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ABSTRACT

Outdoor location determination is often achieved by using GPS, but indoor location
determination is not possible with GPS due to the limited link to satellites from indoor
environments. Research has indicated that indoor location determination is applicable in a
variety of domains, including asset location, location of people, emergency evacuation,
participant attendance in a venue, tracking of people’s mobility, and obstruction location. Cost,
energy consumption, interference, coverage, detection range and form factor are some of the
constraints reported in the literature. The attributes for further research were derived from these
constraints. Bluetooth Low Energy was identified as the most suitable technology with which
to design a model that would achieve an optimal balance between the identified attributes. The
research used Unified Modelling Language to document the model and design science

methodology to design, test and validate the model.

The introduction of obstructions in the path of transmission often affects the received signals
and hence affects the location determination. The connection quality indicator was used in this
model to determine location instead of the widely used fingerprint method, whose data
becomes unusable over time as it becomes stale and inaccurate. The design was tested with a
variety of obstructions, including drywall partitions, glass, solid brick walls, metal sheets and
Perspex, all of which were utilised to resemble a typical office environment. The received
signal strength indicator measurements from low power nodes were filtered and smoothed
using mean, median and mode statistics. This received signal strength indicator data was then
used by support vector machine, k-nearest neighbour and artificial neural network machine
learning models to determine the location and impact of the obstructions in the path of

Bluetooth Low Energy transmission.

The results obtained from machine learning and prediction revealed that the location of
obstructions was determined to be within an acceptable level of accuracy. In particular, k-
nearest neighbour performed the best compared to support vector machine and artificial neural
network using the mean squared error, mean absolute error, root mean square error and R-
squared score metrics. In particular, mean squared error and mean absolute error metrics
revealed the best results. The study indicates that machine learning can therefore be used to

determine positions of semi-fixed obstructions within a select indoor environment.
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CHAPTER ONE: INTRODUCTION

1.1 Background

The concept of indoor location is referred to as real-time location systems (RTLS), indoor
positioning systems and location-based systems. In the past several years, this has been a
significant field of study, garnering considerable interest from the networking research

community (Wang et al. 2015) .

Indoor localisation has reached a turning point due to the increasing demand for location
services provided by smart devices and related technology (Thaljaoui et al. 2015). With the
development of integrated, compact and power-efficient mobile sensors, indoor positioning
systems constitute one of the most actively explored fields in the domain of mobile sensing
(Chandel et al. 2016). Such indoor location is important for many applications, such as location
in large conference venues, complex hospitals, large shopping malls (Chandel et al. 2016) and
smart libraries or workplaces where objects need to be easily located (Dwiyasa and Lim 2016).
Other applications include health monitoring, intrusion detection, inventory management (Wu,
Tan and Xiong 2016), navigation and tracking, marketing entertainment location-based
information retrieval, and security (Basiri et al. 2017). Patient location is another important
application of RTLS, especially in cases where patients need to be easily located (Tanase and

Vulpe 2022).

Indoor positioning and navigation are currently well-researched topics as they are valuable for
industry and location-based system applications (Mendoza-Silva, Torres-Sospedra and Huerta
2017). In the case of healthcare, for example, the timeous location of medical equipment will
result in speedy delivery of treatment to patients. Proper asset management will lead to
maximising asset usage and, hence, return on investment. Asset location and tracking can also
be used to deter theft as well as to locate missing items. Tracking pathways can lead to the
gathering of data for more efficient service delivery, such as using proximity sensors to manage

congestion in a museum (Germak and Khan 2017).

Constraints such as cost and detection range (Tsang et al. 2015), energy consumption (Yu, Xu
and Li 2012), size and accuracy (Deng et al. 2013) were identified through a systematic
literature review and the discussions with industry members. Other constraints did exist but,

for the purposes of this study, were not identified as the most common by researchers and



industry. In order to overcome the constraints, the proposal is to enhance methods for improved

indoor real-time location system (iRTLS) research.

This improved iRTLS model must balance the selected constraints while minimising costs. For
indoor location determination, the most viable technologies were employed to develop a model

that provides the optimal balance between throughput, load balancing and energy consumption.
1.2 Problem statement

Due to real-world constraints, many of the proposed indoor iRTLS solutions are feasible only
in a laboratory environment rather than a real-world domain such as an office environment.
There are several key demands of indoor location systems, viz. accuracy, real time, cost
reliability and robustness (Roy and Chowdhury 2021). Zhu, Mukhopadhyay and Kurata (2012)
found that many models based on academic research are not implementable and, as a result, do
not aid practitioners. Organisations need accurate tracking and location of equipment and
people, but such solutions are hindered by factors such as cost (Wirola, Laine and Syrjédrinne
2010), form factor and electromagnetic interference (Bai et al. 2012; Gikas et al. 2016;
Behboodi et al. 2017). Consequently, there is a need for a viable, cost-effective iRTLS model
that can function optimally within the constraints of a selected domain, such as providing real-

time detection of obstructions.
1.3 Aim and objectives
Aim

The aim of this study is to design a viable, cost-effective iRTLS model that is able, by using

machine learning, to detect the location of obstructions within a simulated office environment.
Objectives
The objectives of the research are:

1. to determine the most viable iRTLS technology which balances the identified real-
world constraints of small form factor, low cost, reasonable accuracy and low power

consumption



2. based on this technology, to determine a workable range for the purposes of location
determination

3. based on this range, to develop a cost-effective model for a suitable layout of
various pieces of equipment that would meet the needs of location determination
within the constraints identified

4. based on this layout, to identify suitable methods to accurately determine the

location of obstructions within the identified environment.

1.4 Research questions

1. What is the most suitable technology which balances selected constraints that can be
incorporated within a viable model of an iRTLS that provides accurate location
determination within an acceptable range?

2. What is the most feasible method for obstruction location determination that is

compatible with the newly developed model of an iRTLS?

1.5 Contributions

The thesis aims to establish the most viable technology that satisfies the identified constraints.
A model was developed using this technology and the constraints. The research culminates in
the most appropriate machine learning metrics based on the machine learning method identified
for obstruction location determination. The selected method was validated through relevant
metrics. This machine learning method can be used to improve indoor real-time location of
objects and people. Although an indoor setting like an office was considered for this research,
other environments such as a hospital, an open-plan work space and partitioned offices could
also be simulated. Similar constraints will be present in these environments, and there will be

obstructions that interfere with signal transmission.
1.6 Success criteria

A variety of attributes may be considered for incorporation within the design of an indoor
location system. These attributes were reduced to six, based on a review of the relevant
literature in order to design a model with which to produce a feasible indoor location system.

The feasibility of this system is constrained by the characteristics of this particular domain.



According to the title of the thesis, the primary success criterion was to achieve a balance

between the majority of the selected attributes.
1.7 Significance of the study

As observed in the literature review, indoor location systems focus on precisely determining
the location of a selected entity. However, research does not explore the location of
obstructions in the path of transmission between the transmitter and the receiver. These
obstructions often affect the received signal and hence affect the location accuracy. The
contribution of the study is that it designs and validates a feasible, cost-effective iRTLS model
with enhanced techniques for improved location of stationary obstructions. The model is
accurate for the selected domain and requirements, and meets the identified constraints of
indoor environments. The model is also able to balance the identified attributes of power

consumption, cost and form factor.

The model mitigates some of the limitations of existing systems, such as high cost, high power
consumption, high form factor, practicality and applicability. The formula that determines
location uses a factor (path loss exponent) that ranges between 2 and 4 in free space, depending
on the environmental conditions. However, previously this factor could not dynamically adapt
to a changing environment. The model designed in this study is able to calculate this factor in
real time and in such a changing environment. This model identifies the location of obstructions
in a given environment by employing feasible machine learning techniques and the most
pertinent metrics. Once obstructions are located, this information can be used to improve an

indoor location system.
1.8 Scope

Scalability was not considered because the monitored environment could grow in size. Also,
scalability and determination of the shortest path could not be incorporated within the scope of
this work. The shortest path from source to destination is not considered, as this process would
consume more power. Therefore, simple devices were used to reduce cost and increase
feasibility of a practical solution. Accuracy was traded off against speed whilst using the
available resources. The focus of this research was on stationary obstructions rather than
moving entities. The researcher also wanted to achieve the goal of low power consumption,

that is, of minimising resource consumption.
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1.9 Limitations

A moving entity would consume high resources. Therefore, the researcher wanted to ensure
low power consumption, thus minimising resource consumption. The environment was a
simulated office that represented the real world. However, this may not have displayed all the
characteristics of a real-world environment as there are many variables that need to be taken
into account. There was no equipment that could be used to determine the effect of transmission

for location determination.
1.10 Chapter summaries

Chapter 1: This chapter presents the background, the research questions, the aims, the

significance of the study and the structure of the thesis.

Chapter 2: This chapter reviews the relevant literature in order to analyse the current
technologies and techniques applied for iRTLS. Furthermore, the attributes for consideration
in designing an iRTLS are identified. Machine learning techniques are considered for location

of obstructions in the Bluetooth transmission path.

Chapter 3: This chapter discusses the methodology used in designing the iRTLS, as well as
the techniques applied to determine the position of obstructions. Design science was used to
develop the required model and outline the steps followed to meet the objectives of the

research.

Chapter 4: This chapter presents the results obtained from the research and experiments
conducted, demonstrating the viability of the model. In addition, the results of the machine

learning experiments are presented, and an analysis of the results is provided.

Chapter S: This chapter concludes the research and addresses how the objectives were
achieved. The chapter further highlights the limitations of the study and presents new

opportunities for further research in this domain.



CHAPTER TWO: LITERATURE REVIEW

2.1 Introduction

This chapter begins with the definitions, concepts and domains related to iRTLS. The literature
review also includes an evaluation of the technologies and methods used for iRTLS, location
techniques used in iRTLS, and modelling use cases for experimentation. iRTLS can be used in
various domains that have their own constraints. The key attributes that need to be considered
in designing and implementing an iRTLS solution are covered in this chapter. Based on one or
more use cases/scenarios that require the detection of obstructions within the defined
environment, the subsequent main machine learning techniques used for these detections are

explored.

Although commercial systems that use various indoor location technologies are available, such
systems contain vague details and are surrounded by marketing hype. This lack of technical
detail on such proprietary systems limits one’s ability to make an informed and detailed
assessment. Attempts to contact companies with solutions have been unsuccessful. This study
is therefore based on academic literature from recognised journals and conference publications.
For example, Guimaraes et al. (2016) conclude that the search for a robust and accurate indoor
positioning system still remains open due to the issues with fingerprinting and the high cost of
infrastructure. Bai, Gu and Hu (2016) have also identified a lack of mature technologies for

highly accurate indoor location and tracking.
2.2 Real-time location systems

The terms location, localisation and positioning are used synonymously to indicate where a
person or an object is in an environment. This can be further divided into two broad areas,
namely outdoors and indoors. According to the International Standards Organization (ISO)
(2007)definition, an RTLS is a

combination of hardware and software that is used to continuously determine and provide the
real-time position of assets and resources equipped with devices designed to operate with the

system. (ISO 2007)

Indoor location refers to locating people or objects within a building such as a house, mall, or

hospital. Although Global Positioning System (GPS) technology makes it easy to detect people
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and objects outdoors, it is also important to establish the precise location of objects indoors in
real time. Due to infrastructure and equipment interference, indoor GPS monitoring is not
possible (Alexander and Kusuma 2019; Bai et al. 2020; Mahfouz, Nader and Abi-Char 2020).
This is because indoor GPS tracking requires a connection to both the GPS device and the
positioning satellites. Additionally, due to severe object occlusion and multipath effects of
signal transmission, satellite-based location technologies face numerous challenges (Li et al.
2019). Consequently, new technologies and techniques are needed for iRTLS. The Internet of
Things (IoT) is one of these new technologies that is increasing in popularity and becoming

more cost-effective to implement.
2.3 Typical use cases of indoor real-time location systems

There are a variety of domains where iRTLS can be used. Some of these include coal mining
(Song and Qian 2016), navigation systems for blind and visually impaired people, tracking
expensive equipment, tracking children in crowded places (Alarifi et al. 2016), disaster relief
(Lee, Jeon and Jeong 2017), robotic communication (Alsamhi, Ma and Ansari 2019), smart
cities (Alsambhi et al. 2019) and indoor intelligent vehicle navigation (Alsamhi, Ma and Ansari
2020). In addition, other significant advantages of employing RTLS include managing assets
to prevent loss, readily locating equipment (Wamba, Anand and Carter 2013) and determining

utilisation of equipment (Perry and Kocakiilah 2010).

The healthcare environment is an important domain where a multitude of applications can be
identified. An important one, the tracking of patients, personnel and assets (Khan et al. 2021),
is important in case of an emergency. Cost-effective and feasible solutions must be designed
for such environments. Researchers are therefore studying feasible solutions for patient and
asset location within the healthcare context. Well-managed implementations of iRTLS systems
in the healthcare industry can provide enormous value for patient and staff location (Potisek et
al. 2007) as well as improved service delivery (Attarha 2011). Yazici (2014) surveyed the
largest public health institution in Florida and discovered that real-time patient tracking was
one of the top two goals, followed by the location and tracking of assets like medical
equipment. The only difference between these two use cases is the technique of attaching the
locating device to the asset or patient. Such an application is also applicable in an office

environment where the location of assets is equally important and the location of personnel,



for example, in the case of a fire, is critical. Therefore, the office domain could be used to

illustrate the concepts, technologies and constraints of indoor location.

Fisher and Monahan (2012) examined the indoor location systems used by twenty-four
hospitals and found, at the time of the survey, that only eleven hospitals had fully working
systems. Although this could be attributable to a number of factors, one of the suppliers’ claims
was that the systems did not provide the promised precision. Future study is thus required to
confirm the consistency of detection accuracy claims. Furthermore, the above-mentioned
authors asserted that research attempts to improve RTLS have not progressed beyond the pilot

phase or laboratory testing (Shirehjini, Yassine and Shirmohammadi 2012).
2.4 Constraints of indoor real-time location systems

As mentioned above, there are a variety of domains where iRTLS can be applied. Each of the
domains can have different and sometimes common requirements and constraints within their
environment. In the context of the present research and type of domain, these attributes were
deemed significant and had to be balanced when determining an indoor location. Given the
domain chosen for this study, the power consumption of the device had to be minimal in order
to reduce the maintenance and replacement of its power source. Also, in an environment
containing equipment sensitive to electromagnetic interference, the transmission level had to
be reduced to prevent interference. These devices must be portable and therefore had to have a
small form factor. Some of these characteristics may be contradictory, such as power
consumption and maximising range, which necessitates greater power consumption. Therefore,
it was necessary to achieve an optimal combination of these attributes for a viable indoor
location system. A combination of technologies and techniques have been used in other studies
to mitigate these constraints and determine accurate location. However, a number of issues are
documented in the research that restrict cost-effective, viable, large-scale deployment. The
constraints are discussed in the sections that cover the identified technologies as these factors

are dependent on those technologies.

The primary concerns of research on this topic are the enhancement of localisation factors like
precision, computational complexity, deployment simplicity and cost (Thaljaoui et al. 2015).
Five main attributes were identified, namely cost and detection range (Tsang et al. 2015),

energy consumption (Yu, Xu and Li 2012), form factor and accuracy (Deng et al. 2013).



Depending on the example, the scalability attribute is also a crucial consideration. Identified
criteria were used to compare wireless fidelity (Wi-Fi), radio-frequency identification (RFID),
near-field communication, device-free localisation, Bluetooth Classic, Bluetooth, Bluetooth
Low Energy (BLE) and hybrid technologies with respect to their status as the four principal

technologies. These are examined along with their benefits and drawbacks.

There are numerous limitations in healthcare, with price and transmission power being two of
the most prominent (Alemdar and Ersoy 2010). The office environment, which is comparable
to that of healthcare, can serve as a model for the RTLS needs. Both environments have
additional constraints such as maximising battery life, using wearable devices with a compact

form factor, and the venue’s size and variable layout.

A total relative rating was adopted because of the difficulties of rating the overall cost, form
factor and energy usage. The range and precision of detection measurements depend on the
type of tag and technology employed. Consequently, measurements have a broad range and
vary based on the infrastructure employed. The selected technologies are the most suitable for
RTLS in an office context. The following are important factors to consider for the various
technologies: cost, because of the constrained budgets of institutions; size of the tag, since the
tag will be worn by individuals; energy consumption, to ensure long battery life and to enable
the battery to be as compact as possible; accuracy, to precisely locate a person or object; and

detection range, to reduce infrastructure.

Due to the nature of the chosen environment and its limitations, a number of different
technologies that can be utilised for localisation, including ultra-wide band (Deng et al. 2013),
were not considered. Furthermore, for a variety of reasons, including cost, they are not suitable

for large-scale iRTLS implementation.
2.4.1 Interference and range

Healthcare is one of the sectors that need iRTLS. An important constraint in healthcare is the
prohibition of interfering with the operation of any medical equipment (Yao, Chu and Li 2012).
Technical issues such as metallic object distractions and electromagnetic interference in
reading tags, impacting detection range and accuracy, were identified by Yazici (2014) as the
primary obstructions to RFID implementation. Despite the great potential of RFID for

positioning, its effective range is limited and its signal may be blocked by surrounding objects
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(Faruqui and Tayab 2008). Objects in motion will cause further interference, resulting in abrupt
changes in received signal strength indicator (RSSI), which, in turn, results in inaccurate

locations (Gikas et al. 2016).

Wi-Fi signals can be seriously affected by access points in the surrounding environment as well
as obstructions such as walls, floors and other devices (Bai, Gu and Hu 2016). In addition, Wi-
Fi-based positioning continues to experience inaccuracy due to unreliable signals and multipath
interference (Moghtadaiee and Dempster 2012). As the density of wireless devices grows,
wireless networks and services are more susceptible to interference from unintentional wireless

transmissions from other devices, resulting in packet loss (Behboodi et al. 2017).

It was also observed by Behboodi ef al. (2017) that the higher power interferences causes RSSI
levels to change, and when a certain threshold is reached the packet reception is no longer
possible. Causes of interference identified by Mainetti, Patrono and Sergi (2014) include errors
by multipath and non-line-of-sight conditions, presence of moving people that modify the
indoor propagation channel and greater density of obstructions. Mahfouz, Nader and Abi-Char
(2020) and Jain, Sashank and Markkandan (2021) also recognised that obstructions cause an
interference, loss of signal strength and fluctuation of signal strength between the transmitter
and receiver. Atashi et al. (2019) studied the impact of a wooden obstruction in the path of
BLE signal. They found that the RSSI levels received with the obstruction in the path were

lower than those received without the obstruction.
2.4.2 Coverage and scalability

A number of challenges plague the industry, preventing the wide-scale rollout of RFID
solutions. Wi-Fi access points are installed for optimal communication coverage at minimal
cost. However, these are not positioned for location-based systems and are not optimised to
scan for positioning (Powar, Gao and Harle 2017). In order to achieve a high degree of accuracy
for localisation systems using both fingerprinting and radio propagation techniques, the areas
to be covered need to be highly populated with access points (Le and Havinga 2017). Such
solutions to these problems are prohibitively expensive, preventing their widespread
application. Also, scalable systems incur a cost, but suffer from resilience difficulties since
they rely on opportunistic signals over which they have no control (Powar, Gao and Harle

2017).
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Bluetooth Classic has signal attenuation and interference issues in busy areas. BLE is an
upgraded and later version of Bluetooth that offers various advantages, including a smaller
form factor, lower cost and greater coverage. Research in iRTLS aims to produce a solution
that is robust, accurate and scalable. However, such systems rely on extensive infrastructure
installation and support that hinders scalability (Powar, Gao and Harle 2017). Furthermore, in
order to use RSSI values, a fingerprint needs to be referenced. However, such a fingerprint will
need continuous calibration when the environment changes (Le and Havinga 2017), which can
be very tedious if done manually. The alternative is to use additional infrastructure, but the
system complexity must be considered for scalability (Dwiyasa and Lim 2016). In addition,
there is noticeable variation in RSSI levels between devices of the same models and brands, let
alone those of different models and brands (Bai, Gu and Hu 2016), leading to uncertainty about

reliable coverage and scalability.
2.4.3 Power consumption

RFID uses passive and active tags for identification, and passive tags have a limited range.
Therefore, active tags powered by a battery would be used for location. However, despite the
great potential of RFID for positioning, there are limitations to battery life (Faruqui and Tayab
2008). Also, using Wi-Fi on low-powered devices will consume a lot of battery power (Powar,

Gao and Harle 2017), and battery life will therefore be limited.

Another technology used for indoor location is Bluetooth. Bluetooth Classic can transfer a large
amount of data, but has a shorter battery life and is more expensive than BLE or other indoor
localisation technologies (Zaim and Bellafkih 2016). Methods used to increase location
accuracy, for instance the Kalman filter, will increase form factor and power consumption due
to their increased storage requirements (Tsang et al. 2015). Hence, a solution will need to
balance the accuracy with power consumption due to the increased form factor. One such
technique, used by Barsocchi et al. (2017), is to transmit the signals at different levels, resulting
in a variation of power consumption at the different levels. The trade-off will be to transmit at
the lowest level to determine the acceptable accuracy. A localisation approach using
fingerprinting should be self-organising, lightweight and accurate (Le and Havinga 2017). A
solution for maximising battery power is to use the lowest levels of signal transmission level

(Pancham, Millham and Fong 2018), a finding synonymous with (Barsocchi et al. 2017).
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2.4.4 Cost

Cost reduction is a significant factor when implementing indoor RTLS (Wirola, Laine and
Syrjarinne 2010). RFID is a frequently examined technology in the realm of indoor location.
Although passive tags are inexpensive (Deak, Curran and Condell 2012), they require more
readers because they must be identified at a close range, hence raising the total cost. In addition,
systems require expensive and specialised equipment that must be installed and maintained
(Mainetti, Patrono and Sergi 2014). Active RFID tags are more expensive than passive RFID
tags, but their accuracy increases to between 1 and 2 m (Deng et al. 2013). Analysis by Yazici
(2014) suggests that the high cost of infrastructure and tags is one of the obstructions to a
widespread implementation of finding and monitoring both patients and assets. This conclusion
is consistent with prior research conducted by Reyes (2012), who discovered that cost was a
significant obstruction for both non-implementers and future implementers of RTLS,

specifically RFID.

As mentioned previously, RSSI requires continuous calibration for accurate detection (Le and
Havinga 2017). To reduce the amount of continuous calibration required entails using
additional infrastructure, but such infrastructure comes at an increased cost for large-scale
deployment (Dwiyasa and Lim 2016). Improvements in accuracy are possible, though, as
demonstrated by Moreira et al. (2017) who obtained an improvement in accuracy of 40% by
using five Wi-Fi interfaces in a real-world experiment. However, this will add to the

infrastructure cost, which will need to be balanced based on the requirements.

Several researchers and practitioners have utilised RTLS for localisation in various industries
for a number of years. Although much research has been conducted, a feasible solution that
mitigates the constraints identified, has not been determined (Dwiyasa and Lim 2016).
Consequently, new technologies and techniques for location and their improvements for iRTLS
need to be evaluated. In their research, (Adame et al. 2016) proposed investigating further
solutions to reduce energy usage and enhance the precision of localisation tracking in the
healthcare industry. They also identified challenges such as optimising the size, battery life and

memory capabilities of the device for an optimal RTLS.
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2.5 Indoor real-time location system technologies

Although iRTLS systems have been implemented in certain healthcare facilities in several
countries and utilising a variety of technologies, large-scale rollout faces a range of challenges.
(Pancham, Millham and Fong 2017) compared the most prominent iRTLS technologies and
their characteristics to the constraints highlighted in recent peer-reviewed studies and within a
healthcare context. The characteristics of the example are representative of many work
environments. Wi-Fi, Bluetooth, RFID, vision, ultrasound and infrared technologies were
evaluated. In addition to the example, hospital survey data from twenty-three United States
hospitals (Fisher and Monahan 2012) was utilised in the evaluation procedure. ZigBee is a low-
power wireless personal area network that uses the 2.4 GHz band. This technology employs
low-power, low-cost, compact radios that provide self-organised, multi-hop and reliable mesh
networking over a distance of 10 m along with a long battery life (Shukla and Bergmann 2004).
Although ZigBee uses low power and is available at low cost, it is not used for indoor location

due to unavailability of end user devices (Zafari, Gkelias and Leung 2019).

Near-field communication is another wireless technology used for short-distance data transfer.
In fact, the tag and the sensing device need to be in close proximity for communication to take
place. The most popular technologies such as Wi-Fi, RFID, Bluetooth and BLE are discussed
in more detail below. Several technologies such as ultra-wide band (Deng et al. 2013),
ultrasonic, infrared, standard television signals, physical contact and computer vision (Deak,
Curran and Condell 2012) were not considered for indoor iRTLS because they did not meet
the minimum criteria of the essential characteristics such as reasonable cost. Two main
technologies used in indoor RTLS are RFID and, much more recently, BLE. These

technologies are depicted in figure 2.1.

Technologies
for
Localisation

h 4 y v v 3
[ uwe ] [ zighee ] [ wiF | [ Bluetooth | | BLE |
[ infrared | [ RFID | [ Ultrasonic | [ LEDLights | [ Video ]

Figure 2.1: Technologies for localisation
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2.5.1 Wi-Fi

Wireless local area network (WLAN) uses the 2.4 GHz and 5 GHz bands for their transmission.
Wi-Fi is a popular technology studied for RTLS (Kjargaard ef al. 2013; Mathisen et al. 2016);
Wang et al. (2016) that connects a large number of devices indoors. The advantage of using
Wi-Fi is the use of installed infrastructure. The core architecture includes a wireless access
point and a Wi-Fi device with a Wi-Fi module for connectivity. This architecture is designed
primarily for data and information exchange using carrier-sense multiple access with collision
avoidance. The process is to check if the channel is clear to transmit a packet of information.
However, if the channel is busy, it waits a random amount of time and checks again. If the
channel is busy the system will wait, causing delays, and this will be an issue for real-time

location (Wang et al. 2013).

