mechanisms of smart things in the IoT framework are crucial with respect to
standardization of communication protocols. It may be mentioned that to safeguard
everything in the future, electrical power, computing systems and the internet should
be ensured fail-safe operation that may be a huge challenge. Additionally, changing
dynamics in the global economy can look into the issues related to security, misuse
of data/information and formulate appropriate protocols.

3.14 Results

The performance analysis of the deployed home monitoring systems at the elderly
homes is investigated with the WSN parameters:

i) “Sampling Rate” of the WSS data fusion,
ii) Throughput of the WSN data fusion.

The “Sample Rate” corresponds to the number of sensed samples to be sent
from the sensing system to the sink (base station) for appropriate sensor data
processing. The data type of the received data at the sink (base station) is mostly
analog data. The Type#1, Type#2 and Type#5 sensing systems have Analog to
Digital Conversion (ADC) values sent to the base station for data processing.
Therefore, an appropriate sampling rate of the sensing systems is very much
required for the home monitoring system for efficient data analytics. Moreover,
the sampling rate has a direct impact on the temporal reasoning of the data.
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Table 3.3 Sensing Systems XBee Pin I/O Data Types
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Type of the wireless
sensing system

Number of]
Sensing
(I/0)
Channels

Sensing
Channels

XBee Pins
Configuration

Domestic object
electrical par’s:

Pin 20: ADC for

i)Voltage Voltage readings
Type #1: Wireless parameter, Pin 19: ADC for plugl
Electrical Objects ii)Current current readings
Sensing System 04 parameter of plugl, [Pin 18:ADC for plug2
iii)Current current readings
parameter of plug2, [Pin 17: DI for ON/OFF
iv)Digital Input for |control of appliance’
control of domestic
object
Type #2: Wireless
Non-Electrical Objects 01 Force Value Pin 20: ADC for force
Sensing System( Force readings
Sensing systems)
Type #3: Wireless
Contact Sensing 01 Digital Input of the [Pin 20: DI for contact of
System for domestic object contact objects
objects
Type #4: Wireless PIR Digital Input
sensing system for 01 indicating the Pin 20: DI for detecting
Movements movement within  |the movements
m()nit()ring its Vicinity
Type #5: Wireless Environmental Pin20:ADC for
Environmental Temperature, temperature readings
parameters monitoring Humidity, Pin19:ADC for
sensing system 03 Light Intensity humidity readings

Pin18:ADC for Lux
readings

" ADC: Analog to Digital converted value of the XBee module, DI: Digital Input.
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The sampling rates of the fabricated sensing systems for the home monitoring
application are formulated by following an engineering approach. Rather than
using an adhoc sample rates value, an experimental analysis is performed to derive
lower limit and upper limit sample rates of the sensing systems based on the
application parameters. Table 3.3 shows the XBee I/O pins configured for various
types of sensing systems.

3.14.1 Sampling Rates for Wireless Sensing Systems

An Analytical approach supported in determining better sampling rates for sensing
ADC values that deliver continuous sensing data. The following is the procedure.
Let the sampling rate (number of sensed samples to be sent from the sensing
system to the sink (base station)) be As. Based on the log of recorded ADC values
from the various electrical sensing systems, As is considered the most suitable
sampling rate in interval At. If As is the difference between two consecutive ADC
values; and As = max (As)then AS / A¢ Will provide the maximum rate of change

for the sampling rate of the electrical sensing system. The objective is to obtain
the best At for different electrical sensing systems of the home monitoring system

for better data analytics. As As / At 18 the requirement for the max slope:
Max rate of Change(S) = % = @2"1 =2"gF

Where: ‘n’ is the number of bits for the ADC conversion, ‘F’ frequency.
Assuming, Er to be the maxi tolerable error considered as a measurement of the
max range of the sensing signal. In practice, max error is considered to be 5%, and
the remaining 95% as accurate in receiving the signal therefore, Er=0.05.
Then the sampling rate (min) for the electrical ADC values is derived as:
. . . (AS | At) w nF
Sampling rate (min =Sr(min) = eron = 3pr = Br 3.7
In the home monitoring system application, the max rate of change for the
electrical sensing system is equivalent to sampling a 5S0Hz signal and the XBee
performs 10-bit ADC conversion to read the sensing signal. If the Er is considered

to be 5% then, St(min) = 207/ o = 3.1kHz .

To derive the sampling rate (max) = Sr(max), Er=27" is substituted in the
above equation to obtain: Sr(max) = 2"  F. The sampling rate for various sensing
systems is given by the equation:

(As | At)

As
< < — b
Er.20 Sr = At (3-8)

Table.3.4 shows the configured sampling rates for various sensing systems of
the HMS.
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Table 3.4 Sampling rates of the Sensing Systems

For Electrical sensing systems sampling rates:
(I/0 channels configured as ADC)

Electrical Sensing

system connected to Minimum sample rate Maximum sample rate
domestic objects
Room Heater 1 minute 10 minute
(1200 watts)
Microwave 1 secs 65 secs
Water kettle 1 secs 65 secs
Rice Cooker 65 secs 10 minutes
Television 1 minute 10 minutes
Room Heater 1 minute 10 minutes
(600 watts)
Refrigerator 1 minute 10 minutes
Toaster 1 secs 65 secs
Washing Machine 1 minute 10 minute

For Force Sensing Systems: : (I/O channels configured as ADC)

Force Sensing system

connected to domestic Minimum sample rate Maximum sample rate
objects

Bed 1 secs 65 secs

Chair 1 secs 65 secs

Couch 1 secs 65 secs

Toilet 1 secs 65 secs

For Contact and Movements monitoring sensing systems:
(I/0 channels configured as Digital I/P)
Contact and PIR sensing Whenever there is change in the digital
system sample rate I/0 Detection of the XBee
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Table 3.4 (continued)
For Environmental parameters monitoring sensing systems:
(I/0 channels configured as ADC)
Environmental .. .
. Minimum  sample Maximum  sample
parameter Sensing
rate rate
system
Temperature 12 minutes 22 minutes
Humidity 1 minute 6 minute
Light Intensity 1 second 10 minutes

3.14.2 Quality of Service factors of the Wireless Sensing Systems

The data from four electrical, four force, two contact, six pir and three temperature
sensing systems for the time period of three months was analysed to determine the
reliability, throughput and jitter of the wireless sensing system. A trial topological
testing was done with the configurations as shown in Fig 3.21(a,b,c). In order to
obtain experimental measurements, the sensing systems were configured such that
every 10 seconds a sample (packet) was sent. The arrival times of these sensing
system samples (packets) at the sink (base station) are recorded in the database.
The following are reliability and throughput results of the Wireless Sensing
System data transmission.

— ‘N/Hp
: %_% .
Base Station (Sink) or Coordinator . Router . End Device

Fig. 3.21 Mesh Topological Testing Setup
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Fig. 3.21 (continued)
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Fig. 3.21 (continued)

3.14.3  Reliability

The reliability of the wireless sensing system was determined by comparing the
calculated value with the amount of sensor information received correctly. The

Table 3.5 Reliability of the wireless sensor network data transmission for different hops
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difference between arrival times of successive sensing information gives the interval
value. If the time interval was greater or less than 10 secs then there was an error.
When the interval is less than 10 secs then the sample information received was
incorrect or duplicated and therefore was erroneous. The system was configured and
was running as a mesh network. If all the end nodes are within the range of the co-
ordinator, the system may operate as star network. Otherwise, hopping takes place. If
a node is used as a router (as well as node), then there is a small delay due to the
configuration and accordingly reliability drops. For a HMS, Mesh networking of the
sensing systems is the most optimal topology. HMS can have reliable data
transmission if there is hopping property among the wireless communication devices.
This is due to the fact that in real home environment there will be several obstacles
like walls and objects which may hinder the data transmission. This can be easily
handled with mesh topology Table 3.5 shows the reliability of the wireless sensor
network data transmission for different hops in the home monitoring system.

3.14.4 Throughput Measurements

The objective of the throughput measurement is to know the functionality of the
wireless sensing system in relation to the number of sensing systems and the
packet length for the transmission of sensing data. The throughput of the sensing
system is the amount of data sent from the sensing system to the sink in a given

Table 3.6 Wireless Sensing System packet lengths

Type of the wireless sensing | Number of Sensing Packet
system Sensing Channels Length
{/0) (Bytes)
Channels
Type #1: Wireless Electrical Domestic object electrical 28
Objects Sensing System 04 [parameters:
(Analog-3, [Voltage parameter,
Digital-1) |Current parameter of
plugl,
Current parameter of
plug2,
Digital Input for control of
domestic object
Type #2: Wireless Non-Electrical 01 Force Value 22
Objects Sensing System( Force (Analog-1)
Sensing systems)
Type #3: Wireless Contact Sensing 01 Digital Input of the 22
System for domestic objects (Digital-1) |object contact
Type #4: Wireless PIR sensing 01 Digital Input indicating the] 22
system for Movements monitoring | (Digital-1) movement  within its
vicinity
Type #5: Wireless Environmental 03 Environmental 26
[parameters monitoring sensing (Analog-3) [Temperature,
system Humidity,
Light Intensity
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time period (Hong & Viktor, 2004). As per the ZigBee protocol, the maximum
allowable packet length is 128 bytes (Ferrari, Paolo, Salvatore, & Marco, 2007).
However, the packet length for the respective sensing systems varies. Table.3.6
provides the details of the packet length for various sensing systems in the
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d home monitoring system.
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The throughputs of the various network topologies were studied for a period of
seven days. Fig 3.22 and Fig.3.23 shows the throughput of an electrical sensing
system placed in the real home environment.

The total number of bits in each electrical sensing system is 224 bits and the
interval to send the packets was set at 10 sec, theoretically, the throughput of each
electrical sensing system is to be 22.4 bits/sec. However, the typical (average)
throughput of the electrical sensing system is 21.8 bits/sec (97.4%). The likelihood
of the slight drop in the throughput may be interfering with the supplementary
networks such as Wi-Fi existing in the home. It was observed that the throughput
of the electrical sensing system was a linearly decreasing trend when the number
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of hops is increased in the network. However, as the numbers of packets sent from
the sensing system were enough in number (based on the sampling rates) there
was no loss of data in terms of event identification.

3.14.5 Database Statistics

In the beginning, the system was trailed for duration of four weeks at four
different subject houses. From March-2013, the system is continuously monitoring
one subject with some technical exceptions as presented in the limitation section
3.14. It is observed that on average 23 queries are executed per second, 1,405
queries per minute and 84326 queries per hour on the database. The maximum
percentage of queries executed on the database is of insert queries. The insert
queries are related to the insertion of sensor data into the sensor database from
wireless sensing systems. Fig.3.24 to Fig.3.28 shows the snapshots of the sensor
database runtime information on different dates. The snapshots are taken while the
system is continuously running for more than a month. It was observed that the
sensor data acquisition program is robust in continuously running without any
exceptions for longer period of time.Table.3.7 shows the top four percentages of
the queries on the sensor database.

Table 3.7 Top 4 queries execution on the sensor database

# Samples
Type of the |Percentages Type of the Sensing System inserted per
Query Second
Electrical Sensing unit (3Nos) 3*¥4 =12
PIR sensing unit (5Nos) 5%1=5
Insert 76% Temperature Sensing unit (1Nos) 1*3=3
Solar_Panel unit(3Nos) 3*%1=3
Total =23
Change_db 23% Change_db operation is for the backup of the
database
Select 0.5% Select operation is for retrieving the data from
the database tables and displaying on the
webpages
Set option 0.5% Set operation is for the setting the schedules on
the tables
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It is observed from Fig.3.24 to Fig.3.28 that the numbers of queries executed on
the database are consistent for the one month observation on the database. The
sensor database performs appropriate scheduling and triggering process so that the
fusion of data and storage operations simultaneously works efficiently. This
implies that the sensor data collection is reliable and the data acquisition program
is robust and efficiently executing. Fig.3.29 shows the offline analysis of the
percentage usage of household appliances. Fig.3.30. Show the comparison of bed
usages based on the force sensing system data.

X%
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Fig. 3.29 Percentage usage of Household appliances and the Elderly Activity Behaviour?

2BD: Bed; CO: Couch; FG: Fridge; DC: Dining Chair; TO: Toilet; AD: Audio; HT: Room
Heater, TR: Toaster; NA: No Appliance.
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Bed Usage Subject#1 Subject #2

Day 7

Fig. 3.30 Comparison of Bed Usages based on Force Sensing System Data at Different
Elderly Houses

3.15 Troubleshooting with XBee Modules

In most of the instances the XBee module did not open the coordinator module
configuration in XCTU software when the system ran for more than 90 days. A
significant number of XBee modules have been wasted due to this. While
neighbouring pins were used to access signals, in some instances the influence of
signals to the neighbouring signals was observed. In some situations it was
difficult to read digital input data. It was not completely clear whether the problem
was in reading the data at the input stage, or the problem was in the
communication or in the receiving stage. Though this type of problem was not
very common it happened when the system was running for long durations. The
sampling rate was set at a minimum of 20ms. The rate corresponded to a sampling
frequency of 50 Hz. This is quite low for many applications. Even with the sample
rate of 50 Hz the data communication did not take place properly when a few
sensor nodes were added in the system.
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The selection of baud rate was another issue. Though there are many available
baud rates for selection a low rate of 9600 bps worked very well. Usually in a
smart home environment with heterogeneous sensing units for different home
monitoring reasoning tasks, optimal sampling rates are required for proper data
transmission. Throughput is decreased with increase in obstacles between the
coordinator and the router devices. This may be due to collision of packet
transmission. Sometimes packets which are required of high priority are not being
received (Ex. Emergency push button signal packets). The XBee of push button is
configured with digital input. It requires multiple times pressing the button to
reach the coordinator. (Note: Emergency push button is part of the multiple
sensing devices used in the home monitoring system). Sensing devices with digital
I/O configuration require multiple channel allocation. Sometimes, the data
acquisition system will be able to recognize the digital signal only from the pins
configured from different channels. Proper exception handling mechanisms are
required for the sensor data acquisition system. The reason for this is that
extractions of bytes from the packets do not have corresponding data. If a single
radio module is used to configure consecutive channels for two different devices
to be interconnected then the ADC values are swapped (interchanged) when
continuously collecting the data for long durations of time. Frequent firmware
updates are required in order to module work effectively.

3.16 Limitations of the Developed Wireless Sensing Systems

» Sensing systems do not have any computational resources (i.e., no-
microcontrollers).

» The XBee radio component is the most energy-consuming. It operates the
functions of sending messages, receiving messages, and attending to the
transmission requests from other sensing systems. The wireless sensing
system data transmission mechanisms are taken care of by the standard
XBee protocol architecture.

» Due to drift with time, there is need of a dynamic threshold of the output
of the force sensor

3.17 Sensor Data Analytics for Wellness Determination of an
Elderly Person

The sensing systems designed for home monitoring to recognize behavior of an
elderly person require efficient sensor data analytics. This implies that software
methods require efficient design and development for processing the stream of
sensor data. Novel methods presented in this research provide a mechanism to
recognize the elderly person’s behavior in near-real time processing.

The wellness determination of an elderly person is obtained by following two
data mining approaches on the real-time fusion of sensor data: i) model driven and
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ii) data driven methodologies. The processing of sensor data streams is done at the
base station (data sink). The effective execution of the novel methods is realized
by responding to the queries and procedures formulated to run simultaneously
with the fusion of heterogeneous sensor data.

The target of the model driven data mining methodology is conceptually to
process queries on all data discerned by the fusion of WSN. The method basically
works on assumption models that encapsulate the interrelations that are present in
the WSN data. It can also be noted that sensor readings portray such interrelations
in a broad set of domains and applications.

In general, the procedures of the model driven methods are based on the prior
information of the application. During the early training stages of the model, all the
sensed data are gathered from the sensor nodes, so as to guide the probabilistic
models that are stacked up in the sink. After that, these models are utilized to assess
the sensed values, and they furthermore present probabilistic assurance on the
accuracy of the guess estimates. If the guarantee given by the models for these data
does not convince the exact requirements of the application, then extra authentic
data values from the sensors will be considered. This help to enhance the models to
the extent that the probabilistic guarantees assure the application requirements.

The model driven techniques can lead to important energy savings for the data
acquisition task. Nevertheless, by the nature of their methodologies, they can only
give probabilistic guarantees on the exactness of the data that the sink gathers, and,
therefore, no total bound on the estimates of error. The model driven data acquisition
methods work well for some applications such as environmental monitoring
parameters (humidity and temperature readings for Heating, Ventilation and Air
Conditioning (HVAC)) systems. However, there are certain applications, which
require high accuracy assurances such as scientific domains that need exactness. In
many scientific applications, it might also be the situation that the domain
professionals do not previously have a model of the data allocation they are using as
samples using the WSN, but are instead concerned in gathering accurate
measurements so as to develop a model. Certainly, WSNs provide an exclusive
prospect to scientists to monitor particular phenomena and develop models for them
at a size and level of intricacy that was not known earlier.

In the data driven data mining method, the assumption is made that the application
being executed at the base station permits for a minor acceptance in the correctness of
the described data sets. In distinction through the idyllic needs of the base station
attaining correct values, the exactness of these applications is not affected as long as
the reported values match closely with the past ones, and inaccurate values occur only
occasionally. However, in the medical care applications with regard to monitoring the
well-being function of older people, a major focus will be on monitoring the physical
and psychological aspects of the lifestyle of elderly people. A "Quality lifestyle" is a
period that is generally considered as a measure of daily living condition
(U.S.Department of Health and Human Services, 2011). Every single element of
daily living functionality needs to be evaluated regularly so that proper assistance can
be provided.

In the present research study, a combination of model driven and data driven
mining approaches is investigated for processing fusion of heterogeneous sensor
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data to recognize elderly behaviour in near-real time. The recognition tasks of
complex behaviour of an elderly person performed by the home monitoring
system using the above mentioned two approaches are realized as:

i)

i)

iii)

The first step towards the development of monitoring of well-being
of an elderly person is to identify the day-to-day activities of the
individual. The elderly person’s independent functioning can be
assessed by looking into the ADLSs recognition and its performance.
The recognition of the ADLs is done by applying a model driven
approach. The wellness determination process of the elderly in terms
of domestic appliances usages is performed by following a data
driven approach by implementing novel computational methods. The
details of the application are given in chapter 4.

The forecasting of the behavioural patterns of an elderly person from
the sensory observations is done by following a data driven approach
with modified time series analysis formulations. The details of the
operation are provided in chapter 5.

The process of matching the activity patterns of the sensors obtained
as a time series sensor stream for effective recognitions of the mobility
of a person is done with the conceptualization of data driven approach.
The details of the execution are provided in chapter 6.

Fig.3.31 shows the overall schematic representation of sensor data analysis
related to the wellness determination model of an elderly person in a smart home
monitoring environment. The recognition of basic ADLs and determination of
wellness of the elderly are described in the following chapters.

Home Monitoring 3 G Swstem

-

! i
[ I
: ADL, Behaviour Detection :
: Annotation (Wellness Determination) !
l A raa S :
-y, -y - -~
1 +° Data centric N /’ S\ s Sensor % :
: Probabilistic ,l (\ p1, B2, T ; (\ Activity 1 :
Y
: oo approach _»° '\ PN Pattern _’ :
! ]

Fig. 3.31 Block diagram of the elderly wellness determination process
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3.18 Chapter Summary

This chapter presents the intricacies of the real-time heterogeneous sensor fusion
for home monitoring systems. The design and development of the sensing
systems, the set-up of the wireless communication topology and the configuration
of Analog/Digital sensor data and the Input / Output data transmission were
described. The wireless sensor fusion of the in-house designed and developed
sensing systems with the optimal sampling rates of the sensor data were
exemplified. The numbers of sensing systems required for monitoring the basic
ADLSs of an elderly person were identified based on the investigation.

The results of the QoS parameters related to the wireless sensor network such
as reliability and throughput of the in-house developed sensing systems were
presented. The real-time collection of sensor data and the storage mechanism for
various data analytics were described. The developed home monitoring system
using WSN is robust, flexible and efficient and monitors the elderly person
activities at home in real-time. The reliability of the sensor data transmission is
measured as 98.2% and the throughput to be 97.4%. The present hardware and
software setup has enabled the home monitoring system to provide a framework
for the IoT paradigm.

The following chapters describe the sensor data analytics for the effective
elderly well-being condition monitoring, based on the present chapter hardware
and software set-up convolutions.
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Chapter 4

ADLs Recognition of an Elderly Person and
Wellness Determination

4.1 Introduction

The recognition of ADLs is not new to the AAL research field. In a survey for
assistive technology it emerged that the recognition of ADLs is ranked highest by
health caregivers in order to provide proper assistance to the elderly (Angelique,
Chetna, Rahul, Augustus, & Truls, 2013) (Knickman & Emily, 2002). With the
increased requirement for activity recognition, the researchers looked at different
methods for it. These methods are not similar due to the utilization of different
kinds of sensor information for categorization.

The researchers have put forward different methods to shape and identify
ADLs. Based on the ADLs performance the functional health quantification of a
person can be known (Secretary for Health, Office of the Secretary, U.S.
Department of Health and Human Services., 2011) (Wiener, Raymond, Robert, &
Joan, 2011). However, conventional contextual recognition of ADLSs research
have some shortcomings such as an individual way to timely oriented activities,
imprecision of identification and unawareness of a number of contexts parallel to
indistinguishable activity or situation. The existing methods (Szewcyzk, Dwan,
Minor, Swedlove, & Cook, 2009) (Cook & Parisa, 2009) (Wren & Munguia-
Tapia, 2006) assume that each person continuously acts on each single set of
ADLs in a pre-defined approach in domestic surroundings having greater ease of
supervision, which is contrary to the real circumstances. The ADLs executed
under watchful surroundings may differ with individuals carrying out actions in a
different manner. It makes the dependence on a catalogue of pre-defined actions
irrelevant because of the difference in inter-contents. Further, a single activity can
be executed in a different manner by a single individual, demanding different
approaches to pact with intra-subject inconsistency.

The selective tracking of pre-defined actions will completely overlook key
insights from other activities contributing towards the functional health of persons.
For example: Hayes et al. (Hayes, Pavel, Larimer, Tsay, Nutt, & Adami, 2007),
discovered a correlation between the disparity of entire activity level at home
and placid cognitive impairment where the activity level was confined to
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pre-programmed actions and was associated with the entire activity level in
supervised surroundings.

The tracing of a pre-described listing of actions requires ADLs labeling of a
greater level of training information which must be offered to data mining
algorithms. Every individual executes actions in a different manner due to varied
cultural, mental or physical lifestyles. Sample data requires gathering and
characterization for each person prior to the utilization of a learned model to
constantly trace individual actions and functional safety. The gathering and
labelling of sensor information in smart surroundings is a very tedious job.

The functional status of a person refers to an individual who can do certain
tasks within his lifestyle (Society, the Individual and Medicine, 2011)
(Wikipedia.org, 2011). The basic self-care tasks (e.g. preparing food, eating, self-
grooming etc.,) are especially essential, because they are classified as the basic
ADLs. The ADLs recognition program collects data from the sensing systems in
which each of the entity (domestic object) has related contextual information. It
organizes the disorderly data from the lowermost level into informative messages
of higher level by a systematic process to present the inhabitant (elderly person)
with a range of ADLs information.

4.2  Design of ADLs Recognition System

The ADLs recognition system design has the basic component of the contextual
information of the ADLs.

Sensor Event Level (0): This level contains a range of sensing systems located in
the AAL environment. These are mainly used to generate fundamental data to upper
level. It carries out the fusion of the heterogeneous sensor data related to the subject
information and sends the data to the contextual recognition level for categorization.

Context Recognition Level (1): This level extracts the information from sensor
data and, depending on the AAL set-up’s principal values of location (S), time (T)
and context (C), the situational information is derived for the identification of
Basic ADLs.

ADLs Recognition Level (2): Labelling for the Basic-ADL’s will be performed
depending on the contextual information and the status of the sensor stream.

Fig.4.1, shows the recognition of ADLs, it comprises a Sensor Event Level,
Context Recognition Level and ADL Recognition Level.

A greater number of researches are centred on consistent and competent
recognition of ADL’s. ‘Dense sensing’ is one the most popular detection system
which gathers sensor information from various objects instead of depending on
visual based engines. Many distinctive objects like kettles are marked with
transponders or wireless sensors that send out data to a server through RFID
reader when object is contacted or utilized. Comprehension of sensor information
for various actions corresponding to sequential models adhering to customary path
of implementation becomes much easier.
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Fig. 4.1 ADL recognition system structure

Tasks can be performed by different approaches for a specific sensor event
misplaced by difficulties in information transfer. Example: the decision of a
person to avoid milk or sugar in his/her tea which is unusual is considered as
missing sensor event. The Hidden Markov model is employed to perform task
recognition. Wilson suggested an approach in which trials were conducted on
event recovery and evaluation by using Viterbi algorithm accountable for
ascertaining active tasks from the sequence of sensor events.

The method was a success for unsupported task recognition but didn’t have the
same impact as with sequential methods of task recognition. The MBHMM (Multiple
Behavioral Hidden Markov Models) is utilized to carry out task recognition which
centres on the idea of generating numerous hidden Markov models for every deviation
of task and accommodating every possible variation for the task.

The second method is capable of performing task recognition for every sensor
events. The missing sensor events are considered as an insertion which is similar
to the method of replacing unpredicted sequence information in DNA motifs. The
methods like ontology and data mining are developed as extra means to perform
consistent task recognition and alleviate the problem of missing sensors. Ontology
is a method employed to develop a consistent activity models which can
correspond an unspecified sensor readings with an expression in ontology that
correlates to a sensor event. Example: an indefinite sensor event ‘mug’ which is to
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be understood can be corresponded with ‘cup’ in sensor reading model to make
tea utilizing the word ‘cup’.