According to (Wang et al. 2013), “The concept behind Wi-Fi RTLS is that this technology can
utilise the existing Wi-Fi infrastructure to communicate with Wi-Fi tags.” Even after increasing
the number of Wi-Fi access points required for indoor location systems, however, determining
a precise location remains challenging (Paiva, Brito and Leiva-Marcon 2018). The limitations
of using RSSI from Wi-Fi networks are the volatility of signal propagation (Mathisen et al.
2016) and the uncertain fluctuation of measurements (Li ef al. 2016). Another issue with using
Wi-Fi is that Wi-Fi on mobile devices for location will have a high energy consumption
(Neishaboori and Harras 2013). To use Wi-Fi for RTLS, multiple Wi-Fi access points must be

deployed for adequate detection in order to achieve real-time tracking of assets or persons.

Using a single wireless access point, time difference of arrival, and RSSI, (Wang et al. 2013)
determined the position of Wi-Fi tags. The detection accuracy is approximately 3 m (Shirehjini,
Yassine and Shirmohammadi 2012; Deng ef al. 2013). However, this method adds to the
complexity of the hardware, as all devices must be accurately synchronised, thereby increasing
the cost. The value of devices that connect to the wireless access point will vary depending on
the capabilities offered. However, the battery life will be extremely short with added features.
Examples of solutions using Wi-Fi are Ekahau, Microsoft Research RADAR, Aero Scout, Intel
Place Lab and Pinpoint 3D (Deak, Curran and Condell 2012).

Wi-Fi location accuracy can be specified at the zone, room or sub-room level. Even in some
instances, Wi-Fi tags might be improperly recognised in a room, and moving assets cannot

detect signals due to barriers between the tag and access points (Wang et al. 2013). Wi-Fi
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networks are not designed for RTLS and, due to the increased traffic, the network performance
will therefore be compromised. In order to build a bespoke solution, the optimal compromise
between performance characteristics, user needs and environmental circumstances must be
established (He and Chan 2016). Wi-Fi scanning and algorithmic support should be based on

accuracy requirements, user experience and battery constraints (Neishaboori and Harras 2013).
2.5.2 Radio-frequency identification

RFID was one of the earliest technologies to be utilised in the production of RTLSs. It is a
technology that identifies and tracks objects using electromagnetic fields. An RFID system
typically consists of three components: an RFID tag, a scanning antenna and a transceiver. The
antenna scans for tags, and when a tag senses an activation signal, it transmits the data (Paiva,
Brito and Leiva-Marcon 2018). There are three classifications for RFID tags: passive, semi-
passive and active. Both active and semi-passive RFID tags use batteries to power their circuits.
The active tag transmits radio waves to a reader using its battery, whereas a semi-passive tag
relies on an external power source, such as the reader, to transmit radio waves. An antenna coil
plus a silicon chip with basic modulation circuitry and non-volatile memory constitute a passive
tag. These tags are entirely powered by the reader, which subsequently communicates the tag’s
unique identifier (Wang et al. 2013). Tag collision (in which readers simultaneously read
multiple tags and are unable to determine their individual identities) and reader collision (in
which multiple readers simultaneously read the same tag, resulting in duplicate locations) are
two additional technical issues with RFID that must be resolved (Paiva, Brito and Leiva-
Marcon 2018). These technical difficulties significantly impair detection accuracy. Anti-
collision algorithms that address some of these issues increases the system’s complexity and at

the same time decrease the efficiency of the location system (Su ef al. 2018).

Additional concerns that have been raised include privacy and signal interference (Yao, Chu
and Li 2012). Wamba, Anand and Carter (2013) conducted a comprehensive analysis of 215
academic articles pertaining to RFID applications. According to that study’s conclusions, the
total benefit of implementing RFID technology will depend on numerous aspects, including
cost. RFID does not have sufficient bandwidth for large-scale implementation of indoor
locating systems, despite the low cost of RFID tags (Teran et al. 2017). Notwithstanding the
substantial academic research conducted over the years of RFID’s existence to aid in the design

and improvement of RFID systems, there are still challenges that need to be overcome.
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Another issue, identified by Zhu, Mukhopadhyay and Kurata (2012), is that many models that
are based on academic research are not implementable and so are of no use to practitioners.
Even when implemented, the industry faces a variety of challenges that preclude a widespread
adoption. According to (Yazici 2014), the primary challenges to RFID implementation include
technical issues such as interference from metallic objects and electromagnetic interference
when reading tags, which affects detection range and accuracy, as well as the high cost of
infrastructure and tags. The high cost of resolving these challenges makes large-scale

implementation impractical.

Yazici (2014) notes that the cost of RTLS for patient and asset monitoring is a major
impediment. This is consistent with prior research by Reyes (2012), which noted that cost was
a significant obstruction for both non-implementers and future implementers of RTLS,
specifically RFID. A further shortcoming of RFID, as identified by Gulcharan et al. (2013), is
its inability to obtain an effective and precise data transfer to support continuous data
transmission. Lim, Bahr and Leung (2013) reviewed literature from 1991 to 2005 of RFID
implementations in warehousing. The study identified several limitations in these
implementations, including uncertain return on investment and poor performance, privacy and

security. This is consistent with the findings of (Yazici 2014).

Although passive tags are relatively inexpensive (Deak, Curran and Condell 2012), they
necessitate more readers because they must be identified at close range, hence raising the total
cost. Active RFID tags are more expensive than passive RFID tags, but their accuracy increases
to between 1 and 2 m (Deng et al. 2013). Therefore, the precision of the detection as well as
the detection range will depend on the type of tag employed. Some batteries have a lifespan of
a few months to a year, resulting in moderate energy usage. Once the battery and holder are
attached, the device becomes relatively large. RFID is not suitable for indoor location since it
cannot pinpoint the exact location of a tag; it can only indicate the location of an object within
a defined area. Moreover, there are significant expenses associated with implementing an
RFID system because a large number of antennae are required (Paiva, Brito and Leiva-Marcon

2018).

Hence, because of these disadvantages, RFID tags do not meet the constraints of cost, low
battery consumption and form factor. Passive tags require very close proximity to the readers

for detection. Active tags, in contrast, can be detected from a distance but would also require a
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power source. As previously observed from research, because this technology requires a direct
link between a tag and a reader, any obstruction in this path will affect the signal and hence the
location. This technology is limited to the identification of the tag and therefore cannot be
extended for data transmission. Although RFID has good coverage, it cannot be used for
location due to its poor accuracy. Passive RFID, meanwhile, has no battery — resulting in a
small form factor — but has a limited rage. Therefore, RFID is not a recommended technology

for indoor location.
2.5.3 Near-field communication

A more recent technology based on near-field communication is a passive one-way identifying
technique for very short distances that does not require batteries for its tags because power is
induced electromagnetically when an near-field communication reader is within range. This
method is only effective for data transfer over small distances, perhaps a few centimetres

(Cheng et al. 2016). Consequently, it cannot be utilised in an RTLS.
2.5.4 Device-free localisation

Device-free location does not utilise a dedicated location-determining device. This method
utilises existing infrastructure to pinpoint the location of an object or person. Indoor device-
free localisation uses various electronic means such as [oT and cameras to recognise human
behaviour (Lee, Park and Kim 2022). However, one of the main disadvantages of using
cameras is the invasion of privacy. Another method is to use the changes in the radio map
generated from the channel state information of the Wi-Fi signals (Gao et al. 2017). Using the
data from the radio maps, this technology applies deep learning to detect the location of a
human. However, according to Ding et al. (2022), whist this technology can detect the location
of a human and the related movement, it cannot be used as it does not give the unique
identification information required. Furthermore, wireless signals that are used to determine

location are also affected by variation in the environment.

Changes in the patterns of received RSSI levels can also be used to determine the location or
movement of an object, such as a human, by analysing the patterns of received RSSI levels.
(Abdull Sukor et al. 2020) used a deep multi-layer perceptron neural network to train and
classify RSSI sensor data from twelve Wi-Fi receivers. Their results showed that the deep

multi-layer perceptron had a higher accuracy of 84% compared to other models like a support
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vector machine (SVM) at 64% and a traditional multi-layer perceptron at only 55%. However,
the receivers in this case were only 1 m apart. This research concluded that more research
would be needed with receivers and sensors placed further away from each other. Device-free
localisation is useful, for example when searching for humans in the case of a disaster.
However, for the purposes of indoor location described in the present research, this method
will not apply due to the privacy issues of using cameras, the complexity of the system and the

inability to uniquely identify entities.
2.5.5 Bluetooth Classic

Bluetooth is a wireless technology that operates in the 2.4 GHz unlicensed industrial, scientific
and medical (ISM) band (Woolley 2019). Basic rate is one of the forms of Bluetooth, which
includes an optional enhanced data rate and alternate media access control and physical
extensions. These protocols are typically referred to as Bluetooth Classic and are used primarily
to connect a plethora of electronic devices such as headsets, cell phones, etc., and for audio
streaming at close range. There are both synchronous and asynchronous connections with data
rates of 721.2 Kb/s for basic rate and 2.1 Mb/s for enhanced data rate (Core Specification
Working Group 2021). Frequency hopping and time division after clock synchronisation of
devices are used to share the radio channel or data transmission and avoid interference.
Bluetooth Classic uses 79 channels with 1 MHz spacing from 2 402 MHz to 2 480 MHz, and

the channels are numbered 0 to 78.

Bluetooth Classic uses pairing between devices, and once paired they become
“undiscoverable”, hence raising questions regarding the early tracking approaches used in
previous research (Cominelli et al. 2020). (Cominelli et al. 2020) further conclude that
Bluetooth Classic is inadequate for ensuring user identity and location privacy and hence called
for revising the Bluetooth specification. Furthermore, Bluetooth Classic can transfer large
quantities of data, but consumes battery life quickly and is more costly than BLE or other

indoor localisation technologies (Zaim and Bellafkih 2016).
2.5.6 Bluetooth Low Energy

The second Bluetooth standard is BLE, which incorporates characteristics aimed at enabling

products with lower current consumption, reduced complexity and lower cost than basic
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rate/enhanced data rate. This Bluetooth variant is targeted at applications and use cases with

lower data rates and duty cycles (Core Specification Working Group 2021).

BLE utilises forty channels separated by 2 MHz in the unlicensed 2.4 GHz ISM frequency
band. BLE operates between 2 402 MHz (RF channel 0) and 2 480 MHz (RF channel 39). The
centre frequencies of the channels are defined as tk = (2402 + k * 2) MHz, with k € [0; 39].
Three channels (channels 37, 38 and 39) are referred to as advertising channels, while channels
0 to 36 are data channels (Pang et al. 2021). The advertising channels are positioned so as to
be unaffected by the non-overlapping WLAN channels 1, 6 and 11 in the ISM band (see
figure 2.2).

Compared to Bluetooth Classic’s 1 MHz channels, BLE’s greater channel width of 2 402 MHz
enables it to provide faster transmission speeds. In addition, these channels may send more data

due to the higher transmission frequency.

Data channels
Advertising channels

2402 MHz
2426 MHz
2480 MHz

W-LAN W-LAN W-LAN
Ch. 1 Ch.6 Ch. 11

.

2.400 GHz 2.4835 GHz

Figure 2.2: BLE channels

BLE has various advantages over Bluetooth Classic, including a smaller form factor, a lower
price and an increased range. Typically, a BLE system comprises a stationary anchor for
detecting tags, a tag and a location engine for calculating location (Han et al. 2015). BLE is the
IoT-specific power version of Bluetooth Classic, making it ideal for devices that run for
extended durations on power sources such as coin cell batteries or energy-harvesting devices.
Also, BLE transmits small packets of data whilst consuming significantly less power than the
previous version of Bluetooth Classic (Collotta et al. 2018). Because it consumes less energy,

the battery life will be extended (Taskan and Alemdar 2021).

19



Bluetooth Local Infotainment Point is an example of a Bluetooth system (Kolodziej and Hjelm
2017). It is a controlled network that provides access to local area network/wide area network
over Bluetooth (Deak, Curran and Condell 2012). Due to its restricted range, such a network
will require a number of Bluetooth Local Infotainment Point nodes to which Bluetooth devices
can connect. These Bluetooth nodes then grant access to the local area network/wide area

network.

Lee, Dong and Sun (2015) compared BLE and ZigBee technologies using a single fixed
distance of 1 m, but they were unable to determine conclusively which technology is superior
due to the fact that wireless transmission is greatly affected by real-world situations, such as
interferences from the actual environment. In addition, this experiment did not offer
measurements of features such as RSSI or throughput beyond the set distance, which are
required for a proper evaluation of network technology at the fixed distance. However, Collotta

et al. (2018) noted in their research that BLE offers a higher range and throughput than Zigbee.

BLE combined with beacon technology can cover up to 50 m (Cheng et al. 2016). Raza et al.
(2016) determined that the present BLE nodes’ point-to-point communication has limited range
and coverage over a short distance. One of the proposed solutions is a wireless mesh multi-hop
network with many nodes capable of inter-node communication to enable packet routing in
order to extend this limited coverage. This distance can be increased further with the

combination of existing technologies and more efficient algorithms.

The goal of work by (Han ef al. 2015) was to evaluate if people with BLE tags are reliably
tracked and detected. The system comprises a tag that transmits 2.4 GHz signals, a fixed anchor
that receives signals and a local engine that collects data and performs calculations. The benefit
of employing BLE tags is that they consume little energy and are inexpensive. Nevertheless,
Han et al.’s results demonstrated that detection was inaccurate for boundary circumstances,
particularly in permeable walls, whereas detection was more reliable when tags were closer to
anchors. Therefore, they determined that additional effort was necessary to increase accuracy.
Tagkan and Alemdar (2021) also observed a significant loss of signal through walls. In their
research, (Adame et al. 2016) proposed that industries, such as the healthcare industry, should
investigate alternate methods with lower power consumption and increased accuracy of
location tracking. Additionally, they recognised improving the size and battery life as

impediments to an ideal RTLS.
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In their research, Raza et al. (2016) determined that the point-to-point communication of the
present BLE nodes had limited range and coverage. As a potential solution, they proposed
employing a wireless mesh multi-hop network with numerous nodes capable of inter-node
communication to enable packet routing and extend this limited coverage. This distance can be

increased with the integration of current, more efficient technology.

BLE is one of the most common wireless technologies consuming low energy for short range
communications (Zafari, Gkelias and Leung 2019). Because of these advantages BLE has
become the de facto standard for IoT entities and is currently integrated into a multitude of
wearable technology (Bertuletti et al. 2016). This technology is well designed for location
determination using a wide range of techniques such as angle of arrival, received signal strength

and time of flight among others (Zafari, Gkelias and Leung 2019).
2.5.7 Hybrid technologies

A hybrid method uses multiple technologies to determine location. Because of the limitations
of Wi-Fi, Baniukevic, Jensen and Lu (2013) have proposed a hybrid method to determine
location, comprising of Wi-Fi and Bluetooth. Kao et al. (2017), in their research, also used
Wi-Fi to locate mobile devices using fingerprinting, and those devices were in turn used to
locate beacons using trilateration of BLE signals. Trilateration employs just distances and
coordinates derived from the geometry of circles to determine the location of an unknown point
(Paiva, Brito and Leiva-Marcon 2018). This hybrid method uses the cell phones of users of
hospital equipment to perform the location. This experiment achieved a 93% accuracy within
3.16 m for Wi-Fi and 90% accuracy within 1.21 m for BLE. It should also be noted that battery
consumption will be fairly high, especially when using both Wi-Fi and Bluetooth. Bai et al.
(2020), in their research in old-age homes, noted that the battery of a sensor is critical in indoor
location, with battery life needing to last in excess of a month. Several methods, such as those
applied in old age homes (Bai ef al. 2020), sometimes use personal devices for location, which
is not practical. Users are likely to be reluctant to use their own devices for such an application
for location. Also, these devices are onerous to carry and have applications that the elderly
would consider complex to use. A fingerprint database will become outdated as a result of the

changing environment, resulting in inaccurate locations.

According to Shang and Wang (2022), who conducted a survey of publications on wireless

networks between 2017 and 2020, the amount of research on Bluetooth networks was greater
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than that on Wi-Fi, ultra-wide band, RFID and Zigbee. They also highlighted that the
advantages of Bluetooth networks are low power consumption and ease of deployment. Also,
Basiri et al. (2017) found Bluetooth to have a better accuracy range, better coverage in indoor
environments and lower cost than Wi-Fi, ultra-wide band and RFID. Although wireless
transmission is a better option than the other technologies, these signals are affected by
attenuation, fading, shadowing, human movement and presence of interfering devices and

obstructions (Roy and Chowdhury 2021).
2.6 Evaluation of technologies

RFID properties are dependent on the tag type, either active or passive, and the associated
hardware (Tsang et al. 2015). RFID has a number of disadvantages, such as limited bandwidth
of RFID for large-scale implementation, interference, high cost, poor performance, very short
range of passive tags and inability to extend this technology for data transmission. These have
been identified in section 2.5.2. The price of Bluetooth Classic and BLE modules is
inexpensive, whereas the price of Wi-Fi modules is moderate to high (Deak, Curran and
Condell 2012). Bluetooth has a detection range of between 50 and 100 m. Wi-Fi accuracy
ranges from 10 to 20 m (Deng et al. 2013), whereas Bluetooth accuracy ranges from 10 cm to
10 m (Tsang et al. 2015). BLE, on the other hand, is accurate to within 3 cm to 5 m (Faragher
2014). Scalability is generally advantageous for all technologies (Deak, Curran and Condell
2012). Table 2.1 uses the following legend due to space constraints:

EC: Energy consumption
DR: Detection range
Cost and energy consumption constraints: L — Low, M — Medium, H — High

Size: S — Small, M — Medium, L — Large

Table 2.1: Technology attributes

RFID H M Dependson L Depends on tag type  Good with

tag type minimum of 2 tags
BT M M 100 m for S 10 cm to 10 m Good

class 1
BLE L L  High(50m) S 3cmtoSm Good
Wi-Fi M H upto200m L 10 m to 20 m Good
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The ground-breaking update to Bluetooth Classic, Bluetooth 5, was released in December
2016, and significantly improved the Bluetooth applications’ range, speed and broadcast
messaging capabilities. This update quadrupled low energy connection range and doubled

connection speed and throughput (Schultz 2016; Collotta et al. 2018).

BLE was found to be the most promising for use in indoor location when compared to other
technologies (Pancham, Millham and Fong 2017). Currently, indoor positioning is one of the
most important BLE applications. For instance, 75% of the leading American stores have
implemented BLE beacons for various uses (Nikoukar ez al. 2018). Low-cost and simple-to-
deploy technologies, such as BLE, for indoor location can also be used to monitor the location
of people, such as the elderly in a nursing home (Thaljaoui et al. 2015). BLE is used to mitigate
the high energy consumption demanded by Wi-Fi networks (Teran, Carrillo and Parra 2018).
Moreover, BLE-based infrastructure provides several advantages over Wi-Fi, such as low

power consumption and higher sample rate (Roy and Chowdhury 2021).

Various iRTLS technologies have been discussed above, indicating the wide applicability,
success and issues of these technologies for indoor location determination. These technologies
have been used in the domain of indoor location determination of objects and people. The most
appropriate technology that would facilitate a balance between the identified attributes was

selected for the present study.
2.7 Design models

Formal techniques and Unified Modelling Language (UML) are among the languages/models
that can be used to describe requirements, analysis and design of artifacts. Literature highlights
the reasons formal methods were not explored, including the challenge of comprehending
formal methods and the suitability only for large projects. UML is a standard, object-oriented,
visual language for modelling software-intensive systems (Milicev 2009) . Furthermore, UML
provides many perspectives of the system for diverse stakeholder groups (Booch, Rumbaugh
and Jacobson 1999). UML includes capabilities for all phases of the system development life
cycle. Consequently, models from one process can be readily moved to the following
workflow. For instance, use cases developed during requirements elicitation can be converted

to activity diagrams and then to system sequence diagrams used in detailed design. The end
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users can easily comprehend the scenarios and activity diagrams, whereas the developers will

use the use cases to proceed with the design and implementation.
2.8 Location determination techniques

Several algorithms are used to determine the location of a node in an indoor environment.
Methods such as time difference of arrival, time of arrival and angle of arrival can be classified
as deterministic algorithms. Due to the multipath effect of an indoor environment, deterministic
methods are difficult to use (Sun et al. 2020). RSSI, trilateration (D'Aloia et al. 2016) or
fingerprinting are some of the methods used to determine positioning. The RSSI technique is
the most popular method in distance estimation for wireless systems, with an average accuracy
error of 1-2 m (Bal et al. 2010). RSSI is also widely used for indoor location, mainly through

use of a fingerprint database.

Probabilistic algorithms use RSSI to determine locality. However, due to the varying nature of
the received RSSI level, preprocessing is required. One of the methods that can be used is to
average the levels received so that it can be used in further analysis by different algorithms.
Several techniques are used to improve the accuracy of systems (Mainetti, Patrono and Sergi

2014). Indoor localisation techniques are summarised in figure 2.3.

Ranging
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A 4 y
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Figure 2.3: Indoor localisation techniques

There are a number of methods for increasing accuracy, with the most prominent being the

RSSI technique, which improves accuracy to 1-2 m (Bal et al. 2010).
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2.8.1 Angle of arrival, time of arrival or time of flight

Angle of arrival and time of arrival or time of flight can be used for location determination
(Sadowski and Spachos 2018). The angle of arrival technique uses the phase difference of the
received signals at the antennas to calculate the location of the target. Angle of arrival can
provide accurate location estimation when the distance between the transmitter and receiver is
small. The accuracy decreases when the distance between the transmitter and receiver increases
because a small error in the angle of arrival calculation results in a magnified error in the loca-
tion determination. Therefore, angle of arrival is not suitable for indoor locations, considering

the constraints identified (Kumar ef al. 2014).

With time of arrival/time of flight, the propagation time of a signal between the transmitter and
receiver is measured and used to calculate the distance between the transmitter and receiver
(Nessa et al. 2020). This distance is then used for trilateration of the receiver’s position. In time
of arrival/time of flight, all devices must be time synchronised. This technology also requires
only one antenna per device and requires very high clock accuracy to obtain reasonable posi-
tioning accuracies. Signal bandwidth and sampling rate are key factors that contribute to loca-
tion accuracy. Although improvements can be made by improving these factors, localisation
errors cannot be eliminated when obstructions are in the path of transmission (Zafari, Gkelias

and Leung 2019).
2.8.2 Trilateration and Kalman filter

The primary function of signal processing filters is to reduce wireless signal noise and
distortion. Invented by the Hungarian mathematician Rudolph E. Kalman in 1960 (Kalman
1960), the Kalman filter is characterised by a sequence of recursive mathematical expressions.
The formulas give an effective and computable strategy for estimating the state of the

process and minimising the estimated mean square error.

Trilateration is a method used to determine the location of a node using the three ranges or
distances between a node and three points of reception. In the case of an indoor location, the
point of reception is the receiver that receives the RSSI signal. The attributes of the signal are
processed to determine the location depending on the technique chosen, such as the level of the
RSSI signal or angle of arrival of the signal, among others. Figure 2.4below is a simplified

representation of the layout of the transmitter and the receivers. The three circles represent the
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reception areas of the three receivers R/, R2 and R3, and the point of intersection of the three
circles represents the node N/ that needs to be located. This representation is an ideal situation
where the three circles intersect at a single point. In the real world, circles can intersect over an

area, or one or two circles might not intersect.

Figure 2.4: Trilateration

Canton Paterna ef al. (2017) used Kalman filtering on RSSI measurements to improve accuracy
of locations and then used weighted trilateration as an improvement on the basic trilateration.
The weighted triangulation method requires more than three receivers and gives more weight
to the receivers closest to the node being located. This combined method yielded an
improvement of 43.47% and 38.33% in a medium-sized room and a large-sized room

respectively.

Lee et al. (2019) proposed an improved filtering algorithm, Kalman-LULU, to reduce the
variation in RSSI levels for subsequent trilateration. The overall performance of their newly
proposed filter achieved 22.42% error when compared with the effective range, whilst reducing
error by 30% when compared with non-filtered results. Huang, He and Du (2019) used
trilateration, dead reckoning and a hybrid of the two methods for location determination. The
root mean square errors (RMSEs) of the three methods reported were 2.33 m, 0.82 m and
0.76 m respectively, indicating that the hybrid method was the best. Consequently, as

demonstrated by the studies above, the Kalman filter and then trilateration can be used to
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improve the accuracy of location. However, this adds to the complexity to the location

methodology.
2.8.3 Fingerprint

Another method used is the fingerprinting-based method to locate the BLE beacon in a defined
grid and then to limit these areas to a location of interest (Bai e al. 2020). It is used to determine
the position of sensors on people around key areas/stay points and obtain a good level of
accuracy (> 90%). However, the process of creating a fingerprint is a time-consuming and
tedious task, and it is even more difficult to keep such a database updated (Roy and Chowdhury
2021). This causes an increase in the discrepancy between the observed fingerprint and the test
fingerprints, which may result in lower accuracy. BLE fingerprinting promises high accuracy
provided that the training data is densely populated. However, this process is time-consuming
and does not adapt to environmental changes (Naghdi and O’Keefe 2020). Fingerprinting was
used by Tagkan and Alemdar (2021) in their multilateration algorithm to identify the best
matching positions in the given RSSIs. They noticed that fingerprinting takes into consideration
the environmental factors, thereby helping improve location determination. Furthermore, the
fingerprints database will need to be maintained and updated in real time when the environment

changes, for instance when obstructions are placed in the path of transmission.
2.8.4 Received signal strength indicator

The received signal strength is the actual signal power strength received at the receiver,
measured in decibel-milliwatts (dBm) or milliwatts. RSSI, meanwhile, is the received signal
strength indicator, a relative measurement of the received signal strength as defined by chipset
manufacturers (Zafari, Gkelias and Leung 2019). The distance d between the transmitter and

the receiver can be estimated from the following equation (1):

RSSI = 10nlogio(d) + A, (1)

where n is the path loss exponent (which varies from 2 for free space to 4 for indoor
environments) and A4 is the RSSI value at the receiver. The presence of the RSSI in the vast
majority of commercial off-the-shelf radio transceivers has led to the development of many
RSSI-based ranging algorithms that may be utilised without additional hardware (Thaljaoui et
al. 2015). The proliferation of IoT devices that make use of RSSI signalling makes this
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technology the most promising with respect to cost and simplicity, since no additional hardware

is needed (Mahfouz, Nader and Abi-Char 2020).

One major drawback of using an RSSI fingerprint database is the overhead involved in
maintenance of the database (Yoo 2019). RSSI requires a fingerprint with continuous
calibration, which can be tedious to update and could also provide incorrect data between
calibrations (Le and Havinga 2017). An available improvement of RSSI involves a Kalman

filter, which increases Bluetooth accuracy to 0.47 m (Tsang et al. 2015).

Another method is the inertial measurement unit, which uses additional hardware on the node
being located. These include an accelerometer, a step sensor and a gyroscope. Measurements
from these instruments are used the direction and location of pedestrian dead reckoning. This
method introduces errors as the algorithm would need calibration at regular intervals (Wu et
al. 2016). Therefore, this method is infeasible in many environments due to its high level of

maintenance.

The Kalman filter is a powerful method used to improve accuracy, but requires a large number
of RSSI measurements, which is therefore a limitation of this algorithm in terms of processing
and storage capacity (Tsang et al. 2015). Tsang et al.’s simple prototype with a rapid and
dynamic approach without detail calibrations delivered a fixed-point positioning error of

0.47 m.

The RSSI-based method of determining location is simple and cost effective, but the accuracy
is affected by signal attenuation resulting from obstructions such as walls and other large
obstructions, received signal strength fluctuation, indoor noise and multipath fading (Xiao et
al. 2013; Yang, Zhou and Liu 2013). Accuracy can be improved by using filters and complex

algorithms, making RSSI a feasible technique for location determination.

Pancham, Millham and Fong (2020) and Cottone ef al. (2016) used a link quality indicator to
form a footprint of RSSI levels between sensors and readers at known distances. This
information was then used to calculate the location of a sensor by using the RSSI levels of the
sensor and the footprint previously established. The advantage of this method is that the RSSI

levels are known in real time and therefore do not need to be stored in a database.
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2.9 Machine learning

Machine learning can be classified into supervised learning, where a machine learns from a
huge amount of training data, and unsupervised learning, where no training is required (Reddy,
Viswanath and Reddy 2018). Classification is a supervised learning technique where data is
classified into previously learned categories, while clustering is an unsupervised learning
technique in which data is partitioned into groups with comparable qualities (Erl, Khattak and
Buhler 2016). Although unsupervised learning can cluster data points, it is extremely difficult
to uncover underlying structures in unlabelled data (Dike et al. 2018). Semi-supervised
learning attempts to use minimal labelled data together with the majority of unlabelled data for
optimising machine learning (Roy and Chowdhury 2021). Consequently, as the present
research domain involves the determination of obstruction location, using machine learning
with specific coordinates that form labels along with their nodes is a preferred choice over

unsupervised and semi-supervised learning.

A properly labelled fingerprint dataset requires intensive data collection efforts (Roy and
Chowdhury 2021). However, the degeneration in performance limits use and large-scale
deployment (Li and Liang 2019). Nessa et al. (2020) identified the most popular machine
learning algorithms widely used for location determination as SVM, k-nearest neighbour
(KNN) and artificial neural networks (ANNSs). Other algorithms include Naive Bayes and

decision tree (Sabanci et al. 2018).

Machine
Learmning
v y v

— Supervised Semi-supervised — Unsupervised
> K Nearest Neighbour | - Artificial Neural Network |
> Support Vector Machine | | K-Means |
->| Bayesian Network | ->| Fuzzy C-Means I
o Naive Bayes | - DBSCAN |
->| Decision Tree | ->| K Nearest Neighbour |
> Random Forest |

| Artificial Neural Network|

Figure 2.5: Commonly used techniques in machine learning
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2.9.1 Artificial neural network

An ANN model comprises three layers, namely an input layer that is responsible for the input
data, a hidden layer to process that data and an output layer to produce the predictive results
(Alexander and Kusuma 2019). An ANN uses backpropagation to iteratively correct its

predictive errors (Nessa et al. 2020).

An ANN has the advantages of being capable of managing a large number of features,
categorising features efficiently and identifying and eliminating redundant features. The
training duration is relatively lengthy, and excessive noise has a negative effect on the results.

(Hwang and Chen 2017).

(Igbal et al. 2018) researched the tracking of patients and staff in a clinical environment. They
used a unique combination of a convolutional neural network and an ANN to improve accuracy
in location. Their results indicated that the combined use of the machine learning methods
outperformed the convolutional neural network, a thresholding model and a triangulation
classifier mode. Although the combination of methods produces improved results, the process
of determining the location of obstructions in a real time and in an indoor environment is time

consuming.

During the transmission of the radio signal, the signal experiences loss as determined by the
medium. (Giuliano et al. 2020) performed indoor localisation taking into consideration
obstructions due to humans, but used no architectural obstructions. They used a neural network
approach to convert RSSI levels to distances and reported error values around 1 m to 6 m,
depending on the scenario. In some cases, the signal level increased due to reflection of the
signal. Such changes to the signal strength depended on the type of obstruction and the position

of the obstruction between the transmitter and receiver.

ANNs are utilised for indoor location systems due to their robustness with regard to noise and
interference, which is one of the most significant elements affecting the accuracy of indoor
location systems (Nessa et al. 2020). Although this domain will always have some outliers in
RSSI levels, which an ANN is able to manage and still produce precise results, there will not

be a large number of outliers. Consequently, an ANN is suitable to be used for indoor location.
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2.9.2 Bayesian network

A Bayesian network is a probabilistic model based on the Bayes theorem. The network is a
directed acyclic graph in which nodes represent variables and edges represent conditional
relationships between variables. The Bayesian network approach is simple to apply and
provides a training model with less training data and reduces the cost of data collection in an
indoor setting. A Bayesian network assumes that all the features are mutually independent, but
in real-world scenarios this is very difficult to attain (Roy and Chowdhury 2021). Furthermore,

a Bayesian network is not accurate as it depends on probability.
2.9.3 Naive Bayes

The Naive Bayes algorithm is a probabilistic classifier similar to the Bayesian network
algorithm. The expectation is that each feature is independent and therefore makes an equal
contribution to the end result. Similar to the Bayesian network algorithm, this algorithm
requires a small number of training samples and is also easy to implement. However, Naive
Bayes assumes that the features are independent and contribute equal, independent weighting
to the end result (Roy and Chowdhury 2021). For indoor location the RSSI levels captured
depend on related layout and environmental conditions. Consequently, these conditions are
dependent features. Therefore, Naive Bayes is not suitable for the present research due to its

presumption of independence of features.
2.9.4 Decision tree

The decision tree algorithm uses a tree structure for the classification model. Each node in the
tree signifies a decision for an attribute to be made. Each path from the node connects to another
node or a leaf. The leaf node is used to predict the outcomes or a class label (Uddin et al. 2019).
Although this technique is easy to understand and implement, the algorithm generally results
in overfitting, which leads to a major disadvantage (Roy and Chowdhury 2021): each path to a
decision is not based on evenly weighting the different paths. Therefore, the split may not be
balanced and optimal, and this can be influenced by noise. This technique works well with
training data. However, if there is noise due to external factors in the indoor environment, this
process can result in bad tree construction, as the process does not take noise into account (Xia
2019). Majority classes are overrepresented whilst minority classes are underrepresented.

Complex decision trees are difficult to comprehend, which has a significant impact on overall
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accuracy (Maimon and Rokach 2005). Therefore, the decision tree algorithm is not suitable for

indoor real-time location.
2.9.5 Random forest

This algorithm uses a large number of decision trees to form a learning model. The final
prediction result is determined by the most common class predicted by each of the trees. Each
decision tree is used to determine a class, and the model’s final prediction is based on the most
frequent class. The easy-to-implement random forest model works by training itself and
thereafter dynamically adapting through continuous training (Gomes, Ahsan and Denton
2018). Due to the large positioning area and fingerprints of random forests, this algorithm
requires large amounts of resources, such as memory and processing power, to execute the
algorithms (Shang and Wang 2022). Hence, as it is time consuming to obtain a result with this
method due to the number of permutations, random forest is not a suitable algorithm for indoor

real-time location.
2.9.6 Kk-nearest neighbour

The KNN model creates groupings depending on the proximity of the data points. The
prediction of data points is achieved by comparing the proximity of new data points to training
data and identifying k neighbours with the highest degree of proximity to the new data (Nessa
et al. 2020).

(Teran et al. 2017) used two different algorithms, a KNN classifier using Euclidean distance
metrics and a k-means clustering classifier, to estimate the zone position of a BLE tag using
RSSI. The k-means algorithm yielded better results than KNN. The A-means clustering
algorithm can provide good localisation performance, but it cannot remove noisy points (Shang
and Wang 2022). (Sabanci ef al. 2018) analysed the Wi-Fi signal strength in four distinct rooms
with numerous machine learning methods. ANNs, KNN, decision trees, Naive Bayes, extreme
learning machines (ELM), and support vector machines (SVMs) were among these methods.

Their findings demonstrated that KNN performed the best.

KNN has the advantages of making no assumptions regarding the distribution of the data
collection and allowing multidimensional data (Hwang and Chen 2017). Some of its

disadvantages include slow classification speed, the requirement that all training sets be
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retained in memory and sensitivity to noise. KNN does not perform well with huge and high-

dimensional datasets (Nessa et al. 2020).

The characteristics of the present research domain include that no prior information is available
on the data collected, and a low-dimensional and relatively small dataset, all of which fit well
with the advantages of KNN. Consequently, KNN was deemed one of the most suitable

machine learning methods to be evaluated for location determination.
2.9.7 Support vector machine

The foundations of SVMs have been established and have gained popularity as a result of their
many promising characteristics, including improved empirical performance. SVM is one of the
supervised machine learning algorithms. (Cortes and Vapnik 1995) initially defined SVM to
resolve discrimination issues such as classification and regression analysis. This classification
is based solely on the observation of a sample of the form [(xi; yi), i: 1..., n], where x; is the i
input and y; is the corresponding output. The objective of SVM is to find a hyperplane or a set
of planes in the N-dimension (where N is the number of features) to distinctly classify the
sample points (Roy and Chowdhury 2021). The most prominent kernels in SVM use for indoor
location determination include the polynomial, Gaussian, radial basis function and sigmoid

kernels (Salamah et al. 2019).

Chriki, Touati and Snoussi (2017) found that it was difficult to use only RSSI to perform
location determination due to the unpredictable and dynamic nature of signals. Therefore, they
used SVM with polynomial and Gaussian kernels with RSSI to perform localisation. However,
this was based on a zone, such as a room or corridor, of the target rather than the exact
geographical location. This degree of accuracy is acceptable in some scenarios. They also
compared the results obtained from ANN and found that SVM yielded better results for
localisations. SVM has also been used by other researchers (YuFeng et al. 2014); (Wu, Liu and

Liu 2016) for location determination.

(Janicka and Rapinski 2016) used RSSI-based fingerprinting together with machine learning
methods such as SVM with radial basis function kernel and nearest neighbour for indoor
location. They noted that when the environment is not affected by disturbances, the choice of
classification method was less important than in environments that are affected by disturbances.

In their experiment the best result was obtained with SVM.
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SVM scales well with high-dimensional data, performs well with unstructured and semi-
structured data, and small changes do not affect the hyperplanes (Hernandez et al. 2016). Due
to the issues of Wi-Fi received signal strength, such shadowing attenuation and multipath
propagation (Chriki, Touati and Snoussi 2017) used SVM to determine the zone of a target.
They used SVM as it can easily adapt to multiclass classification problems like indoor
localisation. Such an environment has varying numbers and types of obstructions at discrete
locations. SVM is able to detect and categorise nodes into different classes based on their
features. Other advantages include fast convergence speed, strong generalisation ability,
multiple adaption methods and easy integration (Shang and Wang 2022), ability to manage
high-dimensional data, and limitation of the effect of outliers (Otchere et al. 2021). The
disadvantages include high resource requirements, longer training times, required selection of
a suitable kernel function for high-dimensionality problems (Ahmadi and Bouallegue 2017)

and poor performance given noisy data (Otchere et al. 2021).

For SVM, choosing the most suitable kernel is critical to obtain optimal results (Cortez et al.
2009). Various sigmoid kernel parameters need to be selected carefully to avoid errors in the
results. The polynomial kernel is appropriate when all training samples are normalised. The
radial basis function kernel, however, performs best in a low-dimensional dataset (Al-Mejibli,
Alwan and Abd Dhafar 2020). The radial basis function kernel was therefore selected because
the present research domain has a low-dimensional dataset, the training samples were not
normalised since the data capture was already in a uniform scale, and parameter selection such

as that of sigmoid is outside the scope of the thesis.

Given SVM’s fast convergence speed and its effect on outliers, SVM was chosen as a suitable
method, particularly in the present domain where there will be several outliers resulting from

RSSI levels captured from the environment.
2.9.8 Metrics for evaluation

The most common metrics used to measure machine learning models include classification
(accuracy, precision, recall, F1-score, receiver operating characteristic curve and area under
the receiver operating characteristic curve) and regression metrics (mean squared error (MSE)
and mean absolute error (MAE)). Classification accuracy is the number of overall correct
predictions, whilst precision is the performance within a class. Classification metrics are used

for binary identification of entities. True positive and false positive are a viable metric in
34



classification metrics but this results in a binary decision (Choudhary and Gianey 2017). Such
a binary decision will determine whether an obstruction exists at a given location or not. The
objective, however, is to determine how precisely the location of an obstruction may be

determined. Hence, classification, with metrics, is not deemed suitable for this study.

Regression models are another family of machine learning and statistical models that are used
to predict a continuous target value. In the case of the location of an obstruction, the aim is to
establish how accurately the position can be determined. However, this research is focused on
determining the error of prediction versus the actual location rather than determining if an
obstruction is at an exact location or not. This again indicates that classification, with metrics,

is not suitable for the goals of this study. This study is more suited to regression models.

In some instances, RSSI levels vary depending on environmental factors, causing the regular
occurrence of outliers. These outliers need to be minimised in order for the data to be utilised
in subsequent location determination algorithms for accurate predictions (You and Wu 2019).
Recent research shows that MSE is one of the most crucial metrics for regression problems
such as indoor location determination (Roy and Chowdhury 2021). MSE finds the average

squared error between the predicted and actual values, which are shown in equation 2.

MSE = I/N ZL,(yi — §i)* (2)

where
y; 1s the predicted value and

¥i is the actual value.

In indoor location experiments it was determined that MSE outperformed other metrics, such
as MAE, in achieving prediction accuracy (Zhang, Qu and Wang 2020). Consequently, MSE
was chosen as the predominant metric for determining prediction accuracy in the present

research.

Some predictions use the root mean squared error (RMSE), which is the square root of the
MSE. However, the RMSE metric is prone to outliers, and these outliers influence the error

(Chicco, Warrens and Jurman 2021).
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MAE or mean absolute deviation is another metric that finds the average absolute distance
between the predicted and target values and is more tolerant to outliers. MAE is defined in

equation 3.
MAE = I/NYN, lyi — il (3)

It is important to note that MAE and MSE are frequently utilised metrics for indoor fingerprint-
based location determination (Alhomayani and Mahoor 2020). Moreover, according to Hyder
et al. (2021), MAE, MSE, RMSE and the R-squared score (R2) are the most popular metrics
for evaluating indoor location methods. MAE calculates the absolute distance between the
predicted and actual value, whereas MSE significantly penalises larger errors or outliers by
squaring the error distance (Santos and Krishnan 2020). This study seeks to identify the method
that produces a majority of predictions that are close to the actual value (actual indoor location),
while minimising outliers caused by environmental conditions affecting RSSI signals, as
opposed to identifying the method that produces the overall average error distance, which may
contain undesirable outliers. MSE is thus the preferred evaluation metric for the purposes of

this research.
2.9.9 Results of use cases of machine learning for location determination

Machine learning techniques are often used for iRTLSs (Khatab, Hajihoseini and Ghorashi
2017; Luo et al. 2019). Juri, Arslan and Wang (2016) used an algorithm to improve location
accuracy in line-of-sight and non-line-of-sight environments. In non-line-of-sight
environments, they used concrete walls as obstructions between the transmitter and receiver.
Their research identified the two environments using standard deviation. Based on this
observation, the algorithm was applied, showing an average improvement of 1.13 m compared

to positioning without the algorithm.

(Ahmadi and Bouallegue 2017) note that machine learning accuracy is obtained with no
additional hardware requirements and a simple implementation, thereby reducing the cost and
energy consumption. In their performance evaluation, they observed that the Naive Bayes
algorithm outperformed the decision tree, SVM and KNN, whilst decision tree and SVM
presented a low localisation error compared to the KNN algorithm. It was noted that the main
disadvantage of SVM methods is the parameter calibration, which requires a high

computational cost.
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(Teran, Carrillo and Parra 2018) used SVM and KNN classifiers for indoor location with Wi-Fi
and BLE networks. Their results indicated an accuracy level of 75% for a combination of Wi-Fi
and BLE using KNN, 68% for a BLE network using KNN and 60% for a BLE network using
SVM.

Mahfouz, Nader and Abi-Char (2020) recognise that in some use cases it is adequate to identify
the location of a sensor in a zone, for example a room, instead of determining the exact coor-
dinates. They used KNN and SVM on received RSSI levels and fingerprint data and obtained
good classification accuracy to locate sensors in the zones. The classification of a sensor to an

area rather than an exact location is supported by Janicka and Rapinski (2016).

Hsieh et al. (2019) experimented with BLE equipment in a lab environment, collecting RSSI
levels at several points averaging 100 values, and then preprocessing this data with a Kalman
filter. They then used three different machine learning algorithms, namely KNN, SVM and
random forest, to train on the data collected and thereafter predict the position. Results showed

that accuracy of the KNN algorithm was marginally higher than SVM and random forest.

Atashi et al. (2019) used a fusion framework consisting of a particle filter together with KNN
machine learning to improve location. They observed an improvement in location accuracy.
Jain, Sashank and Markkandan (2021) noted that an indoor environment is affected by multi-
path propagation and interference. They employed machine learning classifiers to compare the
performance of the random forest, XGBoost, decision tree, KNN, and support vector classifier
machine learning algorithms for location determination. Their results showed that random for-

est machine learning performed better than the others.

Although Wi-Fi demands more resources, (Teran, Carrillo and Parra 2018) used a combination
of Wi-Fi and BLE RSSI levels with KNN and SVM machine learning classifiers to estimate
location. Their results showed that the KNN classifier of four nearest neighbours delivered
better results. Sun et al. (2021) proposed a novel convolutional neural network architecture for
determining the position of a moving user in a complex indoor environment. They compared
the convolutional neural network with KNN, decision tree, logistic regression, SVM, ANN and

DNN and found that their newly formulated method yielded the best results.

(Alexander and Kusuma 2019) improved location using Bluetooth and ANN, multiple linear

regression, random forest regression and support vector regression machine learning models.
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Their results indicated that the support vector regression model performed the best out of the
selected models. Yuan ef al. (2019) found that the KNN, SVM, random forest and multi-layer
perceptron together with a particle filter improve the accuracy of indoor positioning. Their
results showed that random forest displayed the highest improvement of the selected machine
learning models. Yin and Lin (2022) also noted that the most common machine learning algo-

rithms for indoor positioning are KNN, SVM, decision tree and random forest.
2.10 Effect of obstructions

To comprehend the indoor RTLS technologies, one must examine the first advancements in
this field, such as the RADAR system. This system was one of the first to utilise radio beacons
and RSSI data for localisation purposes (Thaljaoui er al. 2015). Several researchers have
employed RSSI for indoor location in conjunction with other techniques, such as triangulation,
trilateration and fingerprinting, to improve its accuracy. Obstructions, such as partitions and
walls, degrade and, in some cases, totally block the signal intensity, necessitating the use of
these distinct techniques to determine and increase the accuracy (Abdullah et al. 2015). Other
obstructions include furniture (Mahfouz, Nader and Abi-Char 2020) and the movement of
people and equipment (Hazar et al. 2020) in an indoor location. Obstructions such as metal

will cause reflection of the signal (Sthapit, Gang and Pyun 2018).

An indoor environment is characterised by many fixed obstructions (such as furniture and
equipment) and moving obstructions (such as people) (Hazar et al. 2020) between the

transmitter of a Bluetooth signal and the wireless access point.

(Naghdi and O’Keefe 2020) note that signal attenuation arising from obstructions, such as from
shadowing, is difficult to model and therefore this effect is neglected in literature. They further
note that to adequately model RSSI propagation, all obstructions need to be considered within

this complicated environment.
2.11 Research gap

Researchers have employed diverse technologies and strategies for indoor localisation.
However, the lack of research that considers obstructions in the path of transmission provides
an opportunity for new methods, technologies, algorithms and location methods to be defined

(Naghdi and O’Keefe 2020). The location of obstructions can be used to improve indoor
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location determination. Since machine learning has the ability to learn from input data, this
technology has the advantage of improving positioning accuracy, particularly where the
variation in measured RSSI levels in indoor positioning systems pose a challenge (Nessa ef al.
2020). Machine learning is proposed to be used for identification of obstructions in a noisy

environment.

From the literature reviewed above, SVM, KNN and ANN were among the most commonly
used methods in the field of indoor positioning in the last six years. Other common methods
such as Bayesian networks, Naive Bayes and decision trees, among others, are impractical to
be used in the real-time environment, especially for indoor location. Although other methods
do yield good results, the choice of method is based on the feasibility of the method, such as
for high resource requirements and complexity. Furthermore, the advantages and disadvantages
of the various methods employed in indoor location were reviewed. The methods that yield the
best results were considered. Other machine learning methods are applicable, but they do not
meet this study’s identified criteria and constraints, notably cost, form factor, time and practical
implementation. Other considerations were training time, transfer learning time and the

difference between the training environment and the live environment.
2.12 Summary

There is no optimal solution for indoor location systems, and the best choice of technologies
for these systems depends on many factors that have to be carefully balanced: complexity of
the environment, economic costs, user requirements and technical parameters, among many
others (Moreira et al. 2017). Aspects such as accuracy, robustness, scalability and coverage
must also be considered when selecting the optimal technology for the construction of an
indoor localisation system. There are also constraints in the environment, such as power
consumption, low transmission level and form factor. These constraints have been explored
together with various indoor location methods. The techniques for determining the location of
these technologies were researched and BLE was found to be best suited to meet the criteria

identified.

Several machine learning techniques have been employed to enhance location determination,
according to the reviewed literature. For indoor location, SVM, ANN and KNN are the most

common algorithms and MSE, MAE and RMSE were frequently employed metrics for these
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machine learning models. Research on locating obstructions has not been carried out by
researchers, providing an opportunity for a new research domain. The complexity of location
increases severalfold when obstructions are in motion, and this area will therefore be outside

the scope of the present research.
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CHAPTER THREE: METHODOLOGY

3.1 Introduction

A methodology in research relates to the underlying approach and justification within the
domain of study. It entails studying the methodologies employed in the domain and the theories
or principles underlying them in order to design an approach that meets the study’s objectives.
The methodology outlines the paradigm, design and methods to be used during the research. A
description and justification of the chosen methodology, methods, technologies and settings
form the basis for conducting the research. This chapter presents how the research was
conducted in the collection and analysis of data, and provides a justification of the method

employed.
3.2 Paradigm and methods

The required strategy for conducting research involves the interaction of philosophy, study
designs and particular procedures (Creswell 2013). The selection of research philosophy,
design strategy and techniques will depend on the researcher’s field, beliefs and experience.

This will serve as the basis for the study’s methodology and design.
3.2.1 Research paradigm

The research strategy for the construction of an iRTLS model must incorporate the researcher’s
philosophical viewpoint, study designs and research methods. Other authors refer to these
perspectives as “paradigms” or distinctions in epistemology or ontology. According to
Creswell (2013), worldview is a general philosophical perspective on the world and the essence
of the researcher’s contribution to the study. As summarised in table 3.1, Creswell explains
that these worldviews can be classified as constructivist, positivist, post-positivist, pragmatist

or transformative methods.
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Table 3.1: Four worldviews (Creswell 2013)

e Determination e Understanding

e Reductionism e Multiple participant meanings

e Empirical observation and e Social and historical
measurement construction

e Theory verification e Theory generation

e Political e Pluralistic integration of two or

e Power and justice oriented more worldviews to solve a real-

e Collaborative world issue

e Change oriented

e Experimental
e Reliance on current theories and methods
e Reliance on established procedures for achieving quality

According to Guba (1994), when defining a paradigm, the following three questions must be

addressed:

1. What is the nature of the discussed reality (ontology)?
2. What are the aspects of knowledge (epistemology)?
3. What is the most efficient approach (methodology) for acquiring the necessary

knowledge and comprehension?

Positivism is based on objectivity that applies established procedures to examine phenomena,
generalise reality to develop a model, and assess the quality of the resulting output (Lincoln
2011). Positivism entails utilising current methods or developing new methods by adapting
existing methods (Creswell, 2013). This version of positivism also incorporates a reductionist
approach, as the goal is to reduce concepts into a discrete collection of ideas in order to analyse
the variables comprising hypotheses and research questions. Post-positivism, like positivism,
posits that an underlying theory can be replaced with a derived theory. If there is no verified
theory, this worldview is irrelevant. A transformative worldview incorporates studies on

political strategy and transformation (Mertens 2015). This viewpoint is inapplicable if research
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is unrelated to political transformation. Another viewpoint, constructivism, focuses on the
different opinions of community members. The constructivist worldview is incompatible with

research that depends solely on objective facts and disregards participant viewpoints.