4.3 ADLSs Annotation

Several investigators have published the outcomes of experiments where the
contestants (elderly person) are needed to note every activity of their daily living.
While it is not appropriate to ask the contestants for performing pre-defined
activities, so that exact activity labels were recognized. For many situations, the
proposed ideas of ADL annotation in smart home monitoring have practical
challenges. Hand labelling from the sensor information is time consuming and
hence may not be the most beneficial approach either.

In this research, the labelling for the elderly ADLs was done during the real-
time fusion of usages of appliances with the help of ‘sensor events’. Fig.4.2 shows
the recognition of ADLs from a multi-level structure of sensor events processing.

ADL
Sleeping Relax Breakfast Lunch Dinner Toilet....
/\ Contextual Recognition
Level-1

(Chore_s ) [Chore_cC [Chore—F ] [Chore-T ] [Chore_G ] [Chore_v...]
A

Sensor Events
Level-0

S_Bed S_Couch S_Fridge

Fig. 4.2 ADLs are recognized from a multi-level structure of sensor events processing

The lowest level of the multi-level structure of the ADLs recognition map
consists of the sensor systems used to generate sensor events when they are
activated in the home. The next level is chore identification. A chore is defined as
an association of task (sub-activity) related to sensor event. This is to be
monitored when the elderly person uses a household appliance for some purpose.

The process of chore identification is to map each sensor event to the possible
tasks which are related with sensor event. At the higher levels, these are
recognized as activities of the person being monitored. The number of levels
above the chore level depends on the complexity of the activity recognition. The
elderly person’s basic ADLs such as Preparation of Food (PF), Dining (D),
Sleeping (SL), Toileting (TO), Relaxing (RE), Self-Grooming (SG) are recognized
by the HMS based on the real-time status of the sensors activation.
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The spatio-temporal information (Sensor Identifier and Time of the Day) along
with the sensor “ON” status will determine the corresponding ADLs. Thus, the
regular domestic object usage activity is directly correlated to the basic ADLs.
Fig.4.3 shows the direct correlation of household appliances usages with the ADLs.

ADL o Household Appliance Usage

Preparation of FOOC vViicrowave, water
(Breakfast,Lunch,Dinner) Kettle, Toaster or (any

other item used

Sleeping regularly in Kitchen)
Toileting, Self Grooming Room Heater

Dinning “ Television/Radio

Relax Bed, Couch, Chair, Toilet
Watching TV(while sitting Any other appliance

on Couch) used as habitual

Fig. 4.3 ADLs having direct relation with the household appliances usage

The Sub-Activities (Chores) like preparing Breakfast / Lunch / Dinner,
Watching Television and Preparing Tea are recognized with the help of a
probabilistic learning method of Naive Bayes model along with an add-one
Laplace smoothing technique. The objective of the sub-activities identification
process is to identify (recognize) maximum probable activities from the sensor
stream event letters.

4.3.1 ADL Sub-Activities (Chores) Identification

The Sub-Activities (Chores) like preparing Breakfast / Lunch / Dinner, Watching
Television and Preparing Tea are as follows:

Step (a): Ascertain different activities with unique letters such as Preparing Tea
(PT) = A, Preparing Coffee (PC) = B, Preparing Toast (TS) = C.

Step (b): If the sensor for the Water Kettle is active then the following stream of
letters A, B will be considered, indicating it may be used for preparing tea or
preparing coffee. Similarly, if the sensor unit of the Fridge door open is active
then the stream of letters A, B, C will be considered, and if a sensor unit of a
teabag container is active then letter ‘A’ will be considered.

Step (c): If the inhabitant uses household appliances Water Kettle, Fridge, and
Teabag container in any sequence then the letter stream generated will be either:
AAB,C,A or A,B,CA,B,A or A/A,B,A,B,C etc,.
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Step (d): A Fragment of chore is identified by the parts of sensor events that
correspond to a particular chore. However, this idea may sometimes generate
sensor event chores that are not properly mapped. In order to have proper chore
identification apply Eq.4-1. To eliminate zeroes for the probability of an unseen
event, the add-one, Laplace smoothing concept is considered. Eq.4-1 describes the
probability of the term (set of letters) belonging to a particular class of sub
activity.

Ner + 1 Net + 1

> (Neet1) % Net'+k
t'eV teV 4.1)

P(tlc)=

Where t is a term containing a set of letters, c is a class of sub-activity (chore). N,
is the number of times a particular letter occurs in class ‘c’. V is the set of letters.
K’=IVI is the number of unique letters.

From Fig.4.4 the maximum likelihood stream of “(A, B, A, B, C, A)” letters
belong to the chore of preparing tea (C_PT). Similarly, other chores are identified.
Once the individual chores are identified they are mapped to the next level along
with the time of day to recognize the appropriate ADL.

SensorEvents | Stream of Letters | Belongins to Class “c™ P(t]c)
(Any Order) B
Water Kettle, P(AE.AB.C A Prep Tea(A)) 0.0109739
Fridge, ABAB.CA |P(ABAB.CA|Prep CoffeeB)) | 00133333
Tea Bag P(AB,AB.CA|Prep Toast(C)) | 0.0020576
Fridge . P(AB.C.C Prep Tea(A)) 0.0183185
Toaster ABCC P(A B .C.C|Prep Coffee(B)) 0.0185183
P(AB.C.C Prep Toast (C)) 0.0277777
Coffee Bag P(B,AB.CAB Prep Tea(A)) 0.0019753
Fridge, BAB.CAB |PB.ABCAE |Prep Coffee(B)) | 0.0046206
Kt K ene P(B.AB.C,AB Prep Toast(C)) | 0.0020576

Fig. 4.4 Likelihood of the sensor event stream of letters belonging to a particular
sub-activity class

The importance of a chore identification method is in the accuracy of the model
to be built based on the activity annotation rather than accuracy of the activity
annotation. Sensor fusion data was not segmented into separate sequences for each
activity; rather it was processed as a continuous stream. Table 4.1 depicts the
activities annotated during the run-time of the system.
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In the ADLSs recognition process, the appropriate size of time slot is considered
for labelling the activity based on the sensor id and time of the day. It provides
sufficient information for data analysis. Even if the sensors are active for multiple
times during a particular time slot, activity labeling is done according to the
definition specified in the system. The model is experimented with different sizes
of time slot for one hour, three hours, four hours and six hours duration. Activity
recognition in terms of three hour and four hour time slot sizes gives more
modelling accuracy for labelling the activity processing (i.e.,) In table.4.1 the
sensors id 11, 12, 13 are used as kitchen appliances. If multiple times of sensor id
11, 12 or 13 are active during a four hour time slot the event is annotated with
defined activity as preparing breakfast, lunch or dinner respectively. Obviously, an
event like preparing breakfast, lunch or dinner do not happen at the same time
every day, but it usually happens within specified time duration. Hence
preparation of food between 6:00 am to 10 am has been considered as preparation
of breakfast. So sensor events generated in the kitchen between 6:00 am to 10:00
am used labeling as “breakfast”.

4.3.2 Delta Smoothing for Sub-Activities Identification

The Delta-Smoothing: ‘3’ is the smoothing value to provide probability for an
unseen sensor stream of letters. Eq.4-2 describes the probability of a term (set of
letters) belonging to a particular class of sub-activity.

P(tic)= Nct+6  Nct+0o
D> (Nct'+6) D Net'+K'
t'eV t'eV 4.2)

Where ¢ is a term containing a set of letters,

c is a class of sub-activity,

N, is the number of times a particular letter occurs in activity class ‘c’.

V is the set of letters. K’=IV| is the number of unique letters.

‘0’ is the smoothing (discounting) value to provide probability for an unseen
sensor stream of letters.

Fig 4.5 shows the likelihood of the sensor event stream of letters belonging to a
particular sub-activity class.
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Sensor Events | Stream Belonging to achivityclass ‘C’ & Smoothing
(Any Order) Letters 03 T
(@) (b)

. P(ABAB.CA Prep_Tea(d)) | 0.421875/9° | 819°
WateeKatfle, | 4 papca | PABABCAPEp Cofee®) [D3005 | 200

Fridee Tea Baz | "7 77 " " I ova o am

PABABCAPrp ToastC) [ontmneo 130

P(AE.C.C|Prep Tea(A) 018757 [T

Fridge, Toaster | ABCC | P(AB.C.C Prep Coffee (B) 018757 27
P{AB.C.C| Prep_Toast (C)) 05625 T s

Coffes Bas. P(B.AB.CAE Prep Tea(A)) 0.140625/9° | 49°
Fridge, BABCAB | P(BAB.CAB [Prep_Coffee(B)) [ 0.421875/0° | 8/9°
Water Kettle PE.AECAE Prep Toact(C)) 00265750 1208

Fig. 4.5 Likelihood of the sensor event stream of letters belonging to a particular
sub-activity class'

In both the cases (6=0.5 (Jeffreys, 1946) and 6=1 (Laplace, 1951)), the sub-
activities (Preparing Tea, Preparing Toast and Preparing Coffee) were recognized
correctly. However, in the present application add-one Laplace smoothing has
significance in recognizing the pattern of stream letters from the sensor events
correctly. This method is effective for recognizing the unseen sensor events.

4.4 Wellness Determination of an Elderly Person
Based on the Usages of Household Appliances

The health-care providers assisting the elderly can have a comprehensive and
longitudinal evaluation of the activities of an elderly person rather than a snap shot
assessment obtained during an annual physical examination (Pragnya, Ranjitha,
Sri harshni, & KrishnaChaitanya) (LeadingAge, 2013). “An index or scale which
measures a patient’s degree of independence in bathing, dressing, using the toilet,
eating and transferring (moving from a bed to a chair)” (Katz, Amasa, Roland,
Beverly, & Marjorie, 1963) (Wallace & Mary, 2008) (The Merck Manual for
Health Care Professionals, 2011) can support in determining the assistance to be
provided to the elderly. Novel wellness functions were introduced to determine
the wellness of the elderly person under the monitoring environment on real-time
data collection. The two wellness functions 3; and , determine the wellness of an
elderly person were based on the usage of house-hold appliances.

The first function (,) was determined from the non-usage or inactive duration
of the appliances. The second function (f3,) was determined from the over-usage of
a few specific appliances. Fig.4.6 shows the functional description of the Wellness
functions.

! Add-delta=0.5 (Lidstone’s & Jeffreys-Perks’ Laws) Add-delta=1.0 (Laplace smoothing).
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IME SERIES ANALYSI .w Message to Care Provider

B1, B2

Fig. 4.6 Functional description of Wellness Computation Functions

The wellness functions were calculated during the run-time of the system as a
background process taking the ADLs durations from the respective files of the
computer system. These indices were simultaneously recorded in the database for
data processing and prediction of the behavior of the elderly person. The 3, and 3,
are helpful in deriving the reliability of performing ADLs as regular or irregular
over a long period of execution of the system.

In the initial stage of research (B, and ,) were defined as (B4 and By o) to
know the wellness level of the elderly in the monitoring state. Later (B, and B,)
were modified as (B pew and Bonew) to have a better understanding on the usage of
household appliances and reducing the number of false messages of unusual
behaviour.

4.4.1 Wellness Function #1

The wellness function #1, designated as (B;q4) was defined by the following
equation

t
.Bl,old =1- T 4.3)

Where f;.a =Wellness function of the elderly based on the measurement of
inactive duration of appliances; t = Time of Inactive duration of all appliances
(i.e.,) duration of time when no appliances were used; T= Maximum inactive
duration during which no appliances were used, leading to an unusual situation.
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If Bi.oa is equal to 1.0 indicates the elderly is in a healthy well-being situation.
If By o is less than 1.0 the situation indicates some unusual situation. If B, o4 goes
below 0.5 then care is required.

4.4.2 Wellness Function #2

The wellness function #2, designated as (B,.4) Was defined by the following
equation

Ta
=1+ (1 — —) 4.4
B2,01a ™ (4.4)
Where pfroq = Wellness function of the elderly based on excess usage

measurement of appliance; T,= Actual usage duration of any appliance;
T, =Maximum usage duration use of appliances under normal situation.

Under normal condition, T, < T, and abnormality is not calculated. Only if T, >
T, then B, ,q Was calculated using the Eq.(4.4), while the value of 3,4 is close to
1 to 0.8 it may be considered as normal situation. If B, 44 goes less than 0.8, then it
indicates the excess usage of the appliance corresponding to an unusual situation.
In ideal case, Bioa and Proa equals to 1 indicated the elderly activities were
recurring with normal conditions every time. However, human behavior is not
consistent; hence the optimum alarm level for B; o4 and B, 4 Were determined so
that false warning messages are minimized.

Based on the experiments conducted at different houses of a few elderly people
there are instances of the maximum inactive and active duration of the appliances.
Deriving B4 and B, oq accordingly from the experiments at the elderly houses,
warning messages were generated when P o4 goes below 0.5 and B4 goes less
than 0.8.

Maximum inactive duration and maximum usage duration of appliances can be
obtained during the trial run period of the system. The period of trial run may be
varied depending on the elderly person’s activities of daily living conditions. Once
the system learns the behaviour of the daily activities then the trial run execution
phase will be shifted to test phase and optimal wellness indices can be determined.

4.4.3 Need for Dynamic Wellness Functions

The wellness functions as determined in the previous section 4.4.1 to 4.4.2 do not
take into account the day of the week, weekly, monthly and seasonal variations
and therefore it is prone to generate more false warning messages related to the
domestic object usages. In order to determine the wellness functions in the best
practical manner the 3, and B, have been modified and seasonal variation has been
included through time-series data processing techniques.

The first improved wellness function was related to the determining the index
level of inactive usage of household objects so that it indicated there was no
performance of basic daily activity. This leads to a vital indication for the
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healthcare provider about no performance of routine activity. Table.4.2 provides
the details of the improved wellness functions.

4.4.4 Improved Wellness Function #1

The modified wellness function #1, designated as (B .w) Was defined by the
following equation
R/
Bl,new =€ T (4.5)
Where: By yew = Wellness index of the elderly person based on the measurement
of inactive duration of household objects; t = Time of Inactive duration of all
appliances (i.e.) duration time no objects are used; T = Maximum inactive
duration when no objects were used in the past
Fig.4.7 depicts the comparative advantage of the improved f1 wellness index in

terms of considering appropriate time period to generate false positives warnings
of irregular ADL.
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Fig. 4.7 Comparison of 1,0ld and B1,new wellness functions

The second improved wellness function was related to the determining the
index level of excess usage of household object so that it indicated that there is
unusual performance of a basic daily activity. This leads to a vital indication for
the healthcare provider about the sudden change in a specific routine daily activity
when compared to its past history.
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4.4.5 Improved Wellness Function #2

The modified wellness function #2, designated as (B,..w) was defined by the
following equation

(Tn-Ta)
Bz,new =e Tn (4.6)

Where: 2, new = Wellness function of the elderly person based on excess usage
measurement of household object; Ta= Actual (current) usage duration of the
household object; Tn= Maximum usage duration use of household object in
normal situation of the past.

Fig.4.8 depicts the advantage of the improved B2 wellness index in terms of
considering an appropriate time period to generate false positives warning
messages of irregular ADL.
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Fig. 4.8 Comparison of 32,0ld and B2,new wellness functions
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Advantages of Improved Wellness Functions:

e For linear wellness indices (B; g and B, o1q) the threshold value were kept
at 0.5 for generating irregular behaviour warning messages. Whereas, the
improved wellness index P ew. Banew allowed more time to generate
warning messages for the same threshold.

e It was determined that at 50% of the time period the new wellness
functions indicated a wellness of 62%, better than 50% of the previous
wellness indices.

4.4.6 Maximum Inactive and Excess Active Usage Durations (T, T,)

The regular duration of household appliances usages with allowable residuals of
certain objects can indicate the regular behaviour of the elderly person. However,
changes in daily activities are inevitable and can be easily known with respect to
the time. If there are any significant deviations to the regular usage duration then
we can say that it is an irregular behaviour. The day- to-day lifestyle of elderly
person changes slowly with ages subsequently, the lifestyle is also very dependent
on weather (seasonal variation). Therefore, dynamic values of T in eq. and T, in
eq. are very much important in the determination of wellness functions.

In order to have an accurate maximum inactive (T) and maximum excess active
object usage durations (T,,) with respect to weekly, monthly and seasonal variation
in the wellness determination functions; the T and T, were formulated with the
help of time series principles. The following Eq.4-7 shows the dynamic T and T,
expressions:

T=6(C—Cir1 + (1 =8)Tp

Cir=alxt) + (1 —a)(Ciemg +Te—1 ) + S; 4.7
T, =6(Co — Cop) + (1 — ) Thi—1
Cor = a(xy) + (1 —a)(Cypog + Tye—1) + ¢

Where: T: Trend of the Maximum Inactive usage durations, Tn: Trend of the
Maximum excess active usage durations, Clt, C2t: Seasonal trends; xt is the
object usage observation at the current time, s is the number of periods in one
cycle (week) (i.e.. s=7), 0, 0 are the smoothing parameters ranging from 0 to 1,
selected by minimizing mean square errors. St is the seasonal term (for spring =1,
summer=2, monsoon=3, autumn=4, winter=>5, prevernal=06)

Starting values:

Ch = (I/S) (X1+X2+X3+. . Xs), C21 = (1/5) (X1+X2+X3+. .. Xs),
T = (1/8) (Xgp1-X1)/s+ (Xgp2-X0)/s+. ... (Xos-X,)/S);

T = (1/8) ((Xsr1-X1)/54 (Xssa-X2)/s+..... (Xa5-X5)/8)
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4.5 Results and Analysis

The performance of the novel computing functions(f5; and f,) defined to measure
the wellness of the elderly person living alone was evaluated by running the
system at four different elderly houses, recording the data and analyzing the data
through offline. The elderly houses were equipped with the wireless sensor
network with the fabricated sensor units attached to various household appliances.
Six electrical sensors were connected to appliances Microwave, Toaster, Water
Kettle, Room Heater, TV and Audio. Four force sensors were connected to Bed,
Couch, Dining chair and Toilet. One contact sensor was connected to the
grooming table/Fridge. Sensor_id notations are as follows: MO = Microwave
Oven, TR= Toaster, WK= Water Kettle, AD= Audio device, HT=Heater,
TV=Television, DC=Dining Chair, BD=Bed, CO=Couch, TO= Toilet. Fig.4.9
shows the sensor activity status at various subjects (elderly people’s) houses at a
particular time instance.
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Fig. 4.9 Sensor activity status at various subject locations
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From Fig.4.10, it can be inferred that the number of recorded sensor events at
different subject houses varies and this is helpful in the calculation of the activity

recognition and wellness for day to day activities.
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Fig. 4.10 Number of sensor events at different subject houses

The wellness determination based on the functional measurement of daily
activities through the use of sensing units. Fig.4.11 shows the sensing unit’s active

duration over time.
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SENSOR ID

Fig. 4.11 Sensing units connected to household appliances usages

Where T: Maximum duration usage (time duration) of sensing units for
performing daily activities and D: Excess usage of an appliance connected to a
sensing unit. “T” and “D” can be used for predicting the abnormal living
condition or the unreliability of the system. If the maximum duration of “T” or
“D” exceeds the normal living condition then the system is alerted to unusual
behaviour of the elderly.

The “T” and “D” were determined for the 24-hour duration at the house of
subject #1. T had 68 mins duration and D for individual sensing unit appliances.
There are given in Table 4.2. Accordingly, “T” was determined for a one week
trial run for subject#1 house and found to be 72 mins. If no sensing unit is in
operation for more than the obtained T (time duration), then the system will
indicate that there is abnormal living status of the elderly and appropriate care
should be taken. Tables: 4.3, 4.4 and 4.5 shows the ($2,0ld) calculations of various
elderly subjects during the testing week.

Table 4.2 ‘T’ values of various objects usages at sub#1 home for week

Maximum Active Duration(hh: mm: ss)
Date/Appliance . .

Bed Toilet Chair TV Couch
05/06/2011(Sun) 9:35:40 [0:12:20 [0:17:45 [1:10:50 [0:57:45
06/06/2011(Mon) 7:50:10 [0:10:35 [0:15:35 [0:45:20 |1:45:50
07/06/2011(Tue) 9:20:10 [0:14:45 [0:25:28 [2:15:10 [2:30:10
08/06/2011(Wed) 8:45:50 10:13:55 10:10:20 |1:45:50 ]0:55:20
09/06/2011(Thu) 8:35:25 10:12:20 [0:19:45 |[1:55:30 [2:20:10
10/06/2011(Fri) 8:50:25 10:15:45 ]0:20:35 [1:30:20 [1:30:45
11/06/2011(Sat) 9:25:15 [0:10:55 [0:28:30 [1:40:10 [2:10:35
Maximum 9:35:40 [0:15:45 [0:28:30 [2:15:10 [2:20:10
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Date/Appliance Maximum Active Duration(hh: mm: ss)
Bed, Toilet, Chair, Couch,
B0l B2.0la B0l B2,0la
12/06/2011(Sun) 9:25:20, 0:11:10, 0:18:55, 1:27:45,
1.01795 1.291005 1.336257 1.3736
13/06/2011(Mon) 7:20:45, 0:12:15, 0:16:25, 3:15:50,
1.234366 1.222222 1.423977 0.602854
14/06/2011(Tue) 8:50:37, 0:10:45, 0:20:18, 2:45:20,
1.078257 1.31746 1.287719 0.82045
15/06/2011(Wed) 9:15:15, 0:12:55, 0:34:30, 1:15:20,
1.035466 1.179894 0.789474 1.46253
16/06/2011(Thu) 9:35:35, 0:15:20, 0:13:15, 2:50:40,
1.000145 1.026455 1.535088 0.78204
17/06/2011(Fri) 8:30:55, 0:13:45, 0:25:25, 1:45:50,
1.112478 1.126984 1.145324 1.24456
18/06/2011(Sat) 10:25:15, 0:12:15, 0:18:40, 1:55:35,
0.913868 1.222222 1.384675 1.175386
Table 4.4 (B2,0ld) values of various objects usages at sub#2 home
Date/Appliance Maximum Active Duration(hh: mm: ss)
Bed, Toilet, Chair, Couch,
B2,old |32,old B2,old |32,old
03/07/2011(Sun) 10:15:10, 0:16:10,  0:20:15, 0:45:50,
1.03179 1.13854  |0.910314 1.6026
04/07/2011(Mon) 8:10:15, 0:14:15, 0:14:35, 1:10:15,
1.2284 1.24512 1.233184 1.3909
05/07/2011(Tue) 9:15:10, 0:12:25,  |0:16:18, 0:55:10,
1.12623 1.35169 1.125561 1.52168
06/07/2011(Wed) 8:55:30, 0:09:45,  0:28:20, 0:35:15,
1.15718 1.51155 0.47982 1.69436
07/07/2011(Thu) 9:35:35, 0:13:30, |0:12:15, 1:45:10,
1.09409 1.2984 1.340807 1.60838
08/07/2011(Fri) 9:20:45, 0:12:15, |0:35:45, 0:58:20,
1.11744 1.35169 |0.10314 1.49422
09/07/2011(Sat) 9:55:20, 0:15:35,  |0:19:30, 1:05:15,
1.06301 1.19183 0.964126 1.43425
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Table 4.5 (B2,0ld) values of various objects usages at sub#3 home

4 ADLs Recognition of an Elderly Person and Wellness Determination

Date/Appliance Maximum Active Duration(hh: mm: ss)
Bed, Toilet, Chair, Couch,
P2 P2 B2 B2
31/07/2011(Sun) 10:02:35 0:28:36 0:24:45 1:10:45
0.932694 0.525773 1.27737 1.294264
01/08/2011(Mon) 9:24:56 0:19:25 0:16:20 0:45:28
0.99938 0.999141 1.523114 1.546467
02/08/2011(Tue) 9:30:12 0:22:30 0:22:45 0:50:28
0.990052 0.840206 1.335766 1.496592
03/08/2011(Wed) 9:45:20 0:18:45 0:18:50 1:25:30
0.963247 1.033505 1.450122 1.147132
04/08/2011(Thu) 8:50:10 0:16:30 0:25:45 0:35:45
1.060959 1.149485 1.248175 1.643392
05/08/2011(Fri) 9:45:20 0:26:45 0:27:30 1:15:10
0.963247 0.621134 1.19708 1.250208
06/08/2011(Sat) 9:55:36 0:17:30 0:32:38 1:20:50
0.945063 1.097938 1.047202 1.193682
Wellness Function "g1"
|
54
:E: S3
3
s J
E 52
51
0.00 0.20 0.40 g1 0.60 0.80 1.00

Fig. 4.12 B1,0ld at four different elderly houses
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Fig.4.12 shows the B1,0ld at four different elderly houses. It was observed that
the B1 for the subject #2 on a particular day has gone below 0.5. In reality, it was
been the elderly person went outside the house for quite a long duration without
deactivating the monitoring system.

Fig.4.13 shows the graphical representation of the (B2, old) calculations of
various elderly subjects.

BBed
W Todat
| B Char

P2 at Subject 2

BCouch

Fig. 4.13 Graphical representation of f2,0ld Values at different elderly houses

It was observed from tables 4.3, 4.4, 4.5 that there are instances (values denoted
in bold) of excess usage of the appliances by the elderly during one week of the
testing phase. The subject #1 has one instance of over-usage of couch and they are
verified with the ground truth of the respective subjects. It can be inferred from
the results that the results of wellness functions are able to determine how well
(regular) the elderly is performing their daily activities in using their household
appliances.

In Fig. 4.13 it is seen that B2 for subject #2 has gone to a very low value for the
use of chair. It was observed that on that particular day, the elderly had a visitor
and had lunch sitting on the chair for a long duration. For the subject #3, it was
observed that the elderly slept quite a long time as she was not feeling well. These
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observations tell clearly about the wellness determination of the system. The alarm
can be set depending on values of B1 and 2. These should be diverse for different
elderly people. While the alarm is set, the system will generate a sound to inform
the elderly that a message is going to be sent to the care provider. The elderly will
have approximately one minute to de activate the alarm. The developed home
monitoring sensing systems were initially trial tested at four different elderly
homes and then in use continuously at elderly person subject#1 from March 2013.
There is no specific reason for choosing four, the elders had volunteered for
testing the system.