After analysing the paradigms presented in the literature and comparing them to the research
environment, positivism was deemed the most suitable research paradigm for the study. This
research environment was restricted to collecting empirical data from machines, which is
consistent with the positivist worldview, as opposed to using research based on the perspectives
of research environment participants (constructivism), validating an existing theory (post-
positivism) or advocating for change on behalf of these participants (transformativism). Since
this research is aligned with the positivist worldview, there is no need to investigate other
worldviews (such as pragmatism). Due to its use of mathematical formalism, reductionism and
reliance on proven methodologies and theories for both development and quality, positivism

was chosen as the most acceptable paradigm.
3.2.2 Research design

The research design was based on a positivist experimental methodology in order to provide
an objective, tangible iRTLS model. The research approach used for this research was design
science with iterative experiments involving development, simulation and testing. The primary
objective was to use machine learning to determine the position of obstructions in the path of
Bluetooth transmission. In order to achieve the primary objective, the environment needed to

be established through research, experimentation and design.
The main phases are as follows:

1. Identify the most suitable technologies that can be used for an iRTLS.

2. Identify the range of the selected location technology through experimentation and
analysis.

3. Establish the constraints, including the range, under which this system needs to operate.

4. Evaluate the most feasible methods for location determination within the constraints.

5. Develop a scalable design model based on initial fingerprinting of the environment and
subsequent quality link indicator to establish expected values in an obstruction free

environment.
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6. Based on this model, investigate changes in received values using the selected
technology that indicate possible obstructions in the path of transmission within the
given environment.

7. Based on the changes of these received values, train the selected machine learning
models. Based on the trained machine learning models, predict the location of these

obstructions, and evaluate the results.

As workplace in this study was simulated, the constraints that would be experienced in a typical
office environment needed to be considered. Such constraints included obstructions, cost, form
factor, energy consumption, low transmission levels, location accuracy and detection range.
Cost is a factor that sometimes limits technologies’ ability to be location-based. Consequently,
location-based technologies needed to be scaled up or down to provide for resizing of the
network as well as the varying number of devices in the network. An important factor was
energy consumption, which needed to be minimised to ensure that battery life was maximised.
Efficient algorithms had to be designed to balance energy consumption and the availability of
accurate real-time location. In certain sensitive environments, the possible electromagnetic
interference would have to be minimised whilst balancing transmitted signal strength with
maximum detection range. In some instances, obstructions prevent a signal from reaching its
intended target entirely. Therefore, it was essential to identify the exact location of these

obstructions.
3.2.3 Research methods

Within the positivist worldview and its corresponding methodological framework, information
technology researchers have historically deployed a variety of research approaches that can be
generally divided into two categories: qualitative and quantitative (Mehrad and Zangeneh
(2019). The purpose of qualitative research methods is to comprehend problems by studying
the perspective and behaviour of persons in these settings, as well as the context in which they
function, resulting in a profound understanding of the meaning and context of the phenomena
studied in the actual world (Kaplan and Maxwell 2005). The qualitative approaches usually
rely on opinions, case studies or complex phenomena and are sensitive to local settings, specific
circumstances and the needs of stakeholders. They have the disadvantage of being difficult to
generalise and forecast, as well as being exceedingly time-consuming. Nonetheless, qualitative

research methods can be utilised to obtain rich insights into restricted issues. Quantitative
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research methods, meanwhile, focus heavily on the collecting of quantitative data, the
identification of variables and constants, and the examination of their correlations (Johnson
and Christensen 2019). Using quantitative research methodologies, one can generalise and
make predictions based on the exact data collected. This form of research is beneficial for large
samples and reduces prejudice among researchers. However, quantitative research makes it

challenging to examine issues in depth.
3.3 Application of methodology

A methodology is a set of guidelines followed in a discipline to achieve an outcome and ensure
that nothing is overlooked in the process (Davis and Yen 2019). These guidelines use
systematic processes or instruments to acquire and analyse the research data. The three primary
types of research design are quantitative, qualitative and mixed. Quantitative research designs
(data collection, analysis and generalisation) differ from qualitative designs (understanding
human experience and meaning within a given context) (Petty, Thomson and Stew 2012). In
the present study, no new software or new theories are being developed. Instead, this research
uses existing evaluation methodologies to determine the optimal option. The experimental
design was adopted as a methodology. This experimental design made it possible to control
numeric attributes and measure causal effects (Creswell 2013). This research manipulated
factors such as obstructions and assessed their causative impacts, including RSSI levels. On
the basis of experimental methodology, design science offers a more structured approach to

investigation and evaluation, among other aspects (Nunamaker Jr, Chen and Purdin 1990).
3.3.1 Design science methodology

Systems development as a research methodology is a complex strategy that includes an in-
depth examination of a problem, the construction of effective concrete solutions and the
empirical evaluation of those answers (Nunamaker Jr and Chen 1990). From the perspective of
research methodology, the steps of systems development procedures can be summarised as
follows: construct a system, derive theories and principles from observing behaviour, and
incorporate software tool expertise to boost availability. In turn, these tools can be utilised to
aid in the development of new systems (Kim 2013). This methodology begins with an emphasis

on design and development, similar to the design science process.
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Design science has multiple entry points based on research or experimental requirements. This
study seeks to explain observable occurrences, resulting in a positivist approach to research.
The generated artifact can collect data about phenomena and apply numerous techniques to this
data in order to achieve the desired outcome. Design science is more adaptable to research on
software and systems with minimally specified requirements. As experiments are done,
parameters and requirements change, and this necessitates tool adaptation. Design science, with
distinct phases, beginning with problem identification and ending with the communication of
results, was thus considered ideal for this study. In addition, evaluation and communication are
not included in the preceding methodologies. In fact, other research methodologies, such as
Waterfall and Agile, fit within the design, development and demonstration phases of design

science.

Design science provides a model for the design of a model. There are two applications for
empirical research: first, the validation of a created artifact before its implementation and,
second, the evaluation of a design’s performance once it has been implemented (Wieringa
2010). According to Peffers et al. (2006), design science is a prominent process model for
conducting research using the following six steps: problem definition and motivation, solution
objectives, design and development, demonstration, evaluation and communication, as shown
in figure 3.1 below. This process intends to generate and offer action instructions that enable
the design and operation of information technology and novel concepts within information

systems, resulting in artifacts, models, methods and instantiations (Hevner 2004).
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Figure 3.1: Nominal design science process
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3.3.2 Application of design science methodology

The application of the design science methodology to this research provides for the feedback
loops and iterations that are required for modelling the iRTLS, as the requirements and
scenarios are not well defined. Therefore, the process required several opportunities for
confirmation, reworking and redefinition in order to optimise location determination as well as

location of obstructions.

The entry point for this research was an objective-cantered approach, as illustrated in figure 3.2

below. The objectives that follow the main phases in the research design are:

1. Identify the range of the selected location technology through experimentation and
analysis.

2. Develop a scalable design model based on initial fingerprinting of the environment and
subsequent quality link indicator to establish expected values in an obstruction-free
environment.

3. Based on this model, investigate changes in received values using the selected
technology that indicate possible obstructions in the path of transmission within the
given environment.

4. Based on the changes in these received values, apply and evaluate selected machine learning

methods to most accurately determine the location of these obstructions.
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Figure 3.2: Application of design science

As per the design science methodology, experiments were conducted iteratively, the results

evaluated and the methods refined until the desired outcomes were achieved. This included
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experiments to determine the best possible machine learning method for obstruction location

within the constraints that would mimic a typical office environment.
3.3.3 Design process

As an extension of design science, the process to design an iRTLS model can be depicted in
more detail using a UML activity diagram, as indicated in figure 3.3 below. The process
commenced with identification of the most suitable technologies that can be used for an iRTLS
through a detailed literature review and was followed by the determination of the range of the
most suitable technology through experimentation and analysis. Once the constraints were
established, the most feasible methods for location determination within these constraints were
evaluated. This process led to the development of a design model using initial fingerprinting
and, subsequently, using a link quality indicator to establish the expected RSSI levels in an
obstruction-free environment. Obstructions were introduced and changes were observed.
Based on the changes observed, machine learning was used to most accurately determine the

location of obstructions in the path of transmission.

The steps of evaluation included conducting experiments and evaluating whether the objectives
were met. If they were not met, the previous processes were repeated until a finalised model

was achieved, as indicated the loop in figure 3.3.
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This study followed the steps outlined below to achieve its objectives:

1. Develop use cases.

2. Select technology and techniques.

3. Develop the model.

In order to develop the model, the process followed was to:

3.1 determine the range and throughput
3.2 determine the transmission through obstructions
3.3 enhance the real-time quality link indicator
3.4 determine the effect of obstructions

3.5 determine the location of obstructions using machine learning.

3.4 Methods

The most common method used to determine the location of BLE nodes and obstructions is
RSSI level received at the receiver. The implementation of such a method is very cost effective
as BLE RSSI is readily available in most IoT devices. Furthermore, the RSSI levels can be
easily measured by cost-effective receivers that easily integrate into a WLAN environment for
onward transmission. Fingerprints of RSSI levels for nodes and obstructions were recorded
during the initial phase. These were then used in the subsequent phase for location
determination in real time. Another method employed was a link quality indicator, where the
RSSI levels were recorded for gateways at known locations. These measurements were taken

regularly and used for location determination.

Although there are many techniques, the following were not adopted for the given reasons.
Angle of arrival requires specialised reception hardware, which increases cost and form factor.
Arrival time needs network-wide clock synchronisation and high precision, which increase
overall cost. For correct time of arrival determination, a centralised server must establish and
maintain the accurate time across the entire network. Pedestrian dead reckoning was not
suggested because it required extra hardware and regular calibration, both of which increase

node cost and form factor.
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3.5 Technologies

BLE is the latest technology that consumes lower power, (Yang ef al. 2020), is cost-effective
and has a small form factor (Jeon et al. 2018). Most IoT devices have BLE signals as an option.
As such, BLE was the most suitable technology for further experimentation as it met the
objectives of low power consumption, low interference, long battery life and availability in IoT
devices. This makes it a feasible solution for large-scale implementation. Once the location of
an obstruction is determined, the location of nodes can be determined more easily and
accurately. Testing was conducted in a simulated use case environment from the use cases
identified. Although BLE is gaining importance in the area of indoor location, there is still a
lack of open datasets (Baronti et al. 2018), hence the need to generate new datasets for
experimentation and analysis. Therefore, experiments were set up to capture the required data
in the environment and setting, as determined by the objectives. However, open datasets often
contain cleansed data and there was therefore no need for data preprocessing. This research
was designed to investigate a real-world environment and determine the most suitable data

preprocessing method(s).

The following are some of the technologies deemed infeasible for achieving the objectives

outlined, along with a brief description of why they were not selected:

e Wi-Firequires an IP address to connect to a WLAN network. As more devices connect,
the network becomes overloaded.

e Cost was cited as the key factor for the slow adoption of RFID, which involves nodes
and receivers placed at strategic locations. Furthermore, the RFID range depends on the
receiver’s quality.

e Near-field communication is short-range technology, so nodes without batteries must

be placed close to the receiver for communication.
3.6 Environment

There are several important use cases that require location of people and assets in an indoor
environment. This research is restricted to use cases in a typical office environment that
comprises people, office furniture made of different types of material, electronic equipment

and office walls made of different types of material, amongst other items. Because Bluetooth
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transmission is affected by obstructions, the researcher simulated an office environment by
using steel metal shelves arranged vertically, as this would represent a steel filing cabinet in

the path of Bluetooth transmission.

This experiment was set up to establish the impact of such an obstruction in the path of
Bluetooth transmission and to be able to determine where such an obstruction is located. Other
common use cases in a real-world scenario include location of people and assets. Both will
need to have a BLE tag associated with them. For the purposes of this study and
experimentation, people and assets entities were represented by nodes equipped with a BLE
transmitter and receiver. The office environment’s content reflected signal transmission
between the node and the receiver. Such an environment can be altered at any time by the
movement of people or objects, resulting in a modified radio map. The complexity, resource
requirements and computational power required to continually update to determine the
obstruction location via the chosen process was not explored due to the extended scope this
would have entailed. Using items and materials typically seen in office environments, a
simulated environment was set up. Because electromagnetic waves move in a straight line, the
measurements were recorded in a straight line. The objective of the experiment was to
determine the location of the obstruction in the transmission path, leading to the determination

of the location of the target.
3.7 Experimental setup

3.7.1 Bluetooth Low Energy

The most appropriate technology identified from literature that satisfies the constraints is BLE.
The strategy in this study was to use a combination of BLE tags represented by nodes, receivers
to receive the BLE data, and appropriate algorithms to demonstrate the viability of an RTLS
that overcomes these obstructions. The benefits of BLE devices is that it has lower cost, lower
power consumption and longer battery life (Lee, Dong and Sun 2015) than other technologies.
Both readers and nodes had unique identifiers to identify the data. The readers had a fixed

position whilst the nodes moved within the environment to collect the required data.
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3.7.2 Received signal strength indicator

Fingerprinting is a pattern-based indoor localisation approach used to characterise an indoor
environment by matching measurement data with a previously determined pattern
(Jachimcezyk, Dziak and Kulesza 2016). The signal strength together with other properties are
measured and stored at predefined locations in advance (Kim ef al. 2015). In this study, the
power level readings calculated in real time, together with a combination of other methods,
were used to approximate the location of the node. After a detailed fingerprinting exercise,

readers were placed at strategic points to cover the pilot area under study.

Using the RSSI power levels, messages received from the nodes, triangulation as well as the
fingerprint impressions and/or the quality link indicator, a location of the node was determined
with improved accuracy. The objective was to evaluate the lowest transmission level
of -20 dBm to study the range through obstructions for practical application, so that the solution
may be implemented in an office setting. Broadcasting at the lowest level will reduce
interference, for example on medical or other equipment, and permit the use of additional
devices within the same frequency ranges. The high-level architecture of the node, reader and

server and their proposed communication mediums is depicted in figure 3.4 below.
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Figure 3.4: IoT BLE architecture
3.7.3 Hardware

The hardware selected for preliminary testing were two Nordic nRF52840 Preview
Development Kits (PDKs), which was also used in the study by Teran, Carrillo and Parra
(2018) for their indoor experiments. The nRF52840 BLE System on Chip was deployed using
Segger Embedded Studio for application creation, testing and deployment. The selection of
this most recent BLE System on Chip was based on the numerous benefits outlined by Collotta
et al. (2018). The latest BLE V5 was selected for its mesh network capability to offer advanced

scalability. At the time of commencement of the research, the two main suppliers identified,
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namely Nordic and Texas Instruments, had Bluetooth 5 PDKs available for testing and
evaluation. Nordic was chosen as the preferred vendor because of its price advantage, feature
set and availability over Texas Instruments’ comparable offerings. A picture of the Nordic

nRF52840 PDK is shown in figure 3.5.
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Figure 3.5: Nordic nRF52840 PDK
(Nordic 2018)

The initial experimentation conducted with this hardware included investigation of the range
limit, assessment of feasible methods used in RTLS and analysis of BLE detection range
improvements. Although initial hardware was identified during the preliminary work,
additional hardware for the readers and BLE nodes were configured to provide the connectivity
between the readers, nodes and wireless access points. The selected hardware employs the most
recent Bluetooth technology, Bluetooth 5, and the module was powered by two AAA batteries.
The firmware has been designed to transmit the device’s Universally Unique Identifier and the
message identifier at regular intervals. The hardware and obstructions were set up at different

positions, and the data was captured from the nodes and transmitted to a server for processing.

As depicted in figures 3.6 and 3.7, the Skylab SKB501 solution was used as the low power
node (LPN) in this experiment. This solution utilised the Bluetooth 5 System on Chip
technology from Nordic’s nRF52840. It is designed to benefit from the advanced features of

Bluetooth 5 and its enhanced performance capabilities, which include modes with a long range
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and high throughput. The Bluetooth 5 specification empowers the nRF52840 and other similar

Systems on Chip to take advantage of BLE V5’s significant performance improvements.

Figure 3.6: SKBS01-LPN top view

Figure 3.7: SKBS01-LPN rear view

A Raspberry Pi 4 running Ubuntu V18.04 served as the gateway connecting the LPN and the
server. BlueZ provided support for the fundamental Bluetooth layers and protocols on the
Raspberry Pi. It was chosen as the best option due to its adaptability, efficiency and modular
implementation. The gateway software monitors the Bluetooth interface for broadcasts and
transforms messages for transmission via the Wi-Fi network port to the server. This C#
program uses User Datagram Protocol (UDP) to transfer messages from the gateway to the
server. The server’s operating system is Ubuntu and its database is PostgreSQL. The program
that receives the message from the gateway performs a continual scan for incoming UDP
communications. Using C#-built software, these messages are written to a PostgreSQL

database’s data table. Figure 3.8 illustrates this architecture at its highest level.
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3.7.4 Location determination

The known locations and parameters of the nodes were recorded. Based on this data, a machine
learning algorithm was used to determine a footprint of the predetermined area. This footprint
was updated at regular intervals, and the machine learning process improved the accuracy of
the location coordinates by using previously calculated data at real time. The location was
determined and compared to the location determined from the footprint. The results of the

different methods were also compared to each other in terms of their accuracy.

Once the location was determined to the identified level of accuracy, the processes of
optimisation and balancing of attributes were conducted. Consideration was given to the
identified attributes, weights of attributes, routing paths, transmission frequency and a scalable
model of the solution. The model provided a solution with which to modify the different factors

so that an optimal design could be obtained for the predetermined use case.
3.8 Design processes and configuration

In this section, the data gathering process and its associated equipment configuration are
described. The methodology for the iRTLS model design is then outlined. Lastly, the

implementation procedure for machine learning models is explained.
3.8.1 Data collection

The nodes’ firmware was programmed to broadcast the transmit RSSI level, node identifier
and unique message identifier every 100 milliseconds. Each gateway transmitted its own
identifying information. The gateway and node mac addresses were initially saved so that they
could be identified uniquely on the network. The unique message identifier could be utilised to
analyse message reception at each gateway. This experiment imitated an office environment

with partitions separating workspaces. The obstruction consisted of two 950 cm x 450 cm X
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0.8 mm metal sheets. Each test lasted five minutes, and this procedure was performed three

times, that is, test 1, test 2 and test 3. To monitor and analyse the consistency of the

measurements taken across tests, the tests were repeated. The GW-001 to GW-006 and

GW-009 gateways were spaced 1 m apart at (X, y) coordinates (0, 2; to 6, 2). Nodes labelled

002, 005, and 006 were respectively positioned at (x, y) coordinates (1, 2; 3, 2; and 5, 2). This

layout is depicted in figure 3.9.
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Figure 3.9: Layout of nodes and gateways

An application was used to configure the gateway and node positions, specify the test time and

initiate the test. The session name, session ID and automatically produced identifier were used

to identify each test’s collected dataset. For each test, the positions of the gates and LPNs were

saved. Figure 3.10 depicts the program configuration and data capture interface.
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UDP App

Session Name  |No Screen 4 Gateways and 2 LPN |
Duration 5|Start Stop

Device  |X Coord |Y Coord

GW-001 0 2

GW-003 2 2

GW-005 4 2

GW-009 6 2

LPNOO1 1 2

LPNOO2 5 2

Figure 3.10: Application user interface
3.8.2 RTLS model design notations

As shown in the literature review, UML is a standard used to describe the requirements and the
design of systems. Since this study uses a high-level design, detailed documentation tools such
as formal methods were not considered as the design would need to be adaptable and hence
agile. Also, an object-oriented design lent itself to the subsequent processes, which were object

oriented.

The requirement for the model design was described using use cases and scenarios together
with use case diagrams. An activity diagram was used to demonstrate the process flow of a
particular scenario. A class scope diagram was used to demonstrate how the activity diagram

was properly coupled with the domain class model.
3.8.3 Machine learning
3.8.3.1 Algorithms

Machine learning methods were used to determine the most likely position of the obstruction.
The methods chosen for this research were KNN, SVM and ANN. These machine learning
methods, together with other machine learning methods, are also used by researchers to
determine location of BLE nodes in a clear (obstruction-free) path of transmission between
transmitter and receiver. However, KNN, SVM and ANN yielded better performance and

accuracy than other methods such as Naive Bayes and decision trees. In this research, KNN,
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SVM and ANN were used to determine the location of obstructions so that this information

could be used in further processing to determine the position of nodes.
3.8.3.2 Metrics

Evaluating model accuracy is a crucial step in the creation of machine learning models, since
it describes how well the model performs in terms of its predictions. The evaluation metrics
vary based on the problem category. The linear model (regression) is a common example of
this sort of problem, and the most distinguishing feature of the regression problem is that the
dataset’s targets only contain real values. The errors show the extent to which the model
predicts incorrectly. The fundamental principle of accuracy evaluation is to compare the actual

target to the expected target based on a set of criteria.

In regression analysis, the MSE, MAE, RMSE and R2 metrics are primarily used to measure
prediction error rates and model performance. They were common across the machine learning
models and most widely used for these models by researchers (Harishkumar, Yogesh and Gad
2020; Joshua, Priyadharson and Kannadasan 2021). MSE penalises larger prediction errors and
is the preferred metric over MAE, which provides a total absolute error distance. This research
involved identifying the method where the error distance between the predicted values and the
actual location is minimal among the majority of clustered predicted values. In section 2.9,
these widely applied location-based metrics were examined. They were identified as being

most suitable to accomplish the research goal.

The R2 metric is a measure of the variance of correlation between the variables but it does not
focus on the predictive error (Chicco, Warrens and Jurman 2021). As this research is focused
on determining error of prediction versus the actual location, the R2 metric was not deemed
suitable. Moreover, due to the fixed locations of the nodes and gateways, there was a strong
correlation between these variables. Consequently, this metric was not used for prediction and

evaluation of methods, but the data is included for completeness.

Once the datasets were obtained, an adequate subset of data was required for training and
validating the machine learning model. Research indicates that the percentage used for training
affects the estimation level, and that this percentage varies. However, it has been determined
that a 70% training and 30% testing (prediction) ratio would yield among the best results

(Gholamy, Kreinovich and Kosheleva 2018).
59



Orange was selected as a tool to implement the selected methods, record the results and perform
the analysis using the selected methods and metrics. This tool was selected because it is
preprogrammed to use the required methods and is quickly implemented. Furthermore, it has
inbuilt analysis tools to determine the most suitable method and metric. Initial experiments
were conducted to determine the optimal settings of many of the methods used in the Orange

tool during the evaluation phase.

Figure 3.11 below depicts the configuration of a machine learning network in the Orange
software. Excel files were utilised to provide input to Orange. The required columns were
chosen and configured as “features” to be used in the machine learning process, with the
predicted value serving as the “target”. The data was then associated with the machine learning
model, which was in turn associated with the training model. After training had been
completed, the results were collected for analysis, and the trained model was then saved for

use in the prediction phase.
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Figure 3.11: Sample machine learning training network

Excel was also used to compile the data for the prediction, which was fed into the prediction
model. Each of the trained models was loaded into the prediction system and fed data. The

model’s output was fed into the predictor in order to generate prediction results. As illustrated
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in figure 3.12 after the prediction had been completed, the results were collected for further

evaluation.
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Figure 3.12: Sample machine learning prediction network

The high-level view of the experimental approach for obstruction location determination using
machine learning is as follows:

Step 1: Conduct experiment without obstructions as a base case.

Step 2: Place metal obstruction(s), which simulates metal filing cabinets typically found in an
office environment, at specified location(s) to evaluate their effect on BLE transmission.

Step 3: Based on these obstructions’ locations, observe the RSSI levels and record them in
datasets.

Step 4: Using these datasets, apply and evaluate select machine learning methods to detect

location of obstruction(s) accurately using chosen metrics.

The placement of obstructions and the observation of the RSSI levels were conducted in four
separate experiments, and the RSSI levels were recorded for three five-minute sessions in each
experiment, resulting in three datasets for each experiment. The layouts for the four

experiments were as follows:
61



Experiment 1: Obstruction was placed at position (0.5, 2)
Experiment 2: Obstructions were placed at position (0.5, 2) and (1.5, 2)
Experiment 3: Obstruction was placed at position (2.5, 2)

Experiment 4: Obstructions were placed at position (2.5, 2) and (4.5, 2)

Selected machine learning methods were applied to each of the datasets using the following

process:

Step 1: Set the obstruction(s).

Step 2: Record the RSSI levels at each of the gateways and record these as datasets. These
datasets represent a five-minute recording interval under the same environmental
conditions.

Step 3: Train the models with 70% of one dataset. Predict the location of the obstruction and
validate it using 30% of the same dataset.

Step 4: Also predict the location of the obstruction using the remaining two datasets captured
from the same experiment.

Step 5: Use steps 1 to 4 for each experiment outline above.
3.9 Summary

Using the methodology described above, the research was designed to achieve the objectives
of the study. The design science methodology provided the structure to create the model using
the objectives and proceed through to the subsequent phases. Wi-Fi and BLE provided the
communication infrastructure necessary for conducting the experiments. Using the chosen
hardware, data collection methods were designed to produce a framework that facilitated the
collection of data for the use cases and scenarios. Appropriate machine learning methods and
metrics were identified for training and prediction of the location of obstructions based on the

data collected.
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CHAPTER FOUR: RESULTS

4.1 Introduction

The iRTLS model proposed in the previous chapter was implemented and tested within a
practical office environment. The results of the detailed experiments that determined the
throughput and effect of obstructions on BLE transmission were documented. This then led to
the application of machine learning to establish the feasibility of location of obstructions.
Summarised results are included in this chapter and the detailed results are included in the

appendices.

4.2 iRTLS model

The iRTLS model was designed using UML to document the model and design science. A
user-centred view and the primary use case diagram were used to communicate the model’s
requirements. A scenario between a node, the gateway and the server was described using an
activity diagram during the analysis phase. The design outlines the primary use cases and
message configuration. The messages offered the protocol for communication between the
nodes, gateway and server. The model comprised the communication protocol, use cases and

activity diagram.
4.2.1 Requirements of an indoor real-time location system

The requirement for an iRTLS is that it should be able to locate a person or an asset such as a
personal computer, medical equipment, etc. In order for this location to be successful, a
hardware device called a node needs to be attached to the person or the asset. The hardware
device will then communicate with the server via a gateway. The software residing on the node,
gateway and server will enable the system to determine the location of the node and hence the

location of the person or asset.

The use case, therefore, is to be able to determine the location of the node. It must also be noted
that the node can be in motion and/or change its location. However, the environment is
populated with items that are found in a real-world workplace. This environment can also be
built with different types of materials. The items found in a workplace and the materials used

for construction affect the electromagnetic signals in different ways. The constraints identified
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for an iRTLS are cost, form factor, power consumption, interference and range, coverage, and

scalability. A model was designed for the requirements and the constraints identified.

In a real-world environment, some of the objects that are being located will be in motion or
will change locations. These obstructions can also change locations or be placed in the path of
transmission. These obstructions will affect the data captured for processing for location
determination of these objects. Therefore, the design considered both the object to be located

as well as the obstruction to be in fixed positions.