For the process of understanding the functionalities and the importance of
improved wellness functions, we have analysed the 90 days of sensor data
collected from elderly subject #1. There were 14 warning messages for the
methods of old wellness functions. These included excess usage of Bed(6), excess
usage of dining chair(4), excess usage of couch(2) and no usage of appliances(2).

Table 4.6 Improved Wellness Functions Calculations

ADL ADL
_ El . = = = ll:’lessdage bMesilage
- o = = - 2 ased on " ased on
2 2 2 |22E tf3 EEg = | % |ou E | & | New
g & 528|588 28% & | & |indics | & | & | indices
Bed Sleeping | 28456 | 20405 22505 Regular Regular
#| Chair Dining 1208 845 1150 071 Regular Regular
1| Toilet | Toilet 1444 1028 1353 ’ NA | Regular Regular
Couch | Relax 1457 840 1104 Regular | 0.72 | NA [ Regular
Bed Sleeping | 30258 | 23450 | 27268 Regular Regular
#| Chair Dining 14545 10425 21817 082 0.51 | Irregular 0.60 | Regular
2| Toilet | Toilet 1838 1426 1718 ’ Regular 0.83 Regular
Couch | Relax 2018 1487 1645 Regular Regular
Bed Sleeping | 27545 21408 26258 Regular Regular
#| Chair | Dining 16250 | 12350 | 15145 | o NA | Regular NA [ Regular
3| Toilet | Toilet 1628 1245 1465 ) Regular | 0.68 Regular
Couch | Relax 1845 1423 1628 Regular Regular
Bed Sleeping | 28235 | 22035 | 43701 0.45 | Irregular 0.57 | Irr
#| Chair Dining 1340 950 1205 0.75 Regular Regular
4| Toilet | Toilet 1123 885 1060 ’ Regular | 0.76 Regular
Couch | Relax 1630 1245 1420 NA | Regular NA Regular
NA: No Abnormality
B2, old* and P2, new* are calculated only when actual duration is greater than maximum duration

The reason for generating warning messages related to no usage of appliances
(B1, o1a) 1s that the elderly was on the lawn(outside the house) for 1Hr 14mins on
28-Mar-2013 and on another occasion went out shopping for 1Hr 38mins on 06-
Apr-2013. For both instances, the home monitoring system was not switched off,
hence no object used warning messages have generated. Whereas, (B, new) has
generated only one warning messages.
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Fig. 4.14 ADLs instances at two different subject locations during the trial run of the HMS
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The second wellness function (B, o) of Bed, D.Chair and Couch usages
generated 12 messages. But (B, ,.w) Was able to restrict the generation of warning
messages to Bed (3), D.Chair(1) and Couch (1). The reduction of warning
messages was due to the fact that the maximum usage durations were updated
with the time series processing and the time durations to be considered for
threshold limit was increased in the improved wellness functions.

Thus, there was an improvement of 42.8% in reducing the false positives by the
newly defined wellness functions. The improved wellness functions (f1,new and
B2,new) calculations at a particular instance of time at different elderly subject’s
houses are shown in table 4.6.

The ADLs annotation process has helped the monitoring system to recognize
the various behaviours of the elderly at different instances of time. This process
was done based on the collection of sensor identity from the sensor fusion of
various sensing units connected to different household appliances. Fig 4.14 gives
the graphical ADL representation of two elderly subjects

4.6  Chapter Summary

In this work, wellness is about well-being of elderly people in performing their
daily activities effectively at their home. The present chapter provides a novel
framework for a wellness determination process as it verifies the behaviour of
elderly people at different stages of daily living (usage of appliances, activity
recognition and forecast levels) in a smart home monitoring environment. This
will help in not generating frequent false unusual ADLs alarms.

The developed system including sensing and intelligent behaviour detection
subsystems was developed in-house and used to recognize basic ADLs from the
data analysis of sensor streams. The developed prototype is suitable for easy
installation and maintenance in an existing elderly person’s house.

The systems were stable in executing multiple tasks concurrently, such as data
collection and provided a framework to analyze sensor data in near real-time. If
the system executes continuously for a longer time, an optimal, maximum
utilization of the appliances used by the elderly are obtained. Thus, cumulative
data for time series analysis will enable better prediction of the abnormal
behaviour of the elderly.

The wellness determination process helps the healthcare providers to see the
performance of the elderly person’s daily activities. Data relating to the wellness
indices and behavior recognition can guide the healthcare professionals to find out
the starting variations of elderly activities quantitatively. This will enable health
professionals to provide precise elderly assistance.

The determination of elderly wellness model parameters like an excess usage of
appliances, no-usage of appliances (B;, P,), and irregular behaviour detection
through the usage duration of activities based on smart home object usages are
formulated so that near real-time determination of wellness can be done. The
developed system can be easily augmented with other co-systems such as
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physiological parameter monitoring sub-systems. This will supplement
information about health parameters like body temperature and heart rate, so that
elderly health perception and daily activity behaviour recognition together can be
assessed to determine the wellness of the elderly.
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Chapter 5

Forecasting the Behaviour of an Elderly Person
Using WSN Data

5.1 Introduction

The forecasting process in a smart home setting equipped with WSN is a learning
task. A major task for the intelligent home monitoring system is to have the ability
to perceive, understand and realize the new situations. This will support an
interpretation of sensory information in order to represent, understand the
environment and perform correctly, based on the prior knowledge when there is a
situational change. For the execution of these tasks, a variety of methods such
as Analysis of Knowledge Discovery and Soft Computing Techniques were
introduced.

The major task of the analysis of knowledge discovery in an AAL set up is an
attempt to learn the daily activity patterns from a large data set to realize a new
situation for predicting the abnormal behavior of the elderly person. Some of the
existing methods are context-aware case-based reasoning (Ohbyung, Jae, &
Geunchan, 2012). Formulating the description logic based on the trial system may
not be apt, as human behavior is complex. Also, the specified ontology concepts
and their corresponding rules may not match in a real situation over a long run of
the system execution. Aggregating sensor observations along a time line requires
complex procedures to be incorporated for effective activity recognition. There are
methods for recognizing sequential, interleaved and concurrent activities using an
emerging patterns approach. The idea is to differentiate daily activities accurately.
But, the quantitative wellbeing assessments of the inhabitant in terms of
forecasting events in a smart home that are related to the daily activities have not
been greatly explored.

A study on an inhabited intelligent environment performed a test bed
mechanism for prediction in various phases for learning, controlling and adaption.
Different techniques of clustering and fuzzy functions were implemented for the
collected information on the observation of interactions by the inhabitant. Several
methods including neural networks and heuristic functions were used to extract
patterns for predictive models (Brdickza, James, & Crowley, 2009). However,
these techniques need alternating solutions (i.e., the activities learning model need
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regular updates) if the execution environment was changed and there can be issues
of data inadequacy for adapting to a new system. In order to overcome the
deficiencies of the analysis of knowledge discovery and soft computing techniques
(Doctor, Hagras, & Callaghan, 2004) (Marie C. , Daniel, Chrisophie, & Eric,
2008) (Sanchez & Tentori, Activity recognition for the Smart Hospital , 2008)
(Liminh, Chris, & Wang, 2012), Time Series Data Mining (TSDM) approach can
be applied for forecasting the behavior of a person. TSDM can interpret the
temporal patterns exhibiting the behavior of the person from the continuous sensor
stream.

5.2  Time Series Modeling and Forecasting

“Time” is a fundamental element in our daily life and will provide us with a vital
source of information for a smart home monitoring system. Moreover, livelihood
activities are cyclic, and evaluation of daily activities will indicate performance
behaviour of an elderly person. Hence, monitoring daily usage of household
appliances (i.e.,) object monitoring in a smart home will help us to recognize the
habitual nature of the person and thereby we can know how “well” the elderly
person is able to perform his/her essential daily activities.

The changes in normal daily activities can be determined with respect to the
time. Regular usage duration with allowable residuals of activities can indicate the
regular behaviour of the elderly person. If there are any changes to the normal
activity durations (i.e.,) deviation from the allowable duration range then an
irregular activity is detected. Therefore, a system in terms of time series analysis
for forecasting the usage duration of objects in a smart home monitoring
environment was devised. The modified TSDM concepts were applied to the
observed series of daily activity durations to explore the temporal patterns existing
in the activity durations. These patterns were formed into appropriate groups
based on wellness parameters.

The wellness determination model acclimates and transforms data mining
concepts to analyze time series data. Precisely, it notifies the hidden temporal
patterns persisting in the time series data and predicts appropriate events.
Conventional time series analysis approaches are restricted by the constraints of
stationary series values and normality of the residuals. Also, obsolete time series
analysis methods are unable to ascertain complex (nonlinear and irregular)
characteristics of the human behaviour. The TSDM overcame the above
limitations of conventional time series analysis techniques in analyzing the
complex behaviour such as sleeping, toilet, dining chair usage patterns (which are
completely non-stationary) of an elderly person. Our wellness determination
process involving time series data mining can resolve the behaviour of a person as
regular or irregular behaviour. Fig.5-1 shows the functional structure of the TSDM
approach in this research task.
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Fig. 5.1 Functional blocks of Time Series Data Mining (TSDM)

The Steps in the Training Stage Were as Follows:

Initial values such as activity durations are fed into the system with the data
provided by the elderly person. The data are collected and trained to get the

updated wellness parameters.

1. Evaluation of the basic wellness parameters.
a. Computing the wellness indices.



142 5 Forecasting the Behaviour of an Elderly Person Using WSN Data

b. Forecasting formulation, including the independent variables over which the
value of the wellness function will be optimized and the constraints on the
wellness function

2. Determine the trend of the time series activity durations (with minimum of
eight weeks training) and the length of the temporal pattern.

3. Based on stepl computation, transform the observed time series into the
optimal temporal pattern group of daily activities with appropriate statistical
characteristics groups.

4. Associate each cluster with an appropriate time index (such as weekdays and
weekends in the training stage and augment the wellness indices.

5. In the training stage, search for the optimal temporal pattern group, which
best characterizes the events (especially irregular events).

6. Training stage results will be updated continuously based on the elderly
person’s interactions with household appliances.

The steps in the Testing Stage were as follows:

Data was analyzed from day 1, and the optimal temporal groups of the wellness
model were obtained after eight weeks of training

1. Embed the testing optimal temporal group into the testing stage.

2. Use the optimal temporal pattern group for predicting events.

3. Update the testing stage results continuously based on the optimal temporal
pattern groups of training stage variations.

53 Seasonal Decomposition

Based on the time series of past data, “Seasonal (cyclic) Decomposition”
(Brockwell & Davis, 2001) was considered for predicting the near future values. It
was used primarily as a preliminary tool when attempting to analyze trend. It was
also suitable for exhibiting seasonal pattern which may be existing in the series
and useful for forecasting process. Trend component was estimated by using the
principle of moving average. The initial Exponential Moving Average considered
in the analysis was given by the Eq.5-1

MAy, = oX, + (1-0) MA, (5-1)

Where

MA,, ;-Moving average prediction;

MA, - Previous Moving average;

o -- Smoothing Constant; X,-- Observed quantity at time ‘t’

The smoothing constant (‘a’), was derived from the number of sensor
observations from the start of the system to the recently observed value. The basic
features like trend and seasonality described a time series by its degree. After
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estimating the internal components like trend and seasonality of a time series,
errors estimation were extracted by de-trending process. Smoothed Trend Curve
(STC) for various household usage durations was derived by applying Eq (5-1).

The seasonal decomposition is apt for data revealing a cyclical pattern as well
as a trend. In the present research task, a one week activity duration series was
considered as one cycle or season to identify the weekly activity pattern of the
elderly person. It also categorized the periodic components in the historical data
and used them in a forecasting model.

5.4 Deriving Trend Using Modified Double Exponential
Smoothing Process

To handle data exhibiting seasonality effectively, an applied double exponential
smoothing strategy Brockwell et al. (Brockwell & Davis, 2001) recursively as
given in Eq.5-2 was used to determine the tendency of the activity. The advantage
of this strategy was to minimize the mean deviation and capture the local (latest
seasonal) trend of the series.

T=T=0(L—Li)+ A —-6)T,
Le =a(xy —Si—g) + (1 —a)(Leq + Teq) (5-2)
Se=yl— L)+ 1 —y)Ses

Where:

T,: trend (or slope) of the entire duration, L: local level seasonal slope, S;:
change in seasonal factor, x, is the observation at the current time, s is the number
of periods in one cycle (i.e., s=7 in our case), a, 0, y are the smoothing parameters
ranging from 0 to 1, selected by minimizing mean square errors.

Starting  values are: L= (1/s) (x;+xp+x35+....%.); Ti=(1/5)((Xs41-X1)/s+
(Xs22-X2)/S+.... (X25-X:)/5);S;= X -Ly, where k=1, 2....s.