The user-centred view of the interaction of the node and the events that lead up to location
determination of the node are shown in figure 4.1. A node that is used for location
determination is associated with the person or an asset. In this case, the node is a wrist band
worn by a person. There are two instances that will trigger a broadcast: either a movement
detected or an event triggered by an inactivity timeout interval. The receiving gateway receives
and processes the message and sends and acknowledgement of receipt. This process ensures

that the message sent was acknowledged by the recipient.
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Figure 4.1: Legend of entities in detect node scenario
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Table 4.1 below details the main use case, “Determine Location”. The node needs to broadcast
a message in order to determine its location, and that message is received by the neighbouring
gateways. The message transmitted by the node is triggered by either a node’s motion or the
expiration of an inactivity timeout interval. The information contained in the transmitted
message, the transmitted RSSI level and the received RSSI level will enable the determination

of the location.

Table 4.1: Business use case Determine Location

Use case no. UCo1
Name Determine Location

Related requirements  None

Goal in context To determine the location of the node

Trigger Motion detected or inactivity timeout interval reached
Preconditions

Postconditions 1. One or more gateway acknowledgements are received

2. Location determined

Main flow action steps 1. Detect motion or broadcast inactivity timeout interval
reached
2. Broadcast message

Exceptions 1. Timeout reached
2. Create a new message and broadcast the message

The use case diagram depicted in figure 4.2 shows the use cases of the node. A node performs
the following: detect when a movement has occurred, detect when an inactivity time interval
has been reached, broadcast a message and receive an acknowledgement. “Detect motion” and

“detect when a time interval is reached” both include the “broadcast message” use case.
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Figure 4.2: Node use case diagram

The use case diagram depicted in figure 4.3 shows the use cases of the gateway. These gateways
provide the communication between the nodes and the server. A gateway performs the
following: receive a message, send acknowledgement of receipt of a message and forward a
message to the server. The “receive message” use case includes the “forward message to the
server” and “send acknowledgement” use cases. The “detect time to send a message” use case
includes the “broadcast message” use case. The gateway also generates its own message based
on the time interval to transmit being reached. This is used to record and maintain the RSSI
levels received from the gateways. Since the gateways are permanently fixed at a known
location, any variation means that there is a change in the environment. The gateway will also

be used to send messages, such as configuration, from the server to the node.
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Figure 4.3: Gateway use case diagram
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4.2.2 Analysis

Figure 4.4 is an activity diagram illustrating the procedure followed by a node when activity is
detected. The transmit RSSI level is set to its minimum value, a message is formulated and
transmitted, and the node awaits a response from the nearby gateways. When an
acknowledgement is received within a predetermined timeout period, the details of the gateway
are logged with the acknowledgement. If no acknowledgement is received after a predefined
timeout interval, the transmit RSSI level is increased and a new message is broadcast, as
indicated by the dashed lines. If no acknowledgement is received after the maximum
transmission level has been achieved, no further transmissions will occur. The design ensures
that the nodes start broadcasting at the lowest level and then increase to conserve battery power.
The activity scenario processing of a successful detection of a neighbouring gateway is
depicted as well. The neighbouring gateway is responsible for receiving the message,

processing the message and sending an acknowledgement.
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Figure 4.4: Activity diagram and scenario processing

Communication between the node and the gateway is achieved via messaging. Figure 4.5
shows the sequence of how a message is initiated, sent from a node, received, and processed

by the gateway and an acknowledgement returned.
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Figure 4.5: Node and gateway messaging

The domain model diagram shown in figure 4.6 shows a subset of the key domain classes,
which are the node, message, messages received, gateway and acknowledgement with their
attributes. The node broadcasts one or more messages, whilst the gateway receives these
messages and sends out the acknowledgements. The received RSSI level is recorded by each
gateway, and this is sent to the server for processing. The received RSSI level recorded at the

gateway is processed to determine the location of the node.
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4.2.3 Design

The design of the layout of the gateways forms a mesh. This ensures that the entire indoor
environment is adequately covered and that sufficient data is captured by the gateways to
determine the location. Multiple gateways are positioned to capture the node’s transmissions
so as to enable trilateration for location determination. The design of the node is a BLE device
that is powered by a small-form-factor coin cell battery that can last more than a year,

depending on usage. Therefore, this is labelled as an LPN.

The gateways may even be powered by a battery, electricity or power over Ethernet, enabling
mobility, flexibility and consideration of power infrastructure installation. The LPN interfaces
with gateways through Bluetooth, and gateways are able to connect to a network via Ethernet

or Wi-Fi. The gateways connect over Bluetooth and eventually link back to the switch.
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Figure 4.6: Subset domain model diagram




Gateways form a mesh via multiple paths to establish redundancy in the event that a gateway
fails. This high-level architecture is represented in figure 4.7. Using this high-level

architecture, an LPN is connected to a server via multiple paths.

The gateway houses the complexity of the communication and redundancy, decreasing the
complexity of the BLE tag and lowering its power consumption and cost. The gateways are
installed in fixed places, allowing for substantially larger batteries and/or connection to an
external power source. The BLE tag establishes a connection with the closest gateway, from
which their location can be determined using a combination of techniques. The needed
precision of the location will vary depending on the application. Therefore, the described

arrangement permits a customisable implementation based on the desired precision.
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Figure 4.7: High-level BLE mesh architecture
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The communication between the LPNs and the gateways is defined by use case, as described
in tables 4.2 to 4.6. Only the main use cases are defined, together with a high-level process
flow of the actions performed for each use case. Additional use cases are included in

appendix A.

Table 4.2: Use case LPN Detect Motion

Use case no. ucCo2

Name LPN Detect Motion

Related requirements Broadcast Message

Goal in context LPN detects motion and broadcasts a message
Trigger LPN has moved position

Postconditions Message broadcast

Main flow action steps 1. Formulate message and broadcast

2. Initialise timer to await acknowledgement

Exceptions

Table 4.3: Use case LPN Detect Inactivity Timeout Interval

Use case no. UCo03

Name LPN Detect Inactivity Timeout Interval

Related requirements Broadcast Message

Goal in context LPN detects time interval elapsed and broadcasts a
message

Trigger Inactivity timeout interval has been reached

Postconditions Message broadcast

Main flow action steps 1. Formulate message and broadcast
2. Initialise timer to await acknowledgement

Exceptions

71



Table 4.4: Use case LPN Acknowledge Receipt

Use case no.
Name

Related requirements

Goal in context

Trigger
Postconditions

Main flow action steps

Exceptions

UuCo4
LPN Acknowledge Receipt

Broadcast Message

LPN records acknowledgement of receipt of a message that
was broadcast

Message was broadcast

Message was acknowledged

1. Acknowledgement received

2. Acknowledgement recorded

3. Cancel acknowledgement timer

1. Timeout reached as no acknowledgement received

2. Broadcast new message

Table 4.5: Use case Gateway Received Message

Use case no.

Name

Related requirements
Goal in context

Trigger
Postconditions

Main flow action
steps

Exceptions

ucCos
Gateway Received Message
LPN broadcasts message

Send message received from LPN to the server

Message sent to server

Receive message

Formulate message to be sent to server
Send message to server

Send acknowledgement to LPN

b=
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Table 4.6: Use case Gateway Detect Time Interval

Use case no. UCo06
Name Gateway Detect Heartbeat Interval

Related requirements

Goal in context Gateway broadcasts a message when heartbeat interval
is reached

Trigger Time heartbeat interval is reached

Postconditions Message is broadcast

Main flow action steps 1. Formulate message
2. Broadcast message
3. Reset time out interval

Exceptions

Using a domain model, the configurable parameters indicated in table 4.7 are accommodated
for the LPN. These need to be set up on the server and be broadcast to the LPNs. The heartbeat
interval defines the frequency of transmission of a message. This heartbeat interval is used to
set the inactivity timeout interval. The lower the heartbeat, the lower the power utilisation. The
transmit level can also be defined. This is set up to the lowest level but will depend on the
environment. Setting the level to the lowest level further conserves power, extending the
battery life. The broadcast mode can be used to disable and enable the broadcasting of

messages.

Table 4.7: Configurable parameters for LPN

1. Unique name Unique name of LPN
2. Heartbeat interval The advertising frequency of a heartbeat of an
LPN
Transmit level Set the transmit level to broadcast
4. Broadcast mode On — Reset counter and start broadcasting

Off — Stop broadcasting
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The key attributes required for location determination of an LPN are listed in table 4.8. The
sender ID and the message ID are used to identify the unique sender and the unique message
broadcast. The message type can be one of two types, depending on the trigger that initiates
the message: a message triggered by the heartbeat interval reached will have the MessageMode
set to LNT, and a message triggered by a motion detected will have the MessageMode set to
LNM. Using this data, the application can establish that the LPN has moved its location. The
transmitted date and time are sent so that this can be used if it is required for location

determination, depending on the algorithm selected.

Table 4.8: Configurable parameters for LPN

1. Sender ID Sender ID

2. MessagelD Unique message ID — can be reset
on power-up of node

3. MessageType LNT — location message from LPN
triggered by time
4. MACAddress ID of sender LPN MAC address — if

Unique is used, this can be omitted
to shorten the message

5. TxLevel Transmit level for LPN

6. TxDateTime Date and time of sending (optional)

Table 4.9 defines the key attributes that are required to be saved when a message is received at
a gateway. This information will be used for location determination. Therefore, the LPN and
message identification are important to determine the source of the message, and these, together
with the recorded received RSSI level, are used to determine the location. All messages
received at the gateway are sent to the server for storage and calculation of the location. The

receiving gateway is also recorded so that it can be used in the process of trilateration.
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Table 4.9: Receive Message definition at gateway

1. Sender ID
2. MessagelD
3.  MessageType

4. MACAddress

5. TxLevel

6. TxDateTime
7. ReceivelD

8. RxDateTime

9. RxLevel

Sender ID
Unique message ID from sender
1 — location message from LPN triggered by time

ID of sender LPN MAC address — if Unique is used, this can be
omitted to shorten the message

Transmit level for LPN

Date and time of sending (optional)
Unique ID of gateway receiving message
Date and time of receiving the message

Level received

Data exchanged between the LPN, the gateway and the server are in JavaScript Object Notation

format for ease of processing and readability. All messages are then processed and stored in a

PostgreSQL database.

Message definition sent from an LPN:

{

“txDate”:

“messageType
“senderId”:,
“txLevel”:,
“txXPos”:',

“txYPos”:',

“txVenue

“receiverID”:,

oo

oL
14
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“rxDate”:,
“rxLevel”:,
“rxXPos”:’,
“rxYPos”:',
“TTL” :

}

Configuration messages are sent from the server to the gateway and/or LPN. The message types

are “CSL” or “CSR”. The following is a message definition:

“date”:,
“messageType”:"",
“parameters”:
{“parameter”:"",
“parameterValue”:, }
“destination”:

}

Sample message to LPN:

“date”: "2019/07/10 21:26:15.1486",

“messageType”: "CSL",

“parameters”:
{“parameter”:”"TxLevel”,
“parameterValue”:-4,
“parameter”:”X”,
“parameterValue”:1,

“parameter”:”Y"”,
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“parameterValue”:2,
“parameter”:”Venue”,
“parameterValue” :”Labl”,
“parameter”:”Broadcast”,
“parameterValue”:”0On"},
“destination”: “abllfbe9”

}

Sample message sent to a gateway:
{
“date”: "2019/07/10 21:26:15.1486",
“messageType”: "CSR",
“parameters”:

{“parameter” :”TxLevel”,
“parameterValue”:-8,
“parameter”:”X"”,
“parameterValue”:5,
“parameter”:”Y",
“parameterValue”:5,
“parameter”:”Venue”,
“parameterValue”:”Labl”, }
“destination”: “a6eaalf4d”

}

The following key test cases are presented using the main use cases for the LPN and the
gateway to ensure the methodology followed addressed all the possibilities. These make

provision for the scenarios, the results and the exceptions that may arise.
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Table 4.10: Main test case list

1. UCO01 Determine Determine location  Location
Location of node within range determined
2. UCO01 Determine Determine location Unable to
Location of node that is out of determine location
range

3. UCO02 LPN Detect Motion detected and Broadcast

Motion a message is message
broadcast
4. UCO02 LPN Detect  Motion detected and Message not
Motion a message is not broadcast
broadcast

5.  UCO03 LPN Detect Inactivity timeout Broadcast

Inactivity and a message is message
Timeout broadcast
Interval

6. UC03 LPN Detect Inactivity timeout Message not
Inactivity and a message is not broadcast
Timeout broadcast
Interval

7. UC04 LPN Acknowledgement =~ Message
Acknowledge received for received
Receipt message sent

8. UC04 LPN Acknowledgement Acknowledgement
Acknowledge not received for not received
Receipt message broadcast

9. UCO05 Gateway Heartbeat interval Broadcast
Detect reached and a message
Heartbeat message is
Interval broadcast

10. UCO05 Gateway Heartbeat interval Message not
Detect reached and a broadcast
Heartbeat message is
Interval broadcast
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The requirements for the design model are to determine the throughput, range and transmission
through obstructions in order to develop a model that is feasible within the identified
constraints. The range and throughput are required so that the model can scale to cover a
feasible, practical area. Also, gateways at fixed positions need to update the footprint in a
dynamic environment so that the link indicator between the gateways can be used for location
determination of nodes in the vicinity. The link indicator is used to determine whether there is
any change in the path of transmission between gateways. This change is based on an initial
footprint of RSSI received values recorded with known locations of the gateways and distance

between them.
4.3 Experiments

4.3.1 Throughput and range determination

Developers are primarily familiar with Generic ATTribute Profile, which describes the BLE
data transfer protocol. Attributes identify application data, and groups of attributes comprise
characteristics that provide permission and interaction rules to unique data. Initial tests were
conducted with the PDK boards from Nordic. These were configured as a transmitter node
(tester) and a receiver (central). The transmitter node commenced advertising once the test was
started. The elapsed time and the throughput were measured and recorded. The detailed

interaction between the transmitter and the receiver is recorded in appendix B.

The transmit level was set to -20 dBm and the packet size was configured to 247 bytes. The
received RSSI level, time lapse and throughput were measured at a distance of 0 m to 4 m.
Then the average RSSI, time lapse and throughput for each distance were calculated, as
shown in table 4.11. It can be observed that as the distance increases, the average time lapse
for the packet to reach the receiver generally increases. However, the throughput decreases

gradually as the distance increases.
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Table 4.11: Throughput

1. 0 -36.2 8.7 1040.0 1036.8
2. -20 0 -39 8.1 1032.2
3. 20 0 -33 8.7 1039.6
4. -20 0 -35 8.1 1035.0
5. -20 0 -39 8.9 1037.2
6. -20 1 -81 -78.2 123 12.2 680.1 696.6
7. -20 1 -81 11.4 734.1
8. -20 1 -75 11.2 748.9
9. -20 1 -74 12.8 694.7
10. -20 1 -80 13.4 625.3
11. -20 2 -81 -82.4 15.1 14.9 559.0 569.4
12. -20 2 -82 14.7 572.2
13. -20 2 -81 15.7 556.7
14. -20 2 -87 14.4 584.3
15. -20 2 -81 14.6 574.8
16. -20 3 -87 -86 33.6 32.7 2494 266.4
17. -20 3 -83 443 189.6
18. -20 3 -87 24.7 340.2
19. -20 3 -86 314 267.5
20. -20 3 -87 294 285.4
21. -20 4 -89 -85.6  16.7 17.0 501.5 495.0
22. -20 4 -85 17.5 480.7
23. -20 4 -86 18.5 454.4
24, -20 4 -84 15.7 536.0
25. -20 4 -84 16.7 502.1

80



After the initial testing of throughput in open space, further experiments were conducted at
Durban University of Technology, South Africa. The locations utilised were an open plan
office, a boardroom and an office, as depicted in figures 4.8, 4.9 and figure 4.10, respectively.

These locations simulate the typical real-world indoor environment of an office environment.

Figure 4.8 depicts the floor plan of the open-plan office, which was 25 m? in size and comprised
brick walls and glass doors. The (x, y) distances shown in the diagram represent the distance
in metres from the (0, 0) reference point at the bottom left of the diagram. The gateways

(GWxx) and nodes were positioned at (0, 10), (10, 0) and (20,10) respectively. The gateways

received the messages that each node transmitted.
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Figure 4.8: Open-plan office

The boardroom used was 24 m x 6 m and was populated with office desks and chairs. The

walls were constructed of glass and drywall partitioning.
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Figure 4.9: Boardroom

The office spaces were separated with drywall partitioning through which transmission was
tested. The floor plan layout is represented in figure 4.10. The received RSSI levels were
measured from the transmit point to four different locations: measurement 1 through one
partition in an open space area, measurement 2 through one partition in a passage area,

measurement 3 through three partitions and measurement 4 through one partition and a brick

wall.

Drywall|Rartition
L

Pass%

Office 2

rywall Partition

¥,
Tester PDK

Office 1

Figure 4.10: Partitioned office

The data was gathered in the open office, the boardroom and the partitioned office. Figures 4.11

and 4.12 illustrate the measured RSSI values and throughput at these locations. Due to space
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constraints, data for the numerous attributes of the various venues have been grouped for
display on the graphs. The different hues in the legend symbolise the many venues and their
respective obstructions. In the open-plan office, measurements were taken at 5-meter intervals
until transmission, connectivity and data became unreliable. When the PDK boards were
positioned at different angles, the measurements were not significantly different.

Consequently, these additional measurements were excluded from the study.

In the boardroom, measurements were made at 1 m intervals from 1 to 5 m, and then at 5 m
intervals up to the maximum distance at which the equipment was usable. Subsequently, an
obstruction in the form of a glass door was added to divide the boardroom into two sections.
For the initial measurement, the PDK boards were placed 1 m from either side of the glass
obstruction. The test PDK was then relocated at 1 m intervals up to a distance of 6 m. The
boards could not communicate via the glass door at 6.5 m. In the office context, a high
measurement throughput was obtained. For measurement 2, good throughput was also seen up
to 11 m, but beyond this distance, connectivity was very poor. The transmission distance for
measurement 3 was approximately 13 m. At a distance of 5 m, measurement 4 yielded a good
throughput, but after that, connectivity was very poor due to the loss of signal strength through

the solid brick wall.
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Figure 4.11: RSSI levels
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Figure 4.12: Throughput of 1 Mb of data
4.3.2 Transmission through obstructions

The two different venues were used to measure the effect of obstructions on BLE transmission.
A pair of adjacent offices and a pair of meeting rooms were used for these experiments.
Figure 4.13 displays the initial venue, which consisted of two identical offices, named RNOS8
and RN09, that were adjacent to one another. They were built with strong brick walls measuring

approximately 21 cm thick and are 9 m by 13.6 m in size.

The locations in figure 4.13 are labelled with Transmit (TX) or Receive (RX) and include the
coordinates from the front left corner of the room. For instance, “RX1, (0, 0) m” indicates that
the receiver is located in the front left corner, but “TX2, (5, 10) m” indicates that the transmitter
is located 5 m away from the left wall and 10 m away from the front wall. For the first test, the
two receivers were placed diagonally opposite each other at the corners of venue RNO8 (points
RX1 and RX2), while the broadcaster was located at points TX1 and TX2 in the same venue
(figure 4.13). In the adjacent office, the transmitter and receiver were placed on the fixed desks.
For the second test, one of the receivers was positioned at RX1 in venue RNO8, while the other
was positioned at RX3, RX4, and RX5 in venue RN09. The broadcaster was positioned at TX1

in venue RNO8. At the measured sites and across the brick wall obstruction, data was collected.
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Figure 4.13: Adjacent offices

This second venue consisted of meeting rooms separated by an office with walls that permitted
testing through double drywall partitions as well as double glass panels. Figure 4.14 depicts
the venue’s floor plan arrangement. The wall was constructed of drywall partition from the
floor to around midway, and then glass from midway to the ceiling. The receiver was situated
at sites RX1 and RX2, which were 1 m and 5 m away from one of the walls, respectively. The
transmitter was positioned at TX1, which was 1 m across the first partition, and at TX2 through
TXS5, which were 1, 5, 7, and 10 m apart from the second partition. These transmit and receive
positions in the two labs, along with the office in between, are depicted in figure 4.14. These
placements were utilised to collect data across two drywall partitions as well as two glass

panels.
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Figure 4.14: Meeting room
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In this experiment, the transmitted power level was the independent variable. The power was
adjusted from 4 dBm to -20 dBm to establish the usable ranges through the different
obstructions. Range and obstructions were the dependent variables, which led to varied RSSI
levels at the receiver. Using these variables, the following experimental stages were conducted:
Stage 1: Measure and identify the various predefined distances.

Stage 2: Deploy software on the PDKs.

Stage 3: Position the PDK receiver in a predetermined starting location.

Stage 4: Place the broadcaster PDK at the first measured point.

Stage 5: Start measuring the received RSSI value. If the lowest transmit level is reached or no
broadcasted packets are received, proceed to step 7.

Stage 6: Reduce the broadcaster’s transmit power and go to step 5.

Stage 7: Move the broadcaster PDK to the subsequent measured location, reset the transmit
level to 4 dB, and repeat step 5.

Stage 8: Stop when the maximum distance is reached and readings are no longer useable, or

when the PDKs are disconnected.

One PDK board was configured as the receiver and the other as the transmitter. The
broadcaster’s signal strength ranged from 4 to -20 dBm. This receiver PDK was connected to
a laptop on which the terminal emulator Putty was used to access the USB interface data. To
establish an average reading, a minimum of ten packets were received for each of the various
levels and distances. The plan was to repeat the experiment multiple times if the results revealed
significant variance. After data collection, the averages were computed and reported. In
addition to collecting data in nearby offices, data was also collected from meeting
rooms. Figures 4.15 to 4.22 depict the average RSSI levels received by the different

impediments at the respective broadcast levels.

In the adjacent offices, measurements were taken until connectivity and transmission were
deemed unsuitable and broadcast packets could no longer be received. When the PDK boards
were positioned at different angles, the measurements did not differ significantly. As a result,
more measures were omitted from the final analysis. Figure 4.15 depicts the data collected in
office RNOS. As the transmit power was reduced, the received signal level at the receiver
decreased steadily. From transmit point TX1 in figure 4.13, the received level indicated by
receiver 1 (RX1) is consistently higher than that provided by receiver 2, which was further

from the broadcaster. The lowest level of broadcast packets received was -20 dBm.
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Figure 4.15: RSSI levels received from position TX1

Figure 4.16 illustrates the results obtained after moving the transmitter to position TX2. Due
to the larger distance between the two receivers, the lower levels measured by receiver 1 at

position RX1 was expected. As the broadcast levels decreased, the receive levels of RX1 and

RX2 also decreased steadily.
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Figure 4.16: RSSI levels received from position TX2

Figure 4.17 depicts the findings obtained between the two adjacent offices. The broadcast

packets were received in office RN09 at position RX5, 5 m from the wall (as shown in figure
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4.13), with no reception beyond this point. At point RXS5, the receive level for a transmit level
of 4dBm was -75.7dBm, while the receive level for a transmit level of -12 dBm

was -87.7 dBm.
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Figure 4.17: RSSI levels between two adjacent offices

Figure 4.18 depicts the initial set of measurements obtained between places TX1 and RX1 in
the meeting rooms, which are separated by a single partition. The two forms of obstructions
that were utilised were drywall partitions and glass, with their corresponding dimensions. The
transmitter was subsequently relocated to location TX2 (see figure 4.14), creating two
partitions between the transmitter and receiver. Figure 4.19 shows a decrease in receive levels

observed for both glass and drywall partitions as the transmit level decreased.
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Figure 4.18: RSSI levels between TX1 and RX1 across single partition
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Figure 4.19: RSSI levels between TX2 and RX1 across double partition

The receiver was subsequently relocated to position RX2, while the transmitter remained at
station TX2. Figure 4.20 displays the results of measurements made across the double
partitions. The received signal strength decreased from 4 dBm to -8 dBm when the transmit
level was 4 dBm. The packets were not received via the drywall barriers when the transmit

level was below -8 dB, but they were received through the glass partitions.
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Figure 4.20: RSSI levels between TX2 and RX2 double partition

The transmitter was subsequently relocated to TX3, which was 5 m away from the partition.
This configuration placed the transmitter and receiver 5 m away from the office partitions. The

received levels depicted in figure 4.21 were lower than the transmit levels measured at point
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TX2. The signal degraded further due to the drywall partitions, which prevented any level
below -8 dB.
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Figure 4.21: RSSI levels between TX3 and RX2 across double partition

The transmitter was repositioned so that TX5 was 10 m from the partition. Since no packets
were received, the transmitter was moved closer to the partition until a signal strength sufficient
for use was detected at point RX2. Position RX2 received packets at an acceptable level while
the transmitter was located at TX4 and 7 m from the partition. High levels were observed
through the drywall partitions for transmit levels between -4 dBm and 4 dBm. The received
levels consistently decreased as the transmit level decreased. Figure 4.22 depicts transmission

and reception levels.
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Figure 4.22: RSSI levels between TX4 and RX2 across double partition
4.3.3 Real-time quality link indicator

The LPN firmware was designed to communicate the unique LPN identifier, RSSI level and
unique message identifier every 100 milliseconds. The message identification and RSSI level
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were evaluated to establish how each gateway received each broadcast message. The gateways
named GW-001 to GW-004 were placed at the corners of a 2 m? area, whereas the LPNs
labelled LPNOO1 to LPNOO7 were placed as depicted in figure 4.23. To determine the initial
signal loss, the LPNs 1, 3, 4 and 6 were placed within a centimetre of the gateways. To compare
the RSSI received by the gateways, the LPNs 2, 5 and 7 were positioned at identical distances
from them. Positions are designated as x, y, where x indicates the experimental area’s length

in metres and y represents its breadth in metres.

—~GW-003 __GW-004
2 @ 62,2
LPNOO4 PNOO5 LPNOO6
1,1
L égLF>N007
éew-om @ AGW-002
LPNOO1 LPNOO2 @LPNO(B
0 1 2
X

Figure 4.23: LPN and gateway layout

Once the LPNs, gateways and server had been configured, the LPNs began transmitting
messages every 100 milliseconds. The gateways received these messages through Bluetooth
and transformed them for Wi-Fi upload to the server. Sessions of 10 and 30 minutes were

utilised as the time restriction for capturing the messages from the LPNs.