A Forecast of the activity duration is extrapolated by using the seasonal pattern
Eq.(5-3)

Frop=LAT,,+S sim m’ is the required forecast period (5-3)

5.5 Behaviour Detection

In this process, a mechanism was proposed for determining elderly behavior. The
behavior of the elderly person was categorized as regular or irregular based on the
following conditions. The duration of the current activity was checked with the
range of forecast. The forecast was estimated using Eq.5-3. A 95% confidence
level was assumed in the forecasting. The allowable range of duration of any
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regular activity was given by Eq.5-4. If the actual duration was out of the range as
given in Eq.5-4, an irregularity flag was set.
Duration of regular activity = Forecast duration + 2*standard deviation (5-4)

5.6  Results and Analysis

A trial system was run in a smart home for collection of sensors’ data. It was
attempted to learn the daily activity pattern from the collected data then the
learning pattern were considered to forecast the elderly person behaviour. The
collected sensor data was stored in the appropriate files of the computer, and
the sequences of steps as mentioned in sections 5.2 to 5.4 were implemented.

In the forecasting process, the most appropriate fitted curve is computed by
adding smoothed trend curve and seasonally adjusted factors as given in section
5.3. For illustration, the non-electrical appliances usage durations and their
corresponding trends were considered in the forecasting process. This will
elucidate the exact behavior of the elderly person in utilizing the household
appliances. Some of the electrical appliances such as water kettle, microwave, and
laundry machines are preprogramed and auto control hence they may not aptly
provide the forecasting process. The non-electrical appliances usage duration and
their corresponding trend are plotted. Fig.5-2 shows bed usage activity durations
and its corresponding trend for eight weeks at an elderly person house where they
live alone.
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Fig. 5.2 Subject #1: Bed usage durations and its trend'
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Fig.5-3 shows the toilet usage activity durations and its corresponding trend for
eleven weeks at an elderly person house where they live alone.
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Fig. 5.3 Subject #1: Toilet usage durations and its trend

Fig.5-4 shows the Dining chair usage activity durations and its corresponding
trend for eleven weeks at an elderly person house where they live alone.
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From Fig. 5-2, 5-3, 5-4, it was observed that the ADL (Sleeping, Toiling, Eating
activities) time series was not stationary. It is obvious that human behavior is
complex and the activity durations may not be constant. In order to have a reasonable
ninth week forecast value from the past sensor activity durations, Seasonal-Auto
Integration with Moving Average(S-ARIMA) was investigated and it was observed
that this method was apt for forecasting and measuring wellness. The values of the S-
ARIMA process such as trend, seasonal adjusted factor and residuals of the
regression parameters were derived by using the Autocorrelation (ACF) and Partial
Autocorrelation (PACF) functions of the time series. Fig.5-5 and Fig.5-6 shows the
residual autocorrelations and partial autocorrelation function of time series of the
sensing durations for Dining Chair sensing system and Bed Sensing system.
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The implemented process in the system is S-ARIMA (ps, ds, gs) (Ps, Ds, Qs)

Where ps: is order of process AR, Ps: is order of seasonal process AR, gs: is the
order of process MA, Qs: is the order of MA, ds: is the order of difference, Ds: is
the order of seasonal difference.

On the basis of a residual ACF spike at lag 1 and declining toward zero and a
residual PACF spike at lag 1 that is also declining toward zero from lag 2, this
guided us to select the SARIMA (1, 1, 0) (1, 1, 0); model for forecasting process.
Following the additive method for the forecasting process, the most appropriate
fitted curve was computed by adding smoothed trend curve and seasonally
adjusted factors i.e. Forecast=Trend + SAF.

The Seasonally Adjusted Factor (SAF) resulted from the decomposition process
considering one week as one season (cycle). Considering a 95% confidence
interval, the residuals prevailing in the prediction curve are computed by twice the
standard deviation. Table.5-1 show the forecast range values for the ninth week
based on eight week sleeping durations and comparing these with the actual
values. Except in two instances, the remaining five days bed usage durations have
matched correctly. Accordingly, the fitted curve and the forecast for the bed usage
duration are shown in Fig.5-7.

Table 5.1 Prediction of 9th week Bed, Toilet and Dining Chair usage durations based on
SARIMA process

9" Week Duration(hh:mm:ss)
Bed Usage Toilet Usage Dining Chair
Forecast Forecast Forecast
Actual Actual Actual
Max | Min | O Max | Min | DO [ Max | Min | O

8:22:11 |4:42:11 (8:16:17 [0:11:32 |0:07:45 [0:10:51 |0:31:29 [0:26:20 |0:28:45
9:24:57 |5:44:57 (4:38:13 [0:10:21 |0:06:15 [0:09:10 [0:28:45 [0:24:10 ]0:25:24
8:47:36 |5:07:36 (8:17:46 [0:11:25 |0:07:20 [0:08:55 [0:29:10 [0:25:38 ]0:27:49
8:00:02 [4:20:02 |7:38:17 [0:11:50 [0:07:35 |0:07:10 0:28:10 |0:24:48 |0:24:20
8:34:19 [4:54:19 |7:51:38 (0:10:48 [0:06:45 ]0:09:54 10:27:35 |0:23:45 |0:26:36
8:07:15 [4:27:15 |8:15:01 {0:12:10 |0:08:28 ]0:10:25 0:29:20 |0:24:46 |0:28:20
7:43:36 |4:03:36 |7:40:32 [0:11:50 [0:07:26 0:10:45 ]0:30:10 {0:26:50 [0:27:10

Two instances were rightly identified as irregular usage of the bed as the
elderly person has woke up early at one instance and slept for a longer duration in
the second instance. The significance levels of the residuals were less than 2%.
The suitability of the predicted curve with respect to observation sequence is also
verified by implementing a One-Sample Kolmogorov-Smirnov Test (KS-test)
(Brockwell & Davis, 2001) for normal distribution of the errors existing in the
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predicted curve. Fig.5-8 indicates the errors of predicted fitting as a normal
distribution.

[ Sleeping
40,000+ | Predicted value from
Sleeping-Model_1
35000
& 30,000
L]
a h
= 9" week
S Forecast
T 250007 /
]
(a]
20,000
15,0007
10,0007
JLUNE U R N S .S A Y N A S A A
n w4 T=E 40 w4 MM =T A0 w4 m
Circidzegrcdgzicgrsa
Date

Fig. 5.7 Eight week sleeping observations and Ninth week predicted sleeping durations.

Based on the eight week appliance usages, corresponding trend, seasonal
adjusted and fitted curve values as mentioned in sections 5.1 to 5.4 were
computed. Ninth and Tenth week prediction of various appliances usages were
derived and compared with the actual durations. Following are the illustrations
about toilet and chair usages respectively. Fig.5-9 (a, b, c) is about the usage of
toilet, its corresponding trend and 9th and 10th week predictions of an elderly at a
subject house.

2 (Green color: Fitted and Forecast, Blue color: Actual Observations).
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Fig. 5.8 K-S test result for Normal distribution of predicted sleeping durations
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Fig. 5.9 Toilet usage trend and tenth week forecast pattern
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Fig. 5.10 Dining chair usage and Ninth Week Forecast pattern

3 (ALPHA = .140, THETA = .090, GAMMA = .350).
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Fig. 5.10 (continued)

Fig.5-10 depicts the usage of dining chair by an elderly for a period of ten
weeks. Its corresponding trend, forecast for ninth week and tenth week are shown
in Fig.5-10 (b,c).
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A snapshot of the 9th week (Friday), estimated values based on the recorded
eight weeks is given in table.5-2. Considering statistical inference of 95%
confidence interval, the residuals in the fitted (predicted) curve were computed by
twice the standard deviation. Accordingly, the forecast ranges with maximum and
minimum durations were computed according to Eq.5-4. A forecast of an
appliance is derived by applying Eq.5-3 as discussed in sections 5.4 and 5.5.

Table 5.2 Wellness function indices of household appliances and forecast of the ADLs

S Forecasting for 9™ Week-(Friday)
o Sensor Max- Min- o 3 r Actual-
g Aty _ID B e Time Time Duration i
(Sec) (Sec) (Sec)

Sleeping Bed 0.829 28456 20405 0.120 0.170 0.650 22505 Regular
Dining Chair 0.865 1208 845 .0200 .1100 .2100 1150 Regular

#1 Toilet Toilet 0.715 0.785 1444 1028 .1400 .0900 .3500 1353 Regular
Relax Couch 0.889 1457 840 0.150 0.130 0.540 1104 Regular
Watching TV | TV 0915 2806 2205 0.030 0.140 0.100 2608 Regular
Sleepin, Bed 0.727 30258 23450 | 0.200 0.180 0.480 27268 Regular
Dining Chair 0.504 14545 10425 0.140 0.170 0.300 15580 Irregular

#2 Toilet Toilet 0.829 0.576 1838 1426 0.160 0.130 0.200 1718 Regular
Relax Couch 0.614 2018 1487 0.150 0.040 0.250 1645 Regular
Watching TV | TV 0.813 3804 2807 0.020 0.050 0.060 3045 Regular
Sleeping Bed 0.816 27545 21408 0.030 0.560 0.605 26258 Regular
Dining Chair 0.713 16250 12350 0.400 0.600 0.010 15145 Regular

#3 | Toilet Toilet | 0.604 0.883 1628 1245 0.300 0.450 0.500 1465 Regular
Relax Couch 0.615 1845 1423 0.205 0.300 0.150 1628 Regular
Watching TV | TV 0.715 4055 3605 0.100 0.650 0.750 3810 Regular
Sleeping Bed 0.445 28235 22035 0.205 0.600 0.700 29701 Irregular
Dining Chair 0914 1340 950 0.400 0.250 0.010 1205 Regular

#4 Toilet Toilet 0.758 0.818 1123 885 0.100 0.200 0.650 1060 Regular
Relax Couch 0.756 1630 1245 0.300 0.200 0.250 1420 Regular
Watching TV | TV 0.828 4838 4210 0.040 0.100 0.200 4506 Regular

It was observed that two instances of irregularity at different subject houses
were rightly predicted. These were related to the over-usage of the appliances. In
reality, the subject was using a chair for a longer time because he was sitting and
talking with a guest on that day. In another instance, the duration of bed-use shows
an over-usage, because it was occupied by the elderly person for a long duration
as he was unwell. The forecasting procedure has indicated the active durations of
the bed and chair were outside the forecast ranges. Accordingly, the behavioral
detection process set the status of the corresponding activities as irregular.

5.7 Chapter Summary

In this chapter, the main objective of the data analysis by time series was to find a
model which was able to forecast the statistical characteristics of the series, as the
model will allow us to predict next values of the series from its past data. This is
important as the behaviour of the elderly person changes with time and the
changes should be taken into consideration in the model. The following steps were
performed in the analysis of data using the time series method: Time series of past
data, a suitable method for parameters estimation, the best fitting model for
diagnosis and forecasting of new values.
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The measurement of daily activities was done through usage of household
appliances’ sensor data. Predicting the behavior of an elderly person was based on
past sensor activity durations. A Combination of sensing system with time series
data processing capability will allow us to measure how well an elderly person is
able to perform their daily activities in real time. So far, the forecasting process
was able to rightly measure the wellness indices related to use of non-electrical
appliances. Hence, some of the basic elderly person’s daily activities such as
sleeping, toileting, dining and relaxing were rightly assessed by the wellness
measurement system. Since, most of the electrical appliances usage durations are
predefined; validation for activities such as preparing food was limited.

Forecasting the usage duration of objects in smart home by time series
modeling can precisely predict how long a particular appliance can be used by the
elderly person. This model was helpful in reducing the number of false alarms to
be generated. This will enable us to have supplementary information in the data
analysis for effective longitudinal forecasting of the sensing durations.

This implies that, over a long period, the forecasting method can optimize the
defined wellness indices in the TSDM, thus supporting the behaviour detection
more accurately. Also, it was observed that forecast process and wellness
functions were not estimated accurately in the initial trial period (i.e., up to eight
weeks). Data was not analyzed with the wellness determination process of less
than seven weeks. It was inferred that better estimation of wellness functions with
time series modeling can be performed with a minimum of 50 observations of
activity durations. Hence, the forecasting process was accurate after eight weeks
of monitoring. As data is accumulated over a longer period, the determination of
wellness function indices and forecast process will be more effective and accurate.
If the variations in the activity durations are large, then it is obvious that the
standard deviation of the fitted curve and forecast range values will also be large.
This was observed in forecasting sleeping duration.

Additionally, the sequence pattern of the sensors with temporal constraint was
analyzed by a Sensors Activity Pattern (SAP) technique. The sequence of sensor
stream on the basis of the day and time of the day are considered in analyzing the
pattern. The next chapter discusses the SAP technique in revealing the sequence
usage of sensors for detecting behavior of an elderly person and reducing the false
warning messages related to irregular behaviour.
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Chapter 6

Sensor Activity Pattern (SAP) Matching Process
and Outlier Detection

6.1 Introduction

The Ambient Assisted Living (AAL) technology in the home environment is fitted
with motion sensors to trace the movements of the residents in the home. The
smart home technology is acceptable to the people only if it is operational with a
low-profile (Marie C. , Daniel, Chrisophie, & Eric, 2008) (i.e.,) the sensor
environments should be capable to take care of the privacy-aware conditions of
residents (Wood, Stankovic, Virone, & Selavo, 2008).