Using a value of 20 for n, formula 4.1 was used to compute the mean RSSI in order to find the
mean. This meant that a window of 20 RSSI levels was used for each calculation. Utilising the

principle of first in, first out, the RSSI stream was managed.

Mean RSSI = 1/n ¥ | xi 4.1

where
n is the number of RSSI levels and

x is the RSSI level.
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The median of a data set is the middle number when the data set is arranged from highest to
lowest. The mode of a dataset indicates the most prevalent element. In addition to defining the
mode, the frequency of each distinct RSSI occurrence was determined in this study. Analysing
the frequency of occurrences of RSSI values helped uncover a possible pattern for use in
subsequent calculations. More than 152 000 messages from LPNs were received. The actual
RSSI received at the gateways, as well as the mean, median and mode derived from the RSSI,
are depicted in figures 4.24 to 4.27. The RSSIs measured at the gateway and displayed in the

graphs are used for illustrative reasons as identical results were obtained for the whole dataset.

LPNOO2 received at Gateway 1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

- Numb
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Figure 4.24: LPN002 messages received at GW-001

LPNOO2 received at Gateway 2
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Figure 4.25: LPN002 messages received at GW-002

LPNOO2 received at Gateway 3

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26

—RSSI Mean Median Mode

Figure 4.26: LPN002 messages received at GW-003
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LPNOO2 received at Gateway 4
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Figure 4.27: LPN002 messages received at GW-004

Figure 4.28 displays, for illustrative purposes, the mode of the RSSI received at GW-001 for
LPNO003 messages. In addition, the graph depicts the number of unique RSSI values, which
indicates variation and distribution. This stability is evidenced by the fact that the number of
messages received at levels -56 and -54 was 366 and 228, respectively, whilst the remaining

levels had a significantly lower number.

Mode at Gateway 001 received from LPNO0O3
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Figure 4.28: Mode at GW-001 from LPN002

Figure 4.29 illustrates the mode of LPN005 messages received by GW-002. At level -51, 141
messages were received, and at level -55, 93 messages were received. Additionally, the graph
depicts the number of unique RSSI values received. In both instances, the remaining messages
had a substantially lower RSSI count than the first two. With the LPN and Gateways set in the

positions depicted in figure 4.23, all RSSI levels were measured. This pattern was detected in
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all of the received and recorded data. Thus, an example of this result is provided for illustrative

purposes.

Mode at Gateway 002 received from LPNOO5
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Figure 4.29: Mode at GW-002 from LPN005
4.4 Effect of obstructions

4.4.1 Environment and obstructions

Testing through Perspex and metal obstructions was conducted in a small 4 m x 6 m office (see
figure 4.30). Only office tables were present in the office, and the equipment was placed
thereon. Obstructions used were 1.200 m % 0.6 m x 3 mm Perspex, 1.200 m x 0.6 m X 5 mm
Perspex and a 1.200 m % 0.6 m % 0.5 mm metal sheet. A 40 cm X 23 cm X 17 cm piece of

stainless-steel metal fabricated in the shape of a U (see figure 4.31) was also used as an

obstruction.
Brick Wall Door
4
3 =
& 2 1
@
1
0 1 2 3 4 5 6
X

Figure 4.30: Office
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17cm

23cm

40cm

Figure 4.31: Fabricated metal obstruction

Experiment using Perspex

The first obstruction used was a 3 mm Perspex obstruction, then a 5 mm Perspex screen and
finally both the 3 mm and 5 mm Perspex obstructions. The obstructions were placed at location
(3, 2), where location is measured in metres from the bottom left of the figure, which indicates
a corner of the room as a point of reference. RSSI levels were recorded by each of the four
gateways GW-001 to GW-004 placed at locations (0, 0), (2, 2), (4, 2) and (6, 2) respectively.
The LPNs were placed at locations (1, 2) and (5, 2).

4
-72
3 -56
-68
, -47
2 2 - 2
22 [ew| | G/W | o G/W 4 G/W
E 001 001 002 @ 003 002 004
-60 : -
-57
. -64
0 1 2 3 4 5 6
X Meters

Figure 4.32: Received RSSI through Perspex
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The RSSI levels transmitted from the LPNs were recorded at each of the gateways. The
recording was done for a 5-minute period and was iteratively tested thrice, viz. test 1, test 2

and test 3. The following process was followed to calculate average RSSI level:
For each iteration

Count the number of the distinct RSSI levels received

Select the top three RSSI levels that have the highest counts

Given the three highest counts of RSSI levels received per iteration, compute

the average of these RSSI levels for all three iterations.

Table 4.12 below shows an extract of the data for gateway GW-001 and nodes LPNOO1 and
LPNO002. The full set of received levels are listed in appendix C. Using the process described
above, the initial experiment contained no obstructions. Subsequent experiments using the
same process had obstructions comprising 3 mm Perspex, 5 mm Perspex and a combination of
the 3 mm and 5 mm Perspex placed in the path of transmission to observe the effect on the
RSSI levels received. These average RSSI levels as per the algorithm, together with short

comments on the results, is shown in table 4.13.

Table 4.12: Extract from detailed RSSI values

Count Level Count Level Count Level

GW-001 LPNOOl 85 -60 111 -59 110 -59 -57
GW-001 LPNOO1 73 -55 81 -55 86 -55
GW-001 LPNOO1 62 -58 78 -58 57 -58
GW-001 LPN0O02 83 -64 97 -64 86 -64 -64
GW-001 LPNO002 65 -60 55 -61 65 -67
GW-001 LPN002 52 -67 52 -67 52 -61
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Table 4.13: Results from Perspex obstruction

GW-001 LPNOO1 -55.9 Consistent, expected
GW-001 LPNO002 -64.0 Screens have no effect
GW-002 LPNOO1 -57.9 Consistent, expected
GW-002 LPNO002 -62.3 Screens have no effect
GW-003 LPNO01 -68.7 Screens have no effect
GW-003 LPNO002 -46.7 Consistent, expected
GW-004 LPNO01 -73.1 Screens have no effect
GW-004 LPNO002 -56.3 Consistent, expected

Experiment using metal sheet

The 0.5 mm metal obstruction was placed at position (0.5, 2) and (3.5, 2), where location is
measured in metres from the bottom left of the figure, which indicates a corner of the room as
a point of reference. RSSI levels were recorded by each of the seven gateways GW-001 to
GW-007 placed 1 m apart at locations (0, 2), (1, 2), (2, 2), (3, 2), (4, 2), (5, 2), (7, 2) and (7, 2)
respectively. LPN002, LNP005 and LPN006 were placed at location (1, 2), (3, 2) and (5, 2)
respectively. This is represented in figures 4.33 and 4.34.

0,4
Metal

d Screen 6 6 6
» 002 005 006
g - GW GW Gw GW GW GW
S 71001 002 003 004 005 006 007
>

0,1

0,0 1,0 2,0 3,0 4,0 5,0 6,0
X Meters

Figure 4.33: Metal obstruction at (X, Y) position (0.5, 2)
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Figure 4.34: Metal obstruction at (X, Y) position (3.5, 2)

The RSSI levels transmitted from the LPNs were recorded at each of the gateways. The

recording was done for a 5-minute period and was iteratively tested thrice, viz. test 1, test 2

and test 3.
The following process was followed to calculate average RSSI level:

For each iteration
Count the number of the distinct RSSI levels received
Select the top three RSSI levels that have the highest counts

Given the highest count received RSSI level per iteration, compute the

average of these RSSI levels for all three iterations.

Table 4.14 shows an extract of the data for gateways GW-001 and GW-002 and nodes LPN002,
LPNO005 and LPN006. Using the process described above, the initial experiment contained no
obstructions. Subsequent experiments using the same process had the obstructions of a 0.5 mm
metal sheet placed in the path of transmission to observe the effect on the RSSI levels received.
The difference in the average RSSI levels as per the algorithm, together with short comments
on the results, is shown in table 4.14 and the detailed results are included in appendix D. The
difference in average RSSI level between the absence of the obstruction and the presence of

the obstruction is classified using table 4.15 and is shown in table 4.14.
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Table 4.14: Extract of results from metal obstruction

GW-001 LPNO002

2 GW-001 LPNOO0S

3 GW-001 LPNO006

4 GW-002 LPN002

5 GW-002 LPNOO0S

Negligible
Negligible
Low

High

Low

Table 4.15: Classification of different levels

O R0 I N AR WN= O

[
(=)

>11

High loss
Medium loss
Medium loss
Medium loss

Low loss

Low loss

Low loss

Low loss

Low loss

Negligible change
Negligible change
Negligible change
Negligible change
Negligible change

Low gain

Low gain

Low gain

Low gain

Low gain
Medium gain
Medium gain
Medium gain

High gain
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Experiment using fabricated metal shaped obstruction

The third obstruction used was a fabricated steel enclosure placed in the centre of the room at
location (3, 2). Eight gateways, GW001 to GW005, GW007, GW009 and GW0010, and node

LPNOO1 were used to capture levels before and after the obstruction was used. This is depicted

in figure 4.35.
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Figure 4.35: Effect of fabricated obstruction

The average RSSI levels computed with and without the obstruction and the difference in RSSI
levels are summarised in table 4.16. The RSSI level difference is classified, and a short

explanation is given in the table as well.

Table 4.16: Results with fabricated obstruction

GW-001 LPNO0l -69.03 -69.53 -0.51 Negligible Expected
GW-002 LPNOO1 -51.28 -52.68 -1.39 Negligible Expected
GW-003 LPNOO1 -71.52 -69.54 1.98 Negligible Expected
GW-004 LPNOO1 -72.22 -66.83 5.38 Medium  Expected
gain
GW-005 LPNO0l1 -65.23 -70.83 -5.60 Medium  Expected
loss
GW-007 LPNO01 -53.07 -55.60 -2.53 Negligible Not
expected
GW-009 LPNOO1 -52.93 -56.35 -3.42 Low loss  Expected
GW-010 LPNOO1 -44.17 -46.25 -2.08 Negligible Expected
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4.4.2 Fingerprinting
Distance is calculated using formula 4.1 for calculation of distance:

d =10 ~ ((TxPower - RSSI) / (10 * n)) 4.1)

where
TxPower is the transmit power level,
RSSI is the receive signal strength indicator at the receiver and

n is a value of between 2 to 4 in free space.

The RSSI levels were captured to form a fingerprint of the target environment. The fingerprints
included both the gateways positioned at fixed locations and the nodes that could change
positions and which represent the objects in a real-world environment. The initial fingerprint
was to find the initial layout. Any change detected from the levels received at gateways as per
the initial fingerprint model from the first step, indicated an obstruction in the path of
transmission. The model designed used a link quality indicator to refine the value of n used in
the formula for the calculation of the location of a node. RSSI levels recorded during various

experiments, which form the basis of a fingerprint, are detailed in section 4.3.
4.4.3 Trilateration

Trilateration is a technique for calculating the intersections of three sphere surfaces given their
centres and radii. GPS satellites are used to calculate the location that is equipped with a GPS
sensor. In and indoor environment, GPS signals are not always available. In this study, the
iRTLS design had multiple fixed gateways that measured the received RSSI levels, from which

the trilateration algorithms could be used to determine the location of the nodes.
4.5 Machine learning

For the use of machine learning in the experiments, KNN, SVM and ANN were chosen in
accordance with the methodology. These machine learning methods were applied to the
datasets collected using the designed model to determine the location of obstructions. The
metrics for these machine learning methods are MAE, MSE, RMSE and R2. The experiments

were carried out once the machine learning models’ configuration was finalised.
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KNN was used for clustering the data, by using a majority voting mechanism. It collected data
from a training data set and, based on the clusters discovered, it made a prediction of the
obstruction’s location. The received RSSI levels coming from the entities in this layout, as well
as the Euclidian positions of the gateways and LPNs, were used to categorise the data points
into the various classes using SVM. Based on this classification, the SVM model determined
the location of the obstructions. ANN received input similar to that of SVM. Based on this
input, ANN developed its own internal model with prediction, adjusting the model until the

prediction was within an acceptable threshold.
4.5.1 Experimental layout

The experimental layout for the data capture for machine learning used ten gateways labelled
GWO001 to GWO010 and three nodes LPN002, LPNO005 and LNP006, as depicted in figure 4.36.
The metal obstruction was placed at position (X, Y) where X = x coordinate and Y =

y coordinate.
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> | | |
0,1
Metal
Screen
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Figure 4.36: Gateways and node layout for machine learning

An extract of the data capture for the machine learning is shown in table 4.17. The “Test Name”
is used to identify the presence and the location of the obstruction and the “obs x pos” and
“obs_y pos” indicate the position of the obstruction. The “Node name” captures the LPN node
name, whilst the “Node x pos” and ‘“Node y pos” indicate the location of the node. The
“Gateway name” captures the Gateway name, whilst the “Gateway x pos” and “Gate-

way y pos” indicate the location of the Gateway. The “Session id” and “Message id”
102



uniquely identify the message, and the “RSSI” field is used to capture the RSSI level received
by the gateway from the node.

Table 4.17: Extract of data captured for machine learning

2 | 2 = = g 3z £ & &
IR R R R
g > a2 5 o J g '8 7 7 ¢
- s f 88 % oEorofE g

=) &n =)

Session 6: no -1 -1 378 3707 LPN 1 2 GW 15 2 -47
partition 002 -004

Session 6: no -1 -1 378 3707 LPN 1 2 GW 2 2 -49
partition 002 -005

Session 6: no -1 -1 378 3707 LPN 1 2 GW 3 2 -66
partition 002 -007

Session 6: no -1 -1 378 3706 LPN 1 2 GW 45 2 -69
partition 002 -010

Session 6: no -1 -1 378 3707 LPN 1 2 GW 45 2 -55
partition 002 -010

Session 3: 05 2 381 6236 LPN 3 2 GW 4 2 -54
partition at 005 -009

position 0.5

Session 3: 05 2 381 6238 LPN 3 2 GW 4 2 -52
partition at 005 -009

position 0.5
Session 3: 0.5 2 381 6235 LPN 5 2 GW 15 2 -73

partition at 006 -004

position 0.5

Session 3: 05 2 381 6236 LPN 5 2 GW 15 2 -54
partition at 006 -004

position 0.5
Session 3: 0.5 2 381 6237 LPN 5 2 GW 15 2 -70
partition at 006 -004

position 0.5
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4.5.2 Training of the model and prediction of obstruction location

Initially test datasets were created to be used to validate which model, kernel and parameters
to use in subsequent training and prediction models. For SVM the sampling “cross validation,
number of folds =2, 3, 5, 10, 20 and stratified = ‘Yes’, ‘No’”” was used. The results of the test
for SVM are listed in tables 4.18 and 4.19.

Table 4.18: Results of test and score parameters for SVM

Cross validation, Number of folds =2, 3, 5, 4490 2.119 1.819 -

10, 20 0.007
Stratified = yes, Stratified = No

Random sampling — repeat train test = 2 4512 2.124 1.828 -
Stratified = yes 0.006

Random sampling — repeat train test =10 4.497 2.121 1.821 -
Stratified = yes 0.007

Table 4.19: Results of different SVM Kkernels

Kernel — linear 4525 2.127 1.828 -
0.015
Kernel — polynomial — G:Auto, C: 1,D:3 4499 2.121 1.822 -
0.009
Kernel — radial basis function G:Auto 4490 2.119 1.819 -
0.007
Kernel — sigmoid - G:Auto, C: 1, 4526 2.128 1.830 -
0.015

The parameters setup for SVM training of the model is indicated in figure 4.37.
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Figure 4.37: SVM Parameters setup for training and prediction
For KNN the following parameters were tested:
Metrics = “Euclidian” and “Manhattan”,

Weight = “uniform” with number of neighbours 1 to 10, and then multiples of 5 to 30

and
“Distance” with numbers of neighbours in multiples of 10 from 10 to 30.

These results are shown in table 4.20.
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Table 4.20: Results of different parameters with KNN

Euclidian  Uniform 2.805 1.675 1.031  0.371
Euclidian  Uniform 2 2.160  1.470 0.960  0.516
Euclidian  Uniform 3 1.949  1.396 0931  0.563
Euclidian  Uniform 4 1.848  1.359 0919  0.586
Euclidian  Uniform 5 1.781  1.335 0.909  0.601
Euclidian  Uniform 6 1.742  1.320 0.902 0.610
Euclidian  Uniform 7 1.715  1.310 0.897  0.615
Euclidian  Uniform 8 1.699  1.304 0.896  0.619
Euclidian  Uniform 9 1.683  1.297 0.894  0.623
Euclidian  Uniform 10 1.667  1.291 0.892  0.626
Euclidian  Uniform 15 1.617 1.272 0.885  0.637
Euclidian  Uniform 20 1.595  1.263 0.882  0.642
Euclidian  Uniform 25 1.582  1.258 0.881  0.645
Euclidian  Uniform 30 1.574  1.254 0.881  0.647
Manhattan Uniform 10 1.669  1.292 0.893  0.626
Manhattan Uniform 15 1.621  1.273 0.888  0.636
Manhattan Uniform 20 1.600  1.265 0.885  0.641
Manhattan Uniform 25 1.588  1.260 0.883  0.644
Manhattan Uniform 30 1.582  1.258 0.884  0.645
Euclidean  Distance 10 1.668  1.292 0.891  0.626
Euclidean  Distance 20 1.590 1.261 0.879  0.644
Euclidean  Distance 30 1.560  1.249 0.874  0.650
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The parameters were set up in the model as indicated in figure 4.38.
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Figure 4.38: KNN parameters setup for training and prediction

For ANN the following parameters were tested:
Activation = “ReLu”, “Identity”, “Logistic” and “Tanh”,
Solver = “Adam”, “L-BFGS-B” and “SGD” and

Number for neurons in hidden layers = 100.
The results of these tests are shown in table 4.21.

Table 4.21: Results of different parameters with ANN

ReLu Adam 2.009 1.417 1.112  0.550
Identity Adam 200 100 2470 1572 1.282  0.449
Logistic Adam 200 100 2433 1.560 1.265  0.455
Tanh Adam 200 100 243 1.429 1.121  0.542
ReLu L-BFGS-B 200 100 1.907  1.381 1.087  0.572
Identity L-BFGS-B 200 100 2462  1.569 1.272  0.448
Logistic L-BFGS-B 200 100 2.04 1.416 1.122  0.551
Tanh L-BFGS-B 200 100 1.912  1.383 1.089  0.571
ReLu SGD 200 100 2.133  1.461 1.155  0.522
Identity SGD 200 100 2464 1.57 1.275  0.447
Logistic SGD 200 100 2462  1.569 1.273  0.448
Tanh SGD 200 100 2.189  1.4810 1.177  0.509
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The parameters that were set up for training and prediction for ANN are indicated in

figure 4.39.
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Figure 4.39: ANN parameters setup for training and prediction

Once the parameters that yielded that lowest metrics were established, these were used to
configure the model for subsequent use. The RSSI levels transmitted from the nodes were
recorded at each of the gateways. The training, prediction and validation outcomes are
documented within the respective experiments below. For each experiment the results from
dataset 1 is included in this section, whilst the results from dataset 2 and dataset 3 are included

in appendix E.
Experiment 1

The results of training the KNN, SVM and ANN models for experiment 1 for dataset 1 are
displayed in table 4.22. Seventy percent (7 729 rows) of the data from dataset 1 that contained
no obstructions and single obstruction at location x = 0.5 were utilised for training the model.
The models were then used to predict the locations based on the following datasets and their
rOws:

1. Prediction 1: Dataset 1 —30% (3 314 rows) of the remaining rows of dataset 1

2. Prediction 2: Dataset 2 — 3 407 rows
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3. Prediction 3: Dataset 2 — 7 110 rows
4. Prediction 4: Dataset 3 — 3 130 rows
5. Prediction 5: Dataset 3 — 7 325 rows

The KNN and ANN machine learning model performed equally well based on the MSE metric
for four predictions, and ANN performed marginally better for one prediction. These results
are documented in tables 4.23 to 4.25. Using the trained models on dataset 2, ANN performed
the best for the MSE metric in all five predictions. Using the trained model on dataset 3, ANN
also performed the best in four of the predictions, and KNN performed the best for one of the

predictions. The results for these predictions are listed in appendix E.

Table 4.22: Experiment 1, training on dataset 1

Model MSE RMSE MAE R2

KNN 0.002 0.039 0.002 0.997
SVM 0.007 0.083 0.080 0.988
ANN 0.000 0.005 0.004 1.000

Table 4.23: Experiment 1: Training on dataset 1, prediction on dataset 1 and dataset 2

Model MSE RMSE MAE R2 Model MSE RMSE MAE R2

KNN 0.000  0.019 0.000  0.999 KNN 0.000  0.011 0.000  1.000
SVM 0.007  0.082 0.079  0.988 SVM 0.006  0.081 0.078  0.988
ANN 0.000  0.005 0.003  1.000 ANN 0.000  0.005 0.003  1.000
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Table 4.24: Experiment 1: Training on dataset 1, prediction on dataset 2 and dataset 3

Model MSE RMSE MAE R2 Model MSE RMSE MAE R2

KNN  0.000 0.021 0.001  0.999 KNN  0.000 0.013  0.000 1.000
SVM 0007 0082  0.079 0.988 SVM  0.006 0.080  0.078  0.988
ANN 0,000 0.004  0.003 1.000 ANN 0000 0.005  0.003 1.000

Table 4.25: Experiment 1: Training on data set 1, prediction on dataset 3

Model MSE RMSE MAE R2
KNN 0001 0.029 0.001  0.998
SVM  0.007  0.082 0.079  0.988

ANN 0.000  0.005 0.003  1.000

Experiment 2

The results of training the KNN, SVM and ANN models for experiment 2 for dataset 1 are
displayed in Table 4.26. Seventy percent (11 479 rows) of the data from dataset 1 that contained
no obstructions and two obstructions at locations x = 0.5 and x = 1.5 were utilised for training
the model. The models were then used to predict the locations based on the following datasets

and their rows:

1. Prediction 1: Dataset 1 —30% (4 929 rows) of the remaining rows of dataset 1
Prediction 2: Dataset 2 — 4 708 rows

Prediction 3: Dataset 2 — 10 987 rows

Prediction 4: Dataset 3 — 4 760 rows

A

Prediction 5: Dataset 3 — 11 127 rows
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The outcomes of predictions indicate that KNN performed the best for all for predictions based

on the MSE metric. These results are presented in tables 4.27 to 4.29. KNN also performed the

best based on the trained models on datasets 2 and 3. The results for these predictions are listed

in appendix E.

Table 4.26: Experiment 2: Training on dataset 1

Model

KNN

SVM

ANN

MSE

0.079

1.057

0.113

0.282

1.028

0.335

MAE

0.142

0.911

0.247

RMSE

R2

0.925

0.007

0.894

Table 4.27: Experiment 2: Training on dataset 1, prediction on dataset 1 and dataset 2

Model MSE
KNN 0.082
SVM 1.065
ANN 0.328

RMSE

0.286

1.032

0.573

MAE

0.146

0.912

0.330

R2

0.923

0.000

0.692

Model
KNN
SVM

ANN

MSE
0.078
1.077

0.354

RMSE MAE
0.280 0.152
1.038 0.921
0.595 0.355

R2

0.927

-0.006

0.669

Table 4.28: Experiment 2: Training on dataset 1, prediction on dataset 2 and dataset 3

Model MSE
KNN 0.086
SVM 1.076
ANN 0.353

RMSE

0.294

1.037

0.594

MAE

0.151

0.921

0.355

R2

0.919

-0.006

0.670
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Model

KNN

SVM

ANN

MSE

0.076

1.086

0.343

RMSE MAE
0.276 0.146
1.042 0.926
0.586 0.345

R2

0.930

-0.002

0.683



Table 4.29: Experiment 2: Training on dataset 1, prediction on dataset 3

Model MSE RMSE MAE R2
KNN 0.084  0.290 0.147 0922
SVM 1.083  1.041 0.925  -0.001

ANN 0.342 0.584 0.344 0.684
Experiment 3

Experiment 3 consisted of one obstruction that was placed at location x = 2.5. The results of
training the KNN, SVM and ANN models using 70% (7 892 rows) of data from dataset 1 are
displayed in table 4.30. The models were then utilised to predict the locations for the following
datasets:

1. Prediction 1: Dataset 1 —30% (3 385 rows) of the remaining data in dataset 1

2. Prediction 2: Dataset 2 — 3 250 rows

3. Prediction 3: Dataset 2 — 7 583 rows

4. Prediction 4: Dataset 3 — 3 249 rows

5. Prediction 5: Dataset 3 — 7 576 rows

Results for predictions 1 to 5 showed that KNN performed the best over ANN and SVM based
on the MSE metric. These results are shown in tables 4.31 to 4.34. Results from predictions of
the trained models from datasets 2 and 3 indicated that KNN outperformed ANN and SVM in
all predictions based on the MSE metric. The results of the predictions for datasets 2 and 3 are

included in appendix E.