There are diverse approaches for tracking people in smart home technologies
such as carried devices/tags (Crandall & Cook, 2011), video (camera) biometrics
(Crandall & Cook, 2011), and Entity detection with space and time considerations
(Crandall & Cook, 2011). In general, the base station of the centralized system
reports the present position of the wearable device. This can be done through
Personal Digital Assistants, mobile phones, custom built RF devices (Crandall &
Cook, 2011). While these kinds of systems work, they do require every individual
in the home environment to hold their personal devices at all times. It is easy for
the residents to forget their device, or the batteries of the electronic gadgets run
down. Most of the tracking algorithms are based on the use of Bayesian Updating
Graphs (BUG), Markov Models, Graph and Rule based Entity Detector
(CASAS,WSU, 2010). The existing tracking algorithms either use expensive and
invasive sensors (e.g. a camera system) or depend on assumed movement models
or test bed scenarios (Crandall & Cook, 2011). Moreover, a large number of
sensors deployed in the house to track the person will be costly and their
acceptability to the elderly person will be an issue. In many AAL environments,
this is an unfeasible solution, given the manpower to maintain it. In general, the
monitoring environment such as hospitals and full time residential care facilities
are more likely to make use of large sensor systems (Crandall & Cook, 2011).

However, in private homes, it becomes less feasible solution for tracking the
inhabitants using the above mentioned approaches. For video biometrics, one or
more cameras are placed around the monitored space (Libal, Ramabhadran, Mana,
Chippendale, & Lanz, 2009). These cameras capture the images of residents for
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tracking and processing (Libal, Ramabhadran, Mana, Chippendale, & Lanz, 2009)
(Menon, Jayaraman, & Govindaraju, 2010). The purpose is to interpret the video
images to identify individuals, detect ADLs and give more contexts to item
interaction. While these methods are good at some tasks, the use of cameras is a
very challenging factor of acceptance for the residents relating to their privacy.

Monitoring inhabitants continuously using video images at homes will be
extremely unacceptable. Tracking people in smart home environments has many
advantages, such as: data delivery to mobile users (Zhenjiang, Yunhao, Mo,
Jiliang, & Zhichao, 2013), mobile and social localization (Nicoli, Gezici,
Sahinoglu, & Wymeersch, 2011) and smart wireless healthcare. Inhabitants in
smart home environments can be monitored unobtrusively, non-invasively and
taking care of privacy issues effortlessly using low profile sensing systems as
discussed and presented in section 3.3.4.

The purpose of monitoring the movements of an elderly person inside their
house is to explore the elderly person’s movement’s context for timely tracking of
their respective ADLs. The monitoring process of household appliances does not
fully provide the physical activity information about the elderly person for all the
twenty four hours. If a person is using a habitual object such as a sewing machine,
continuous involvement of the person is required with the domestic object and,
therefore, provides much better information for the wellness determination
process. If a person uses a domestic object such as a microwave oven, it is
essential that a person need to act with the object physically from the start of the
usage. But then, it is not important for a person to stay continuously with the
object. Also, during the time when no appliances are used, it is extremely difficult
to tell about wellness of a person. That is one of the reasons of generating many
false warning messages. Even though the person is at home, if he/she does not use
any domestic appliances such as bed, couch, chair etc. all the time, it is important
to know the whereabouts of the person inside the house for the wellness
determination process.

A typical scenario in the smart home environment can be viewed as monitoring
various household appliances for recognition of ADLs to know the wellbeing of
the inhabitant. It was observed that in the case of an elderly person, the usage of
the domestic objects is recurring and at fixed intervals of time. However, their
usage durations and their frequency are varied at different contexts. Fig.6-1 shows
the sensor activations of various domestic objects at different times in twenty four
hour period.
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Fig. 6.1 Domestic object sensor activities at different times in a day at an elderly person
house'

Another interesting observation from Fig.6-1 is that, at some time periods there
was no usage of domestic objects. In Fig.6-1, (“?”’) shows the time period in which
there was no usage of domestic objects, and we do not know what was the activity
of the elderly during that empty time slot (i.e., when there is no household object
usage). In order to investigate the behaviour of an elderly person in depth and
breadth for 24 hour period apart from household objects monitoring, monitoring
the movements of an elderly person can provide proper inference for the
recognition of the ADLs assessment.

A novel approach termed as Sensor Activity Pattern (SAP) for scalable tracking
path of an elderly person with a limited number of sensors was designed and
developed. The objective of this method was to provide a quality assistive
technology and at the same time provide an effective quantitative measurement for
the wellness of an elderly person in relation to their daily activities performance.
For this, a limited number of movements sensing systems (PIRs) in an unobtrusive
manner were used in this research to know the location of the elderly person and
at the same time they could support wellness determination indices.

The fabricated PIR sensing units were placed at the focal points inside the
house to track the movements of an elderly. The elderly movements were recorded
in the home monitoring system with attributes Date, Time and Location (based on
Sensor Identifier). The presence of an elderly person (at the instant of time) was
known with the help of the real-time “ON” status of the respective PIR sensors
located at important places of the house.

! (MO: Microwave Oven; TR: Toaster; WK: Water Kettle, AD: Audio, HT: Heater; TV:
Television; DC: Dining Chair; BD: Bed; CO: Couch, TO: Toilet).
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6.2 Sensor Activity Pattern (SAP) Algorithm

The SAP matching process is principally mining the sequential pattern of the real-
time sensor stream. It is basically a novel depth-first strategy that integrates depth-
first traversal of the search space with effective pruning mechanisms. The pruning
mechanism is applied based on a support function which is dynamically adaptable
with the occurrence of the sensor stream in order to reduce the search space in the
depth first traversal.

6.2.1 Notations and Definitions of the SAP Algorithm

A sequence S =¢(S;,S,,S3,.....S) is an ordered list of PIR Sensor
Identifiers(SID) for 1 < L < F, where ‘F’ is a constant representing the number of
focal points under the monitoring environment (i.e., ‘F’ is the number of PIR
motion sensors required for tracking the movements of the elderly person and may
vary for different home environments). In the present HMS set-up, seven PIR
sensors were placed at different important places of the elderly home. A PIR
sequential Database is a set of sequences denoted as (PD). The length of a
sequence |S| is defined to be the number of SIDs in S. The number of sequences in
PD is denoted as |PD|.

A sequence s= (Sq,S;,S3,....5]) is called a sub-sequence of sensor
identifier’s S = (S;,S,,S3, o .. Spy), if 1<m. A sequential database PD is
generated from PD by deleting insufficient support sequences of PD. The
insufficient sequences term is related to the sequences that do not have sufficient
support in the database. The support sequence of the sequential database PD
derived from the PD is defined as

opp (S) = |PDS|/PD, where:PDg = {s;|s € s;A 5;€PD,i€1,2,3,..1} (61

The SAP is the term referring to the sequence supported by many PIR
sequences in the PD. The Expected Database (EDB) of an SAP has restricted
sequences of PD that Support SAP. A SAP of length ‘I’ is frequent if the sub
sequences are frequent. If SAP of length 1 is infrequent, then any lengthier SAP
that includes sequences will not be frequent and therefore exclude such SAP for
further processing. A node ‘n’ in the SAP tree is the time instance (Hour) of the
Day. 67! is the least length ‘I’ that SAP must have to support condition to be
called as frequent. Table 6.1 provides the details of the SAP algorithm.
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Table 6.1 Sensor Activity Pattern (SAP) Algorithm

Objective: What are the possible sets of sequences of PIR (motion) Sensor
Identifiers at a particular time of the day?

Input: File containing data with ON status of the PIR sensors and time
stamped event. (Initial Data Base contains all the active PIR sensors
information located at focal points of the house. As the Sensor Activity Pattern
Pruning process is running continuously, optimal sequences of active PIR (i.e.,
frequent sequence patterns of PIR sensors on a particular Day of the Week and
at a particular instance of Time) will be evolved with better support value for
sequence patterns).

Output: Possible active PIR motion Sensor Identifier sequences at a
particular instance of time.

Algorithm:

Sensor Activity Pattern-Pruning (node n= (s, S5, S3, .....5;), Sp)

(1) EDB = @,Support=0

(2) Foreach(i€S,)

3) If ((sy, S, S3, - - - Sy, {1}) is frequent )

4) EDB =EDB U {i}

(5) For each (i € EDB)

(6) Sensor Activity Pattern-Pruning((sy, Sz, S3, -....5;, {i}, EDB, all
elements in EDB greater than ‘i’ and satisfies Support(EDB) [/
Generating EDB at node i that satisfies Support for the SAP

(7) Support (EDB): Each Sequence in PD has SAP as its prefix. If SAP is
not frequent, and in order for the SAP to propagate to frequent then it
should have a length at-least 6~ 1(SAP).

The property of the support function enables the SAP process to have less
computational space. Ex: Let a sequence ‘S’ is represented at node ‘n’ of the EDB.
The largest SAP that S can support is of the length|S| 4+ |[SAP|. If ISHISAPI <
opp (SAP), then S is too small to support frequent patterns that have SAP prefix.
This property will be able to prune the space computation in terms of searching
the possible patterns of the sequential database. Each sequence in the tree can be
considered as a sensor sequence extended. A sensor sequence extended is
generated by adding new sensor_id at the end of the parent sequence in the tree.
The SAP process uses the ISIH+ISAPI < 075 (SAP) pruning principle to reduce the
search space for generating frequent sets of patterns. If there are no frequent sets
of patterns then the search space of the possible sequences of the sensor stream in
the tree sequence will be less. Thus, the SAP process will be able to predict the
possible sequence of sensor ids on a particular day at a particular time period.
Fig.6-2 shows the pictorial representation of the SAP process tree.
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Fig. 6.2 Sensor Activity Pattern Tree

6.3

Results and Analysis

The objective of the SAP method was to track the movements of an elderly person
and infer the top sequence of PIR sensing systems at a particular time (hour of the
day). It was beneficial to use a restricted number of movement sensors to
determine the physical location of the person at real-time. Fig.6-3 shows the
placement of PIR sensing systems at the focal points inside the house. It also
shows other different sensing systems for monitoring of different domestic objects
and effective reasoning of the well-being assessment. Seven fabricated PIR
sensing units are placed at the focal points inside the house to track the
movements of an elderly person. Fig.6-4 shows the movements of a subject inside
the house as seen on a webpage.
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Fig.6-5 shows the snapshot of the collected PIR sensor data in a database file of
the HMS.

~tinio '+ Options
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Fig. 6.5 Database file of PIR sensing systems data
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The PIR Sequence Database consists of the collected raw data of the PIR
motion sensors. The attributes of the table are the sensor identifier, time stamp,
channel number and status value. The raw PIR sensor data is processed at the
coordinator workstation of the sensor network to have the input data file of SAP in
the sequence form as (Day_of Week, Time_of_Day, Sensor_Identifier). A “one
minute” time window is considered as a set of sequence identifiers, so that the
sensor identifiers within the same minute are considered to be of a particular
“Sequence”. Fig.6-6 shows the fragment of the PIR sensor sequences on a
particular day and at a specific hour in a computer file for processing.

RZ #IRZ #IRZ #IRZ #IRZ #IRZ #)}R2 #IRE #IRE #}RZ #IRZ #HIET

#IRT #IRZ #IRZ #IRZ #1p2 #IRZ #IRZ #IRZ #IRZ #H#IKT HIKT

#IFR ET #IET #IET #}KET #}KT #}ET #}</20=

ET #IET #IET #IET #IET #!CR FR ET #IRZ #IpZ #H1=</19>

CER #}CR R3 FR #}ET #}</15>

BF. #}FER ET #}CR R3 FR #}R3 #IBE #}</14>

BE CR KT #}RZ #}RZ #}RZ #IET #}RE FR ET #1</08>

Fig. 6.6 Fragment of the sequence of PIR sensors at a particular hour of the day
The PIR Sensor ID’s order within a minute is considered as a “Sequence” and

has the delimiters as “#}” “</” Hour “>”. Ex: The meaning of a pattern sequence
“FR CR KT #} BK #} KT CR R2 #} </06>” is given in Table.6-2.

Table 6.2 Sensor Sequence Pattern Meaning

PIR pattern | Hour  of

sequence in a | the Day Meaning of the Pattern

particular

minute

FR CR KT #} 06 Front Door to Centre of the House to Kitchen
BK #} 06 Movements at the Back Door

KT CR R2 #} 06 Kitchen to Centre of the house to Room?2
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Fig.6-7 and Fig.6-8 show the graph and grouped matrix of frequent patterns
occurring between the PIR sensor-ID’s on a particular day (Tuesdays).