Table 4.30: Experiment 3: Training on dataset 1

Model MSE RMSE MAE R2

KNN 0.011 0.103 0.005 0.997
SVM 0.006 0.079 0.070 0.998
ANN 0.000 0.005 0.003 1.000
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Table 4.31: Experiment 3: Training on dataset 1, prediction on dataset 1 and dataset 2

Model MSE
KNN 0.002
SVM 3.287
ANN 2.000

RMSE MAE R2

0.040 0.001
1.813 1.750
1.414 1.002

Model
0.999 KNN
-0.073 SVM
0.347 ANN

MSE

0.011

3.377

2.106

RMSE MAE
0.105 0.004
1.838 1.775
1.451 1.054

R2

0.996

-0.106

0.311

Table 4.32: Experiment 3: Training on dataset 1, prediction on dataset 2 and dataset 3

RMSE MAE R2

Model MSE
KNN 0.004
SVM 3.370
ANN 2.099

RMSE MAE
0.061 0.002
1.836 1.774
1.449 1.052

R2 Model
0.999 KNN
-0.103 SVM
0.313 ANN

MSE
0.001
3.283

1.993

0.037 0.001
1.812 1.748
1.412 0.998

Table 4.33: Experiment 3: Training on dataset 1, prediction on dataset 3

Experiment 4

R2

Model MSE
KNN 0.007
SVM 3.277
ANN 1.987

RMSE MAE
0.087 0.004
1.810 1.747
1.410 0.996

0.998

-0.070

0.351

1.000

-0.072

0.349

Experiment 4 consisted of obstructions at locations x = 2.5 and x = 4.5. The results of training

the KNN, SVM and ANN models using 70% (11 683 rows) of the data from dataset 1 are
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displayed in Table 4.30. The models were then utilised to predict the locations for the following
datasets:

1. Prediction 1: Dataset 1 —30% (5 008 rows) of the remaining data in dataset 1

2. Prediction 2: Dataset 2 — 4 813 rows

3. Prediction 3: Dataset 2 — 11 230 rows

4. Prediction 4: Dataset 3 — 4 885 rows

5. Prediction 5: Dataset 3 — 11 401 rows

Results for predictions 1 to 5 showed that KNN performed the best over ANN and SVM based
on the MSE metric. These results are shown in tables 4.31 to 4.34. Results from predictions of
the trained models from datasets 2 and 3 indicated that KNN performed the best for all
predictions based on the MSE metric. The results of the predictions for datasets 2 and 3 are

included in appendix E.

Table 4.34: Experiment 4: Training on dataset 1

Model MSE RMSE MAE R2

KNN 0.372 0.610 0.346 0.928
SVM 4.847 2.202 1.996 0.059
ANN 0.509 0.713 0.537 0.901

Table 4.35: Experiment 4: Training on dataset 1, prediction on dataset 1 and dataset 2

Model MSE RMSE MAE R2 Model MSE RMSE MAE R2
KNN 0377 0.614 0.349  0.927 KNN 0.461 0.679 0.432  0.908
SVM 4817 2.195 1.990  0.064 SVM 4711 2171 1.960  0.058

ANN 0.502  0.708 0.534  0.903 ANN 0.575  0.759 0.607  0.885
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Table 4.36: Experiment 4: Training on dataset 1, prediction on dataset 2 and dataset 3

Model MSE RMSE MAE R2 Model MSE RMSE MAE R2
KNN 0.359  0.599 0.329  0.928 KNN 0.378 0.615 0.360 0.927
SVM 4.709  2.170 1.957  0.058 SVM 4.861 2.205 2.006  0.062

ANN 0.505 0.711 0.528  0.899 ANN 0.512 0.716 0.551 0.901

Table 4.37: Experiment 4: Training on dataset 1, prediction on dataset 3

Model MSE RMSE MAE R2
KNN 0.393  0.627 0.351 0924
SVM 4.868  2.206 2.004  0.061

ANN 0.514 0.717 0.539  0.901

4.6 Summary

In this chapter the proposed designed model was validated. The model, together with the
experiments, took into consideration the practical factors of a real-world environment. The
feasible throughput and range for the selected technology were determined. The effect of
different obstructions encountered in an indoor environment for BLE was also determined. An
improvement to the real-time quality indicator was established. Finally, it was discovered that
obstructions could be located with a reasonable degree of accuracy, as demonstrated by the

results of machine learning.
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CHAPTER FIVE: CONCLUSION

5.1 Introduction

In this chapter, a summary of the research’s accomplishments and recommendations for future
research within the scope of this thesis are presented. The research focused on finding the best
technology, determining the maximum feasible range, assessing the effect of obstructions in
the path of transmission, designing a model and using machine learning for determination of
obstruction location. The chosen methodology and procedures indicated that the created design
could be feasibly implemented. The original objectives were compared against the outcomes

to confirm that they were attained.
5.2 Summary of the analysis of results

5.2.1 iRTLS technologies

Given the constraints identified in literature, further review of technologies revealed that the
most suitable technology for use in an indoor environment is BLE. Recent and continuous
enhancements to BLE have made it the preferred technology for location determination. This
is supported by improvements in location determination techniques such as fingerprinting, the

Kalman filter and the link quality indicator.
5.2.2 Throughput and range

In the throughput and range experiment, the correlation between the time required to transmit
1 Mb of data and the throughput was nonlinear, indicating the presence of potential interference
variables. The analysis was unable to identify these interfering variables owing to the

limitations.

When broadcasting at a level of -20 dB with a clean line of sight within the open-plan office, a
range of 25 m was obtained. The throughput of 759 Kbps at 5 m and 533 Kbps at 25 m suggests
that BLE V5 can send data at greater speeds across greater distances. The measured throughput
in the boardroom ranged from 793 Kbps at 1 m to 222 Kbps at 10 m. Using a Bluegiga USB
dongle as a gateway and a RadBeacon tag transmitting at the same power level, Wang et al.

(2015) achieved a transmission range of 2 m. This suggests that different environments provide
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distinct effects. Possible causes include the difference in size between the boardroom and the

open-plan office, as well as the composition of the walls.

When the PDKs were placed at a total distance of 2 m from a glass door, a lower throughput
rate of 386 Kbps was measured compared to the maximum throughput rate of 579 Kbps
measured when the PDKs were placed at a distance of 4 m apart with the same glass door as
the obstruction. At 5 m, the throughput was comparable to that measured at 2 m. However, the
throughput reduced to 48 Kbps at a distance of 6 m, and to an unacceptable level at a distance
of 6.5 m, and in the majority of cases completely disconnected at this distance. The RSSI
measurements did not change significantly from 2 to 6 m. These measurements across a

classroom door are noteworthy since the glass may reflect electromagnetic waves.

Figure 4.10 demonstrates that communication is feasible up to a distance of 11 m in the office
area and 13 m in the two corridors. This shows that a BLE signal sent at -20 dB can pass
through a door and numerous drywall walls. However, as the distance increases, reception will
deteriorate due to the signal’s weakening through these obstructions. The throughput reduced
from 227 Mbps at 10 m to 82 Mbps at 11 m. In the fire escape, connectivity was acceptable
behind the closed door, but non-existent at a distance of 5 m, indicating that the brick wall had
a substantial impact on signal strength. Signal strength and throughput were excellent when
there was a clear line of sight, but when glass, partitions, brick walls, etc. were placed in the
signal’s path, signal strength decreased rapidly. This loss increased in proportion to the

obstruction’s material composition, such as a solid brick wall or reflecting glass.

The results of long range and excellent throughput at the lowest power level employed are
encouraging for use in environments that are sensitive to high electromagnetic wave levels,
such as healthcare. Assuming the BLE node is stationary and a connection has been established,
a satisfactory throughput can be attained for pure data transmission. However, multiple
gateways and methods must be employed to determine location with a high degree of precision

for an iRTLS.

A pattern within some environments and random variations at particular distances were
observed, for example at 15 m in the open-plan office, the throughput increased, and the
variation in the findings thus represents an actual environment. This suggests that there is a
nonlinear relationship as distance rises. Between 5 m and 15 m, the throughput in the

boardroom decreased substantially. RSSI results indicate that Bluetooth devices can be
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identified with a degree of precision (in an open area, an RSSI level of approximately -80 dBm
indicates a distance between 2 and 25 m; in an office environment, an RSSI level of
approximately -80 dBm indicates a distance between 2 and 13 m; and in the boardroom, an

RSSI level of approximately -80 dBm indicates a distance between 2 and 6 m).
5.2.3 Transmission through obstructions

Generally speaking, the reception of broadcast packets follows a linear pattern. In some
situations, however, a nonlinear level is observed, indicating the existence of variables that
could potentially interfere with this experiment. Due to restrictions, it was not possible to

isolate these conflicting variables in this investigation.

Figure 4.13 showed that there was a variance in the RSSI values of the two receivers, based on
the results of tests conducted in the adjacent office. Significant and observable variations
existed at the higher transmitted levels, but they were less pronounced at the lower levels. The
results of the test conducted between these two locations indicate that BLE signals can pass
through solid walls. Even at low transmission levels of -12 dBm, the signal may be received

from a distance of around 6 m.

Observations revealed a pattern in some environments as well as and random changes at
specific distances. The variation in the results reflects the actual, real-world environment. This
indicates that the relationship between the distance and received RSSI levels was nonlinear as
distance increased. However, RSSI results indicate that a Bluetooth device can be identified
with a certain degree of precision through a solid brick wall, double drywall barriers or double
glass partitions. Furthermore, this data can be processed by commonly used algorithms such as

the Kalman filter, before being applied to a location determination algorithm.

As a result of the COVID-19 pandemic, the widespread use of Perspex in office environments
became a norm to help prevent the spread of the virus. In addition, the material is also used as
general protection screens in the medical and office environments. Therefore, Perspex was also
considered as and obstruction to be investigated. The results showed that 3 mm, 5 mm and both

3 mm and 5 mm together had no effect on BLE transmission.

The material of the metal obstruction used was similar that of a steel filing cabinet. This was

considered as such cabinets are typically found in an office. Variation of levels received at the
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gateways in close proximity was negligible, whilst gateways that were further apart recorded
some medium to high variation. The gain was due to the possible reflection of the signals from
the metal screen. The loss was due to the absorption of signals as well as the fact that lower-
level signals could not pass through the metal obstruction. The resultant conclusion is that metal
sheets in the path of transmission do have an effect on the BLE transmission. Therefore, this

will need to be considered for any location determination.

In some cases, an object obstructs the BLE transmission from three sides. A fabricated metal
obstruction consisting of three sides was used to simulate this scenario. Gateways GWO001,
GWO002, GWO005, GW009 and GWO010 showed a decrease in the RSSI level with the
obstruction, which was expected as the obstruction was in the path of transmission. Gateways
GWO003 and GWO004 showed relative gains, and this can be attributed to the signal being
reflected. However, gateway GW007 showed a negligible loss, and this was not expected. In
general, a metal obstruction that blocks the BLE signal in three directions causes relative losses
to gateways behind the obstruction whilst causing gains to receive RSSI levels on the open side
of the obstruction. Consideration will need to be given to the material of which the obstruction
is made and the shape of the obstruction. Such obstructions will need to be carefully considered

for location of BLE nodes.
5.2.4 Real-time quality link indicator

Based on the outcomes of this research, a meaningful measure that is best suited for data
smoothing has been established. The moving average (mean) computed from five RSSI levels
was less dependable for subsequent use in smoothing the original RSSI. After extensive
computation, it was determined that the moving average (mean) derived from ten RSSI levels
provided a more accurate basis for future computation. Therefore, a minimum of ten RSSI
readings is advised for the most accurate location estimations. The mean provided the best

smoothing computation at each of the four gateways, followed by the median.

Jayakody et al. (2016) improved the raw RSSI levels by multiplying the current and previous
RSSI values by a factor between 0 and 1 to obtain an enhanced RSSI value. Therefore, this
new RSSI value depended on the past and current RSSI values. They then generated a smoothed
RSSI by applying a 20-value moving average to the newly obtained RSSI stream. The RSSI
values are then forwarded to subsequent processing in order to establish the location. Compared

to the procedure recommended in the present study, this entails one additional step. Also, the
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process requires twice as many RSSI levels for the smoothing step, which increases the

difficulty of collecting a data stream for further processing.

According to the mode calculated at each of the four gateways, the RSSI stabilises with time
and remains constant. In the majority of instances, a large proportion of RSSI values appear to
be within the top three RSSI values, with the mode becoming more apparent when viewed over
a longer period. This pattern was discovered across the majority of the data collected. The
combination of the mean, mode and RSSI levels close to the mode provides a reliable starting
point for the location calculation. As an indoor environment is dynamic, it is unnecessary to
collect, save and reference a fingerprint in this instance. The fluctuating indoor environment
will result in varying RSSI readings each time. Moreover, because the movement of individuals
alters the environment, it becomes more difficult to calculate the location precisely. This will

necessitate the use of a more dynamic link quality indicator to detect the position of a node.
5.2.5 Improvement of location determination in a dynamic environment

The formula for location determination includes a factor » that ranges between 2 and 4. This
model, designed with fixed gateways, enables the real-time determination of this factor. The
improved source of data as a link quality indicator of the fixed gateways, as demonstrated, is
used as an input to determine the factor n for location determination. The mesh formed by the

gateways in the model further strengthens the methodology for the location determination.
5.2.6 Indoor real-time location system model

The designed model uses the technologies and techniques identified, viz. BLE, fingerprinting
and machine learning. This model includes the ability to determine the location of a node
through obstructions by using a link quality indicator instead of the traditional fingerprint,
which will be outdated in a dynamic environment. The most popular machine learning modes
(KNN, SVM and ANN) together with the metrics MSE, RMSE, MAE and R2 are used to

demonstrate the ability to locate and obstruction.
5.2.7 Machine learning for obstruction location determination

Machine learning models KNN, SVM and ANN, together with the metrics MSE, RMSE, MAE
and R2, were used for the prediction of obstructions in an indoor environment and yielded

positive results. When the dataset contains fewer locations, predictions of those locations are

120



typically more accurate. When more data is available for a given experiment, some machine
learning methods perform better than others in predicting the location of obstructions. The
experiments conducted indicated that KNN performed better than ANN and SVM in predicting

obstruction location based on the MSE metric.

Table 5.1 displays the frequency with which each machine learning model achieved the best
performance on the trained dataset. To highlight the experiment’s extent of variability, the total
number of rows used for all predictions is shown. At the end of the table, the total number of
predictions for each machine learning model and their respective percentages are also displayed
to show their comparison. It is evident from the findings that the KNN machine learning model
performed better 83% of the time, followed by the ANN model at 17%, based on the MSE
metric. The difference between ANN and KNN prediction errors was 0.001, 0.002 and 0.004,
resulting in a 17% performance advantage over KNN and SVM. This resulting difference is
very marginal for the prediction models. SVM did not outperform any of the other prediction

methods.

In conclusion, machine learning can be used to predict the location of obstructions in an
indoor environment for an iRTLS model utilising BLE. This conclusion is supported by the
unprocessed, independent experimental results of the research. The results of location

determination can be enhanced through preprocessing.

Table 5.1: Number of successful predictions per trained dataset

KNN | SVM | ANN | No. of rows
Experiment 1
Dataset 1 4 0 1 24286
Dataset 2 0 0 5 24545
Dataset 3 1 0 4 24330
Experiment 2
Dataset 1 5 0 0 36511
Dataset 2 5 0 0 37003
Dataset 3 5 0 0 36863
Experiment 3
Dataset 1 5 0 0 25039
Dataset 2 5 0 0 25348
Dataset 3 5 0 0 25625
Experiment 4
Dataset 1 5 0 0 37337
Dataset 2 5 0 0 37790
Dataset 3 5 0 0 37619
Total 55 0 5
Percentage 83% 0% |[17%
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5.3 Addressing the study objectives
This section details how each of the objectives were achieved.

Objective 1: Determine the most viable iRTLS technology which balances the identified real-
world constraints of small form factor, low cost, reasonable accuracy and low power

consumption.

A literature survey was conducted to analyse the current technologies and thus determine the

most feasible ones, given the constraints, as indicated in section 5.2.1.

Objective 2: Based on this technology determine a workable range for the purposes of location

determination.

Detailed experiments were conducted to establish the workable range for an indoor

environment. The details of the results are explained in section 5.2.2.

Objective 3: Based on this range, develop a cost-effective model for a suitable layout of various

pieces of equipment that would meet the needs of location determination within the constraints

identified.

The design science methodology was followed to design and test selected aspects of the model.

The details are provided in sections 5.2.3 to 5.2.6.

Objective 4: Based on this layout, identify suitable methods to accurately determine the

location of obstructions within the identified environment

Machine learning methods were applied to estimate the most likely position of obstructions in
the experimental environment. These methods were evaluated using an experiment, and the
most accurate machine learning model was determined via the metrics deemed to be the most

suitable for this particular domain. The results are discussed in section 5.2.7
5.4 Addressing the research questions

Research question 1: What is the most suitable technology which balances selected constraints
that can be incorporated within a viable model of an iRTLS that provides accurate location

determination within an acceptable range?
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Based on the literature study and the experiments carried, out BLE was identified as the most
suitable technology for this type of location determination. This is also illustrated in

section 5.2.1.

Research question 2: What is the most feasible method for obstruction location determination
that is compatible with the newly developed model of an iRTLS?
The results of the experiments carried out indicate that machine learning can be used to

determine the location of obstructions in the path if transmission, as indicated in section 5.2.7.

5.5 Success criteria and contribution of the research

The study produced a feasible, cost-effective iRTLS model with enhanced techniques for
improved location of stationary obstructions. A review of the pertinent literature led to the
reduction of these identified attributes to six. Within the limitations of the domain, the resulting
design successfully achieved a balance between the majority of the chosen attributes. The high
cost, high power consumption and high form factor of earlier systems were some of the
drawbacks that this design managed to reduce. The main contribution of this study is that
machine learning can be used to locate obstructions in the path of transmission in a given
environment. Once obstructions have been located, this information can be used to improve an

indoor location system.

5.6 Limitations

The research was conducted during the COVID-19 pandemic. As a result, the researcher was
not able to access a larger real-world testing environment that would have provided for more
through testing of the model. Only certain aspects of the designed model were tested as a result
of the scope of the thesis and the time constraints. As mentioned previously, many aspects of
iIRTLS were explored. The relevant machine learning methods were applied for the
determination of obstruction location. However, a comprehensive investigation of all suitable

machine learning methods was not conducted due time and scope limitations.

5.7 Future work

With the proliferation of IoT and the demand for indoor location, there are several areas for

improvement. Some of these are noted here based on the research carried out and the findings.
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Current BLE nodes’ point-to-point communication has a limited range and restricted coverage.
A potential solution could be the design of a wireless mesh multi-hop network with numerous
nodes capable of connecting with each other to enable packet routing in order to extend this
limited coverage (Raza et al. 2016). Using technologies such as mesh node hopping with BLE
V5 technology, the model can be scaled up to extend the range using a combination of Wi-Fi
and BLE. The ability of nodes to communicate with each other will ensure multiple available
paths between an LPN and a gateway, ensuring adequate robustness of the solution. Using
intermediate nodes as transmitters, the data being transmitted over the network has the potential
to be minimised, leading to more efficient use of power and memory. By minimising the power
consumption and the memory usage, the size of the device can be reduced. Communication
between LPNs and gateways can be optimised in terms of throughput, load balancing and
energy consumption by using a network algorithm. The communication between the many
LPNs in a mesh network will enable coverage of the blind spots that are not covered by the
readers and will extend the network’s coverage, while the availability of several

communication pathways will assure scalability.

Nodes that change their location were not considered in this research and hence provide an
opportunity to extend these results. Also, some obstructions found in a real-world environment
constantly change their location, resulting in an invalidated previously captured footprint.
Consequently, future research can expand on these findings, particularly the quality connection
indicator and the prediction of the position of barriers using machine learning. The results of
machine learning show that both KNN and ANN yield very similar results in terms of precision.
Thus, future work may include incorporating both these models in an ensemble combination.
Future work can enhance the model so that it can be applied in different domains. Given that
technology is constantly evolving, the model developed in this study can be adapted to newer

technologies with minimal enhancements.
5.8 Summary

Through the experimental work completed, the combination of methods at each phase of the
selected software development methodology produced both a system design and experimental
results. The results produced by the chosen methodology demonstrate that the designed model
is feasible within this domain and, given the constraints, is able to provide accurate results. The

results of the throughput and range experiments and transmission through obstructions using
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selected technologies have been discussed. The enhanced link quality indicator serves as a
demonstration of how location determination was improved in a dynamic and changing
environment. The most commonly used machine learning methods were used in the newly
developed model to find obstructions in the path of BLE transmission. It has been shown in
this chapter that the objectives were achieved, that the research questions were answered and
that this research made significant contributions. This research depended on relevant
technologies and, as technology improves, this research can be extended to improve indoor

location determination.
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APPENDICES

Appendix A - Use Cases

Only the main use cases are detailed.

No UuCo1

Name LPN broadcast message

Related

Requirements

Goal in Context Send a message to the server

Trigger A message will be broadcast based on and of the following event.

1. Movement detected
2. Time to broadcast reached
Preconditions

Main flow action 1. If movement detected (LNM) OR time elapsed (LNT) then
steps 1.1 Create a new message
1.2 Broadcast
Exception
Post Conditions
Business rules

System rules

No uco2

Name LPN receives message

Related

Requirements

Goal in Context Receive and process a message

Trigger A message will be received from an LPN, Relay or the server.

144



Preconditions

Main flow action
steps

Exception
Post Conditions
Business rules

System rules

No

Name

Related
Requirements

Goal in Context

Trigger

Preconditions
Main flow action

steps

Exception
Post Conditions
Business rules

System rules

If message type is (LNM, LNT) or (CPN not for itself) then

wN e

4

On receipt of message check and record Receive level,
Check TTL

Update Message

If TTL > O then Broadcast

Else if Message type is CPN for itself

1.

Lookup and setup parameters

1. LPN will broadcast messages received from other LPN’s provided
the TTL is > 0 and the message is not repeated.
2. lgnore message broadcast from itself

ucCo3

Relay broadcast message

Transmit a message to the server

A message will be broadcast based on and of the following event.

1. Time to broadcast reached

If time to broadcast reached, then

1.

Create a new message

2. Broadcast
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No ucCo4

Name Relay receives message

Related

Requirements

Goal in Context Receive and process a message

Trigger A message will be received from the server, relay or LPN

Preconditions

Main flow action If message type is CRL and is for itself, then
steps
1. Onreceipt of message check and record Receive level, and TTL
ELSE for all other messages

1. Record Receive level and update the TTL
2. Send message

Exception

Post Conditions

Business rules

System rules
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No
Name
Related

Requirements
Goal in Context

Trigger

Preconditions

Main flow action
steps

Exception
Post Conditions
Business rules

Systems

ucCos

Server send message

Server sends out configuration data or message to check status of a
relay or LPN

A message is sent on one of the two events

1. New configuration data setup
2. Timeout interval reached for relay or LPN.

If new configuration data is setup

1. Create a new message (CSR or CSL)
2. Send message
3. Function receives config
4. Get node ID using the MAC address
5. Send config to Node using node ID
If time elapsed, then broadcast own message

1. Create a new message (CSN or CSR)
2. Send message

3. Function receives config

4. Get node ID using the MAC address
5. Send config to Node using node ID

Parameters to be sent from server to Low power node / or Relay

X — Position decimal one decimal place precision

Y - Position decimal one decimal place precision

Venue — character field to indicate the location of the test
Broadcast — Off: Stop broadcast, On: Begin Broadcast. This param-
eter is ignored for a Relay

PwnNE

No

Name

uUcoe6

Server receives message
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Related
Requirements
Goal in Context Store message received

Trigger Server receives a message
Preconditions

Main flow action If Message typeis (LNM, LNT, CSN, CSR)
steps
1. Store message
Exception
Post Conditions
Business rules

System rules

Appendix B - Measurement of Throughput

Typical interaction between the PDKs used as transmitter and receiver.

[00002546] <info> app: This board will act as tester.

[00002546] <info> app: Type 'config' to change the configuration parameters.
[00002546] <info> app: You can use the TAB key to autocomplete your input.
[00002547] <info> app: Type 'run' when you are ready to run the test.
throughput example:~$ run

[00000004] <info> app: Preparing the test.

[00000006] <info> app: Starting advertising.

[00000011] <info> app: Starting scan.

[00001458] <info> app: Device "Nordic ATT MTU" found, sending a connection
request.

[00001466] <info> app: RSSI: -60

[00001466] <info> app: Advertised TX: 100

[00002836] <info> app: Connected as a central.

[00002837] <info> app: Discovering GATT database...

[00000084] <info> app: ATT MTU exchange completed. MTU set to 247 bytes.

[00000330] <info> app: Data length updated to 251 bytes.
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[00002471] <info> app: PHY update accepted. PHY set to 2 Mbps.
[00003030] <info> app: AMT service discovered at peer.
[00003276] <info> app: Notifications enabled.

[00000172] <info> app: Test started

[00001552] <info> app: Done.

[00001553] <info> app: ========

[00001553] <info> app: Time: 8.933 seconds elapsed.

[00001553] <info> app: Throughput: 939.18 Kbps.

[00001554] <info> app: =====================

[00001554] <info> app: Sent 1048712 bytes of ATT payload.

[00001555] <info> app: Retrieving amount of bytes received from peer...

[00002212] <info> app: Peer received 1048712 bytes of ATT payload.