Graph for 52 rules

width: support (0.011 - 0.097)
color: lift (1.378 - 3)

{CR,FR,KT,R2,R3}

{FRIKT.R2.R3}p 1 PR KT,R2,R3}

A »

-~ {BK} {FR,R3}
Br.R2y {CR,FR,R2,R3} i g N >
{FR.R2} {FR,R2,R3} - CR}
[BK,CR.FR} (CRR2 i i
LCR, {BK.FR,R2,R3} IFR KT R3}

{BK.CR.FR,R2,R3}
{CR,FR,KT,R3}

{R2,R3} (BK.FRR3} {BK,FR,KT,R3}
KT}
{BK,R2,R3}
{BK,CR,R2} {BK,R3}
UL {CR.KT,R3}
{CR,R2,R3} {BK,CR,FR,R3} SRz 3
{BK,FR,R2} -~
‘4 ¥ {KT,R3}
{CR,FR,R2} {BK.CR,R3}
{BK,.CR.FR.R2}
{BK,CR,R2,R3} {BK,CR,FR.KT,R3}
{BK,CR,KT,R3} {BK,KT.R3}
.
- - {BK,CR.KT}

{FR}

Fig. 6.7 Frequent patterns (rules) of PIR Sensor ID’s on the Tuesdays movements in the
form of graph representation and the concentration of sensor IDs

The data considered for illustrating the SAP method is of an elderly person’s
movements at the subject house from 21-05-2013 to 06-08-2013(Only Tuesdays).
With the support of 0.011 there were 52 rules generated from the set of the PIR
database. The generated rules are based on the support description as discussed in
Eq.6-1. The frequent pattern PIR sensor IDs concentrated at the focal points (i.e.,
at different positions in the home) are shown in both the graphs. In order to avoid
the redundancy of the frequent patterns, the support functions as given in Eq.6-1 is
tuned to have less numbers of frequent patterns.

Thus, it was observed that the data generated from the home environment was
often dynamic, and the sequences of the sensor stream were changing over time.
To adapt the discovered patterns to the changes, the most frequent patterns of PIR
sensor activations of the elderly at an instance of time were maintained in PIR
sequence database. From the procedure as mentioned in section6.2, the frequent
patterns that are related to the focal point on each day of the week are depicted in
the graphs. Fig.6-8 shows the different balloon sizes indicating cluster size (big
size balloon indicates more frequent movements between the sensors at that
particular time). From the generated frequent rules, optimal patterns are selected
to know the status (position) of the elderly person at that instance of time which
will support in the assessment of ADL recognition.
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Fig. 6.8 Frequent patterns (rules) of PIR Sensor ID’s based on the Tuesdays movements-
Grouped matrix representation

6.4 Sensor Activity for ADL Pattern Discovery

The likelihood of ADL patterns are generated from the sensor stream data by
applying the SAP process. The temporal reasoning on the activity of the elderly
person is considered in the SAP process. Based on the real-time sensor stream and
the likelihood of ADL patterns, the behaviour of the elderly person is determined
as regular or irregular. The SAP method uses a depth-first strategy that integrates
depth-first traversal of the search space with effective pruning mechanisms. The
pruning mechanism is the same as described for the PIR movement’s recognition
as presented in section 6.2. The pruning mechanism is applied in order to reduce
the search space in the depth first traversal. The information required in the ADL
behaviour determination process is: i) sensor stream data consisting of week days
or weekends and time of the day. In this method, the time window of the day slots
is considered as three hour duration. Fig.6-9 shows the temporal map for
identifying the ADL behaviour of an elderly person during the particular time slot
on a particular day.
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Day1
Day2
Day3
Day4
Day5
Day6
Day0

sequence of sensor activity from
(9:00 am to 11:59 am) at subject #1 house

_____ 0 Toilet
IMicrowaveoven
|WaterKettle
Toaster
v
Room Heater
Washing mic
Dine Chair
Bed
Couch
Fridge
026 :GroomingCabinet

Fig. 6.9 Sensor sequence at a time slot during different days of a week

Table 6.3 1/0O files snapshot of the household objects sensor sequences to recognize the

ADL patterns
Input File contents
Sensor activity Output File contents from SPA process
sequence during trial Sensors Likelihood sequence
run
Day_ | Time | Sensor | Sensor_ID Meaning
of _Slot | _ID Sequence, (During (9-12)time slot and based
Week Delimiter on trial sensor activity sequence,
probable usage of household
appliances
1 1 10 | .. ]
1 1 25 10,18,25,26,-1 | Toilet->Bed->Fridge->Grooming
Cabinet
1 1 11 10,18,26,-1 Toilet->Bed
1 1 12 10,19,-5 Toilet->Couch
1 1 17 10,19,25,-5 Toilet->Couch->Fridge
1 1 19 10,19,25,26,-4 | Toilet->Couch->Fridge->Grooming
Cabinet
2 1 26 10,19,26,-4 Toilet->Couch->Grooming Cabinet
2 1 10 10,25,-7 Toilet->Fridge
2 1 11 10,25,26,-4 Toilet->Fridge->Grooming Cabinet

A lexicographic tree sequence is constructed in depth first traversal. Each
sequence in the tree can be considered as sensor sequence extended. A sensor
sequence extended is generated by adding a new sensor_id at the end of the
parent’s sequence in the tree. Ex: If we are currently at the sensor node for
sequence (10) and can reach sequences (10, 11), (10, 12), (10, 13). Then by
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pruning principle if (10, 13) is not frequent then (10, 11, 13), (10, 12, 13) all
cannot be frequent or do not occur. Table. 6-3 shows the temporary 1/O files
snapshot of the household objects sensor sequences to recognize the ADL
patterns.

As shown in table.6-3, the SAP process can predict the possible sub-sequence
of sensor ids at a particular time period and day of the week. A large set of sub-
sequences can be avoided by the pruning process. A probable set of sensor id
sequences obtained will be helpful to determine the performance of the elderly
person in using the household appliances during that particular time.

6.5 Outlier Detection

The objective of the outlier detection process was to recognize sensor stream
values that appeared very dissimilar from their spatio-temporal values in their past
(i.e., the values in the recent history of the sensor stream were different from the
past history). This issue is vital in WSN settings for the wellbeing determination
of the elderly person in a smart home environment because it can be used to
identify the ADL behaviour as regular or irregular. Even if the measurements
collected from the heterogeneous sensing systems are accurate, the recognition of
outliers (Elderly behaviour recognition as regular or irregular) determine an
effective method to focus on the interesting events in the sensor stream system.

The outlier detection strategy was based on a two level reasoning technique.
The first level of the reasoning took place during the daily activity recognition
process. The elderly independent operational performance was assessed in terms
of domestic appliances usages following data driven approach. Based on the
forecasting process the behavioral patterns of an elderly person are determined as
regular or irregular. If the actual duration was out of the range as given in Eq.6-4,
an irregularity flag was set.

The second level of the outlier detection reasoning task was to match the
activity patterns of the sensors obtained as a time series sensor stream for effective
recognition of the movements. The sequence pattern of the sensors with temporal
constraint was analyzed using SAP technique. The sequence of sensor streams on
the basis of the day of the week and time were considered in analyzing the pattern.
In the SAP technique the sequences of sensor stream are analyzed to check any
irregular behaviour.

The outlier detection strategy based on the two level reasoning techniques has a
notable feature: The recent past sensor data readings are characterized in spatio-
temporal reasoning, thus reducing the number of false warning messages about the
elderly behaviour recognition process.
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6.6  Chapter Summary

In this chapter, effective sensor sequence pattern matching technique associated
with the motion sensors for tracking the in-house movements of an elderly person
in a smart home was presented. The movements performed by an elderly person
were captured by the passive infra-red sensors and are transmitted wirelessly to a
central coordinator. The sensor data fusion of heterogeneous sensing devices
along with a motion sensor activity pattern enabled the system to have a proper
reasoning process for the wellbeing assessment. This sensor activity pattern can
assist the healthcare provider with an alert if the daily activity pattern is regular or
irregular. The system is robust and flexible for real-time monitoring of the
inhabitant movements in the assessment of daily activities performance.

The novelty of the presented task is the design and development of a procedure
for proper reasoning related to a set of motion detection sequences with a support
threshold, to detect a set of frequent sequences of movement’s activity that
happens at a particular hour of the day. The non-redundant generation of frequent
patterns related to movements of an elderly person, enables us to have an
appropriate ADL recognition of an elderly person happening at an instance of
time. Additionally, this will support proper wellness assessment even if the
person is not using any domestic objects in the daily activities performance.

Thus, the dynamic movements’ monitoring environment is guided by the
sequences’ behaviors of an elderly person in a smart home. The developed system
will be able to adapt to the changes in the discovered patterns in real time and
inform the probable patterns of PIR sensor activations at a particular instance of
time. This feature will support the proper assessment of the wellbeing of the
person living alone in their own home.

The SAP technique can efficiently discover the sequence sensor pattern that
satisfies the support strategy. The pruning time and computational space are
decreased thereby enabling a better reasoning process of the sensor activity pattern
in the wellness determination process. The SAP technique has been implemented
on two different reasoning tasks: i) movements of an elderly person inside the
house at an instance of time and as well in ii) determining the behavior of the
elderly person in terms of the ADL assessment. Thus, the SAP technique is a
valuable asset in the wellness determination process for reducing false abnormal
messages.
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Chapter 7
Conclusions

The presented work in this book is the on-going research and development
towards the transformation of old residential homes to smart homes. The need for
transformation is to monitor the well-being conditions of an elderly person living
alone in their home. Significant outcomes have been achieved in developing an
integrated health informatics framework for long term monitoring of an elderly
person living independently. The wireless sensing systems were indigenously
designed and developed at the Smart Sensing and Intelligent System research
group of Massey University, New Zealand. Novel artificial intelligent methods
have been devised to determine the wellness of an elderly person living alone. The
deployed sensor systems at the home of an elderly person do not require any direct
contact with the inhabitant. The ubiquitous computing environment allows the
elderly person to stay as they normally do while providing the monitoring system
to be able to recognize their daily activities, and assess and determine the behavior
of the elderly person as regular or not.

In this work, wellness is about monitoring the well-being condition of an
elderly person in performing their daily activities effectively at their home. A
wellness determination process helps the healthcare providers to see the
performance of daily activities of an elderly person. Data relating to the wellness
indices and daily activity recognition process can guide the healthcare
professionals to know the starting variations on the performance of daily activities.
The developed home monitoring system is robust and stable in executing multiple
tasks concurrently. The sensor data collection and the framework of the developed
HMS are capable of analyzing the sensor stream data in near real time. The
wellness determination process as presented in the present research study is a
novel framework verifying the behavior of an elderly person at three different
stages of daily living monitoring (i.e., usage of household appliances, recognition
of daily activities and forecasting about the household appliances usages). A
combination of the techniques will help in the reduction of generating frequent
false alarms from the monitoring system.

The developed system can be easily augmented with other co-systems such as:
i) physiological parameter monitoring and household energy consumption
monitoring systems: The physiological parameter monitoring system will provide
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supplementary information of health parameters like body temperature and heart
rate, so that elderly health perception and daily activity behavior recognition
together can be assessed to determine the wellness of a person. ii) A smart power
monitoring and control system has been designed and developed towards the
automation of household appliances and efficient usage of household electrical
appliances. The real-time monitoring of the electrical appliances can be viewed
through an internet enabled website. The developed system is robust and flexible
in operation. Local and remote user interfaces are easy to handle by a novice
consumer and are efficient in handling the household appliances operations. The
developed home monitoring software system efficiently collects the heterogeneous
sensor data in real-time. The presented results of the artificial intelligent methods are
executed in offline. However, the home monitoring system framework is capable of
executing the designed wellness determination methods in near real-time.

The human emotion feature extractions using a physiological parameters
monitoring system have not been fully realized into real time analysis. At present
the emotions have been determined based on the offline clustering process. As far
as the sensing units are concerned the developed system has shown accurate and
reliable readings. The system is capable of wirelessly communicating with the
computer and storing data into the computer for processing.

At present, the wireless sensing nodes do not have processing capability. It
would be better to have a sensor data event handling mechanism at the sensing
systems rather than at the data sink so that the overhead at the wireless data sink
can be reduced and efficient real-time processing of sensor data can be achieved.

The home monitoring software system was developed using the open source
software technologies for web based and computer based applications. The
computer based applications were executed through the windows based operating
system. It would be better to run the computer based applications using a real-time
operating system efficiently to analyze the sensor stream data in near real-time.

The analog data received from the sensing systems attached to the various
household appliances is continuous and huge. Efficient data storage mechanisms
are required to handle the “Big Data” of the continuous monitoring of usages of
household appliances. The methods presented in this thesis rely on the events data
generated from the household appliances rather than continuous data. Since, the
energy consumption monitoring system requires a continuous data reception
appropriate data handling algorithms need to be devised. Since, the same wireless
sensing systems are used for various tasks of the home monitoring system efficient
handling of continuous sensor data and security procedures need to be
implemented. The system can be deployed and tested at old age residential care
homes for assessing multiple elderly people behaviors who are residing at
different flats.
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