[00002212] <info> app: Disconnecting...
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Appendix C — Results from Perspex Obstruction

Results when no screens are placed

No Screens
Test 1 Test 2 Test3 Avg

GW LPN Count | Level Count Level Count Level

GW-001 | LPNOO1 85 -60 111 -59 110 -59 -57
GW-001 | LPNOO1 73 -55 81 -55 86 -55

GW-001 | LPNOO1 62 -58 78 -58 57 -58

GW-001 | LPN002 83 -64 97 -64 86 -64 -64
GW-001 | LPN002 65 -60 55 -61 65 -67

GW-001 | LPN002 52 -67 52 -67 52 -61

GW-002 | LPNOO1 98 -56 102 -56 87 -56 -60
GW-002 | LPNOO1 61 -70 62 -54 80 -54

GW-002 | LPNOO1 55 -54 37 -69 48 -69

GW-002 | LPN002 106 -63 88 -63 86 -63 -63
GW-002 | LPN002 50 -64 60 -61 51 -61

GW-002 | LPN002 50 -61 38 -65 48 -62

GW-003 | LPNOO1 79 -69 72 -69 67 -68 -68
GW-003 | LPNOO1 43 -68 55 -67 60 -69

GW-003 | LPNOO1 43 -66 43 -68 57 -67

GW-003 | LPN002 102 -44 117 -46 110 -46 -47
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GW-003 | LPN002 91 -46 94 -44 104 -44
GW-003 | LPN002 64 -50 53 -50 52 -50
GW-004 | LPNO0O1 61 -68 109 -68 63 -67 =72
GW-004 | LPNO0O1 53 -78 68 -78 54 -68
GW-004 | LPNO0O1 48 -67 35 -79 54 -78
GW-004 | LPN002 100 -52 108 -52 105 -52 -56
GW-004 | LPN002 66 -57 68 -57 80 -60
GW-004 | LPN002 59 -59 46 -60 67 -57
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Results for 3mm Perspex

3 mm Screen

Test 1 Test 2 Test3 Avg
GW LPN Count Level | Count | Level Count | Level
GW-001 | LPNOO1 84 -58 94 -58 109 -58 -57
GW-001 | LPNOO1 75 -55 55 -55 62 -57
GW-001 | LPNOO1 64 -59 53 -59 57 -55
GW-001 | LPN002 72 -64 64 -64 76 -64 -64
GW-001 | LPN002 53 -60 51 -66 55 -61
GW-001 | LPN002 36 -66 50 -61 48 -66
GW-002 | LPNO0O1 100 -56 78 -56 80 -56 -57
GW-002 | LPN0O1 61 -54 53 -54 64 -54
GW-002 | LPN0O1 41 -69 48 -55 62 -55
GW-002 | LPN002 71 -61 88 -63 81 -63 -63
GW-002 | LPN002 68 -63 68 -61 76 -61
GW-002 | LPN002 47 -64 46 -64 52 -64
GW-003 | LPNO0O1 72 -68 95 -68 75 -67 -68
GW-003 | LPNO0O1 52 -67 49 -71 67 -68
GW-003 | LPNO0O1 40 -69 40 -67 47 -71
GW-003 | LPN002 112 -46 111 -46 109 -46 -47
GW-003 | LPN002 99 -44 97 -44 101 -44
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GW-003 | LPN002 54 -51 67 -51 68 -51
GW-004 | LPNO001 63 -67 76 -68 56 -68 -71
GW-004 | LPNO0O1 51 -68 46 -67 45 -78
GW-004 | LPNO0O1 47 -78 45 -78 37 -67
GW-004 | LPN002 63 -67 75 -52 75 -58 -62
GW-004 | LPN002 51 -68 58 -58 63 -52
GW-004 | LPN002 47 -78 43 -60 46 -61
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Results from Smm Perspex

5 mm Screen

Test 1 Test 2 Test3 Avg

GW LPN Count Level Count [Level Count [Level
GW-001[LPNO01 [154 -58 149 158 (123 |58 |57
GW-001LPNOO1 51 -55 55 =57 74 57
GW-001{LPNO01 45 -57 53 -55 55 55
GW-001LPN002 80 -64 72 64 93 56 161
GW-001[LPN002 [52 -61 65 66 54 -55
GW-001LPN002 48 -66 64 61 51 54
GW-002|[LPN001 (96 -56 86 56 93 56 157
GW-002 |[LPNO001 69 -54 60 54 54 -55
GW-002LPN0O01 40 -69 56 -55 51 -54
GW-002 LPN002 (77 -63 77 63 [79 62 163
GW-002 LPN002 61 -64 59 64 68 61
GW-002 LPN002 61 -61 58 61 49 64
GW-003 [LPN001 60 -67 98 67 bl 68 168
GW-003 [LPN001 [50 -68 52 68 55 67
GW-003[LPNO01 W45 -66 41 -72 A7 73
GW-003 LPN002 {102 -46 114 46 106 |46 +47
GW-003 LPN002 81 -44 91 44 92 44
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GW-003 LPN002 62 -51 64 51 A48 51
GW-004 LPNOO1 68 -67 80 67 Bl 67 74
GW-004 LPNOO1 @48 -78 52 L78 @2 =77
GW-004 LPNOO1 @47 -77 31 c77 - B4 78
GW-004 LPN002 (70 -52 69 k52 (15 52 |56
GW-004 LPN002 65 -58 65 58 52 58
GW-004 LPN002 #43 -53 50 61 K9 61
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Results from both 3mm and S5Smm Perspex

3 and 5 mm Screen

Test 1 Test 2 Test3 Avg

GW LPN Count | Level | Count Level | Count | Level

GW-001 LPNO01 171 -58 157 -58 155 -58 -55.9
GW-001 LPNO01 40 -55 48 -55 48 -57

GW-001 LPNO01 33 -54 46 -54 45 -54

GW-001 LPN002 73 -61 67 -66 77 -65 -64.0
GW-001 LPN002 67 -65 67 -65 74 -61

GW-001 LPN002 39 -66 54 -61 41 -66

GW-002 LPNO01 104 -56 90 -56 94 -56 -57.9
GW-002 LPNO01 58 -68 66 -54 57 -55

GW-002 LPNO01 55 -54 46 -68 46 -54

GW-002 LPN002 112 -63 93 -63 107 -63 -62.3
GW-002 LPN002 57 -60 58 -64 55 -60

GW-002 LPN002 49 -64 51 -60 51 -64

GW-003 LPNO01 79 -67 76 -68 80 -67 -68.7
GW-003 LPNO01 67 -68 70 -67 67 -68

GW-003 LPNO01 50 -71 67 -71 43 -71

GW-003 LPN002 110 -46 114 -46 115 -46 -46.7
GW-003 LPN002 89 -44 99 -44 92 -44
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GW-003 LPNO002 67 -50 46 -50 52 -50
GW-004 LPNOO1 78 -67 64 -67 111 -67 -73.1
GW-004 LPNO001 50 =77 50 =77 52 =77
GW-004 LPNO001 34 -78 39 -74 25 -74
GW-004 LPNO002 77 -53 69 -53 56 -52 -56.3
GW-004 LPNO002 59 -58 68 -61 56 -58
GW-004 LPNO002 44 -61 63 -58 47 -53
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Appendix D — Results from Metal Sheet Obstruction

No obstruction in place

No partition
Gateway | LPN 341 342 343 AVG All
1| GW-001 | LPN002 171 -51 153 -51 165 -51 -49.111
2 | GW-001 | LPN002 69 -47 53 -47 77 -47
3 | GW-001 | LPN002 17 -48 21 -48 12 -52
1 | GW-001 | LPNOOS 73 -63 50 -63 60 -58 -61.556
2 | GW-001 | LPNOO5 56 -58 44 -58 48 -63
3 | GW-001 | LPNOO5 47 -67 33 -57 47 -67
1| GW-001 | LPN006 82 -68 53 -68 67 -64 -68.333
2 | GW-001 | LPNO06 52 -64 45 -74 47 -68
3 | GW-001 | LPN006 32 -74 35 -64 41 -71
1 | GW-002 | LPN002 164 31 140 -31 166 31 -28
2 | GW-002 | LPN002 57 25 57 25 39 25
3 | GW-002 | LPN002 19 -28 16 -28 11 -28
1 | GW-002 | LPNOO5 58 -69 43 -70 61 -60 -65.778
2 | GW-002 | LPNOO5 45 -70 36 -69 56 -70
3 | GW-002 | LPNOO5 41 -60 35 -60 30 -64
1 | GW-002 | LPN006 58 -73 35 -73 49 -73 -71.778
2 | GW-002 | LPN006 38 -74 31 -69 40 -74
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GW-002 | LPNOO6 32 -70 31 -70 36 -70
GW-003 | LPN002 &4 -38 78 -39 92 -38 -39.333
GW-003 | LPN002 77 -39 73 -38 79 -39
GW-003 | LPN002 49 -41 40 -41 38 -41
GW-003 | LPNOOS 106 -55 98 -55 103 -53 -54
GW-003 | LPNOOS 91 -53 84 -53 92 -55
GW-003 | LPNOO5 53 -54 45 -54 44 -54
GW-003 | LPN0OO6 106 -61 &4 -61 77 -61 -56.667
GW-003 | LPN0OO6 49 -55 63 -54 49 -55
GW-003 | LPNOO6 43 -54 40 -55 47 -54
GW-004 | LPN002 130 -50 118 -50 117 -50 -51
GW-004 | LPN002 67 -51 54 -51 74 -52
GW-004 | LPN002 62 -52 54 -52 44 -51
GW-004 | LPNOO5 157 -31 136 -31 146 -31 -19.222
GW-004 | LPNOO5 54 -12 33 -12 45 -12
GW-004 | LPNOO5 | 29-Jan -8 30 -28 23 -8
GW-004 | LPNOO6 68 -54 59 -59 65 -54 -54.556
GW-004 | LPNOO6 51 -59 58 -54 50 -59
GW-004 | LPNOO6 43 -51 40 -51 44 -50
GW-005 | LPN002 78 -57 64 -57 80 -61 -55.667
GW-005 | LPN002 58 -49 49 -61 51 -57
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GW-005 | LPN0O02 50 -61 49 -49 51 -49
GW-005 | LPNOO5 97 -45 87 -45 &3 -45 -43
GW-005 | LPNOOS 72 -44 75 -44 65 -44
GW-005 | LPNOOS 48 -40 37 -40 47 -40
GW-005 | LPNOO6 85 -54 85 -54 105 -54 -50.667
GW-005 | LPNOO6 76 -45 66 -53 77 -53
GW-005 | LPNOO6 69 -53 51 -45 53 -45
GW-006 | LPN002 72 -59 65 -59 74 -59 -65.111
GW-006 | LPN002 65 -61 51 -61 45 -61
GW-006 | LPN002 32 -62 30 -82 37 -82
GW-006 | LPNOOS 115 -53 111 -53 134 -53 -52
GW-006 | LPNOOS 79 -52 74 -52 51 -52
GW-006 | LPNOOS 62 -51 47 -51 41 -51
GW-006 | LPNOO6 97 -31 90 -31 97 -31 -31.333
GW-006 | LPNOO6 55 -28 61 -35 58 -28
GW-006 | LPNOO6 55 -35 42 -28 58 -35
GW-007 | LPN0O02 55 -64 47 -64 55 -64 -69.333
GW-007 | LPN002 37 -69 36 -69 39 -69
GW-007 | LPN002 25 -68 23 -79 32 -78
GW-007 | LPNOOS 99 -59 &9 -59 103 -59 -56.667
GW-007 | LPNOO5 69 -53 72 -58 70 -53
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GW-007 | LPNOO5 62 -58 65 -53 45 -58
GW-007 | LPNOO6 180 -46 171 -46 178 -46 -46
GW-007 | LPNOO6 68 -45 59 -45 51 -45
GW-007 | LPNOO6 15 -47 15 -47 23 -47
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Steel obstruction placed at location 0.5m

Partition at position 0.5m
DIFF
AVG | for
Gateway | LPN 346 347 348 All all
1 | GW-001 | LPN0OO2 | 211 | -52 177 | -52 190 | -52 | -53.0 -4
2 | GW-001 | LPNOO2 | 57| -53 64 | -53 71| -53
3 | GW-001 | LPN002 2| -54 2| -54 2| -54
1 | GW-001 | LPNOO5 | 83| -61 71 | -61 83 | -60 | -63.2 -2
2 | GW-001 | LPNOO5 | 58| -60 64 | -60 68 | -68
3| GW-001 | LPNOOS | 51| -69 33 | -69 66 | -61
1 | GW-001 | LPNOO6 | 72| -73 52| -73 78 | -73 | -70.3 -2
2 | GW-001 | LPNOO6 | 56 | -66 46 | -72 40 | -66
3| GW-001 | LPNOO6 | 30| -72 44 | -66 39 | -72
1 | GW-002 | LPNO02 | 104 | -11 100 | -31 103 | 31| -17.3 11
2 | GW-002 | LPN002 | 96 | -31 81| -11 92 | -11
3|1 GW-002 | LPN0O02 | 33| -10 40 | -10 44 | -10
1 | GW-002 | LPNOOS | 64| -72 57| -72 50| -71 | -67.3 -2
2 | GW-002 | LPNOO5S | 47| -59 50 | -59 48 | -73
3| GW-002 | LPNOOS | 40| -70 49 | -71 44 | -59
1 | GW-002 | LPNOO6 | 74| -64 70 | -64 82| -64 | -65.1 7
2 | GW-002 | LPNOO6 | 56 | -63 50 | -63 54 | -63
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GW-002 | LPNOO6 | 46 | -68 37| -69 51| -68
GW-003 | LPNOO2 | 78 | -50 &9 | -50 106 | -50 | -47.7 -8
GW-003 | LPNOO2 | 77 | -44 72 | -49 77| -44
GW-003 | LPNOO2 | 67| -49 50 | -44 56 | -49
GW-003 | LPNOOS | 66| -53 58| -53 74| -53 | -56.2 -2
GW-003 | LPNOOS 54| -68 49 | -68 64 | -67
GW-003 | LPNOOS | 45| -48 43 | -48 40 | -48
GW-003 | LPNOO6 | 75| -54 83 | -54 88 | -54 | -68.7 -12
GW-003 | LPNOO6 | 29 | -75 23| -75 28| -76
GW-003 | LPNOO6 | 29| -76 22| 77 23| -77
GW-004 | LPNOO2 | 76 | -55 72 | -55 67 | -56 | -56.8 -6
GW-004 | LPNOO2 | 57| -54 57| -56 53| -55
GW-004 | LPNOO2 | 54| -56 48 | -62 53| -62
GW-004 | LPNOOS 89 | -31 &5 | -31 &5 | -31| -26.6 -7
GW-004 | LPNOOS 53| -14 49 | -14 72| -14
GW-004 | LPNOO5 | 48| -33 37| -33 44 | -38
GW-004 | LPNOO6 | 119 | -55 104 | -55 142 | -55| -51.3 3
GW-004 | LPNOO6 | 38| -50 40 | -49 47| -49
GW-004 | LPNOO6 | 38 | -49 38| -50 34| -50
GW-005 | LPNOO2 | 80 | -58 78 | -58 71| -59 | -62.3 -7
GW-005 | LPNOO2 | 68 | -59 61| -70 66 | -58
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GW-005 | LPNO02 | 48| -70 42 | -59 54| -70
GW-005 | LPNOO5 | 109 | -50 95| -50 &89 | 44| 492 -6
GW-005 | LPNOOS | 79 | -44 88 | -44 85 | -49
GW-005 | LPNOOS | 31| -54 23| -54 34| -54
GW-005 | LPNOO6 | 92 | -48 77 | -48 87 | -48 | 47.9 3
GW-005 | LPNOO6 | 81 | -45 71| -45 65 | -45
GW-005 | LPNOO6 | 32| -53 34| -53 35| -46
GW-006 | LPNO02 | 90| -59 75| -59 100 | -59 | -59.0 6
GW-006 | LPNO02 | 75| -60 66 | -58 67 | -60
GW-006 | LPNO02 | 63 | -58 64 | -60 56 | -58
GW-006 | LPNOOS 81 | -48 60 | -54 101 | 47| -50.9 1
GW-006 | LPNOOS | 64 | -54 59 | -48 41| -51
GW-006 | LPNOOS 551 -51 57| -51 39| -54
GW-006 | LPNOO6 | 65| -33 63 | -28 59| -33 | -33.3 -2
GW-006 | LPNOO6 | 54| -39 56 | -33 53| -39
GW-006 | LPNO06 | 50 | -28 52| -39 51 -28
GW-007 | LPNOO2 | 63 | -69 57| -69 57| -69 | -69.4 0
GW-007 | LPNO02 | 47| -67 45 | -67 40 | -67
GW-007 | LPNOO2 | 27| -81 28 | -68 36 | -68
GW-007 | LPNOOS | 63| -54 74 | -52 81 | -53 | -53.0 4
GW-007 | LPNOOS 59| -52 60 | -53 60 | -52
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GW-007 | LPNOOS 52| -53 37| -54 33| -54
GW-007 | LPNOO6 | 65| -53 52| -52 63 | -53 | -53.7 -8
GW-007 | LPNOO6 | 58 | -52 49 | -56 61| -52
GW-007 | LPNOO6 | 42| -56 47| -53 58| -56
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Steel obstruction placed at location 3.5m

Partition at position 3.5m Result
Use highest
Gateway | LPN 355 356 357 DIFF | count
1 | GW-001 | LPN002 106 -56 87 | -56 75| -56 -5 | Low

2 | GW-001 | LPNO02 51 -50 66 | -50 43| -50

3| GW-001 | LPN002 50 -54 39| -51 32| -51

1| GW-001 | LPNOO5 79 -60 61| -59 54| -60 1.67 | Negligible

2 | GW-001 | LPNOOS 49 -59 52| -60 49 | -59

3 | GW-001 | LPNOO5 45 -58 41| -80 32| -80

1 | GW-001 | LPN0O06 119 -65 74 | -64 62 | -65 2 | Negligible

2 | GW-001 | LPN0O06 62 -64 73 | -65 59 | -64

3 | GW-001 | LPN006 38 -68 48 | -68 33| -68

1| GW-002 | LPN002 101 -31 103 | -31 121 | -31 0 | Negligible

2 | GW-002 | LPN002 80 -11 65| -11 39| -11

3| GW-002 | LPN002 45 -10 471 -10 25| -10

1 | GW-002 | LPNOO5 92 -63 86 | -60 76 | -62 4.67 | High

2 | GW-002 | LPNOO5 84 -60 73| -63 73 | -60

3 | GW-002 | LPNOO5 56 -61 38 | -61 35| -61

1 | GW-002 | LPN006 132 -68 115 | -68 87 | -68 5 | High

2 | GW-002 | LPNO06 53 -69 40 | -69 52| -67

3 | GW-002 | LPN006 23 -66 23 | -65 29| -69

166



GW-003 | LPN002 78 -45 86 | -45 73 | -45 -6.67 | Very low
GW-003 | LPN002 57 -42 54| 42 50 | -42

GW-003 | LPN002 41 -43 42| -46 37| -46

GW-003 | LPNOO5 111 -51 95| -51 94 | -51 3.33 | High
GW-003 | LPNOO5 83 -45 71| -45 60 | -45

GW-003 | LPNO05 40 -54 33| -54 26 | -54

GW-003 | LPN006 90 -54 75| -54 84 | -54 7 | High
GW-003 | LPN006 63 -71 571 -71 35| -71

GW-003 | LPN006 32 -70 36| -70 31| -70

GW-004 | LPNO02 100 -61 65 | -61 51| -60 | -10.7 | Very low
GW-004 | LPNO02 65 -56 61| -56 50| -56

GW-004 | LPN002 38 -62 47| -62 43 | -61

GW-004 | LPNOO5 98 -31 95| -31 82 | -31 0 | Negligible
GW-004 | LPNOO5 71 -15 48 | -15 41 | -15

GW-004 | LPNOO5 55 -39 41| -39 29| -40

GW-004 | LPN006 77 -60 59 | -60 80 | -60 | -4.33 | Low
GW-004 | LPN006 52 -59 59 | -51 32| -59

GW-004 | LPN006 47 -61 54| -59 31| -61

GW-005 | LPN002 71 -60 79 | -60 68 | -60 | -1.67 | Negligible
GW-005 | LPN002 64 -55 48 | -55 60 | -55

GW-005 | LPN002 38 -56 41| -56 26 | -56
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GW-005 | LPNOO5 102 -51 96 | -54 67 | -54 -8 | Very low
GW-005 | LPNOO5 99 -54 76 | -51 53| -51

GW-005 | LPNOO5 25 -61 23 | -61 33| -53

GW-005 | LPN006 80 -46 62 | -46 60 | -46 8 | Very high
GW-005 | LPN006 62 -49 57| -49 42| -49

GW-005 | LPN006 42 -52 48 | -50 39| -50

GW-006 | LPN002 90 -62 81| -62 61| -59 -2 | Negligible
GW-006 | LPN002 75 -59 51 -59 48 | -62

GW-006 | LPN002 26 -64 24| -64 20 | -64

GW-006 | LPN0O05 97 -47 88 | -47 71| -47 6 | High
GW-006 | LPN0O05 72 -48 65 | -48 59 | -48

GW-006 | LPN0O05 51 -52 57| -52 50| -52

GW-006 | LPN006 78 -34 68 | -34 63 | -34 -3 | Low
GW-006 | LPN006 47 -39 40 | -40 37| -39

GW-006 | LPN006 35 -27 38| -35 29| -40

GW-007 | LPN002 48 =77 47| -77 49 | -71 -11 | Very low
GW-007 | LPN002 42 =72 42| -72 30| -70

GW-007 | LPN002 35 -76 38| -71 24 | -78

GW-007 | LPNOO5 212 -55 179 | -55 153 | -55 4 | High
GW-007 | LPNOO5 21 -67 18 | -67 15| -70

GW-007 | LPNOO5 13 -56 16 | -70 11| -71
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GW-007 | LPN006 105 -55 97| -53 76 | -53 -7.67 | Very Low
GW-007 | LPN006 86 -53 80 | -55 70 | -55
GW-007 | LPN006 76 -54 62 | -54 58| -54
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Appendix E — Results from Machine Learning

Experiment 1

Training on dataset 2

MAE

Model MSE
KNN 0.001
SVM 0.007
ANN 0.000

RMSE

0.030

0.083

0.006

0.001

0.080

0.004

Training on dataset 2, Prediction on dataset 2 and dataset 1

R2

0.998

0.988

1.000

Model

KNN

SVM

ANN

MSE

0.004

0.007

0.000

RMSE MAE
0.065 0.008
0.085 0.082
0.007 0.005

R2

0.992

0.987

1.000

Model
KNN
SVM

ANN

Training on dataset 2, Prediction on dataset 1 and dataset 3

Model

KNN

SVM

ANN

MSE

0.002

0.007

0.000

RMSE MAE
0.044 0.003
0.084 0.081
0.006 0.004

R2

0.996

0.987

1.000
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Model
KNN
SVM

ANN

MSE

0.001

0.007

0.000

MSE

0.004

0.007

0.000

RMSE MAE
0.034 0.002
0.085 0.081
0.006 0.004

RMSE MAE
0.060 0.006
0.085 0.082
0.008 0.005

R2

0.998

0.987

1.000

R2

0.994

0.987

1.000



Training on dataset 2, Prediction on dataset 3

Model MSE RMSE MAE R2
KNN 0.001  0.035 0.002  0.998
SVM 0.007  0.084 0.080  0.988

ANN 0.000  0.006 0.004  1.000
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Experiment 1

Training on dataset 3

MAE

Model MSE
KNN 0.002
SVM 0.007
ANN 0.000

RMSE
0.043
0.084

0.006

0.003

0.081

0.004

Training on dataset 3, Prediction on dataset 3 and dataset 1

Model

KNN

SVM

ANN

MSE

0.007

0.006

0.000

RMSE MAE
0.081 0.010
0.080 0.077
0.008 0.005

R2

0.988

0.989

1.000

Model
KNN
SVM

ANN

Training on dataset 3, Prediction on dataset 1 and dataset 2

Model

KNN

SVM

MSE

0.003

0.007

0.000

RMSE MAE
0.050 0.004
0.083 0.080
0.006 0.004

R2

0.996

0.988

1.000
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Model

KNN

SVM

ANN

MSE

0.002

0.007

0.000

MSE

0.007

0.006

0.000

R2

0.997

0.987

1.000

RMSE MAE
0.040 0.002
0.083 0.080
0.006 0.004

RMSE MAE
0.087 0.010
0.080 0.077
0.007 0.005

R2

0.997

0.988

1.000

R2

0.987

0.989

1.000



Training on dataset 3, Prediction on dataset 2

Model MSE RMSE MAE R2
KNN 0.000  0.020 0.001  0.999
SVM 0.007  0.084 0.081  0.987

ANN 0.000  0.005 0.003  1.000
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Experiment 2

Training on dataset 2

MAE

Model MSE
KNN 0.069
SVM 1.018
ANN 0.099

RMSE
0.263
1.009

0.315

0.125

0.897

0.218

Training on dataset 2, Prediction on dataset 2 and dataset 1

Model

KNN

SVM

ANN

MSE

0.196

0.989

0.354

RMSE MAE
0.442 0.265
0.994 0.894
0.595 0.356

R2

0.817

0.076

0.669

Model
KNN
SVM

ANN

Training on dataset 2, Prediction on dataset 1 and dataset 3

Model

KNN

SVM

MSE

0.101

1.013

0.328

RMSE MAE
0.317 0.159
1.007 0.898
0.573 0.330

R2

0.905

0.048

0.692
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Model
KNN
SVM

ANN

MSE

0.106

1.008

0.328

MSE

0.183

0.990

0.344

R2

0.935

0.049

0.907

RMSE MAE R2

0.326 0.165 0.900
1.004 0.895  0.053
0.573 0.330  0.692

RMSE MAE R2

0.428 0.249  0.831
0.995 0.896  0.087
0.586 0.346  0.683



Training on dataset 2, Prediction on dataset 3

Model MSE RMSE MAE R2
KNN 0.063  0.251 0.117  0.942
SVM 1.050  1.025 0.917  0.029

ANN 0.342  0.585 0.344 0.684
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Experiment 2

Training on dataset 3

Model MSE
KNN 0.067
SVM 1.091
ANN 0.098

RMSE MAE
0.259 0.119
1.044 0.934
0.313 0.213

Training on dataset 3, Prediction on dataset 3 and dataset 1

Model

KNN

SVM

ANN

MSE
0.184
1.090

0.343

RMSE MAE
0.429 0.252
1.044 0.932
0.586 0.346

R2 Model MSE
0.830 KNN 0.105
-0.006 SVM 1.069
0.683 ANN 0.328

Training on dataset 3, Prediction on dataset 1 and dataset 2

Model

KNN

SVM

MSE
0.099
1.069

0.328

RMSE MAE
0.314 0.157
1.034 0.918
0.573 0.330

R2 Model MSE
0.907 KNN 0.195
-0.005 SVM 1.082
0.692 ANN 0.354
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R2

0.938

-0.008

0.910

RMSE MAE
0.324 0.164
1.034 0.918
0.573 0.330

RMSE MAE
0.441 0.264
1.040 0.927
0.595 0.356

R2

0.902

-0.004

0.692

R2
0.818
-0.011

0.669



Training on dataset 3, Prediction on dataset 2

Model MSE RMSE MAE R2
KNN 0.065  0.255 0.122  0.939
SVM 1.083  1.040 0.927  -0.012

ANN 0.353 0.594 0.355  0.670
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Experiment 3

Training on dataset 2

Model MSE RMSE MAE R2

KNN 0.005 0.072 0.004 0.998
SVM 0.007 0.082 0.073 0.998
ANN 0.000 0.006 0.004 1.000

Training on dataset 2, Prediction on dataset 2 and dataset 1

Model MSE RMSE MAE R2 Model MSE RMSE MAE R2

KNN 0.038 0.194 0.031 0.988 KNN 0.011 0.104 0.009 0.996

SVM SVM

3.239 1.800 1.714 0.061 3.243 1.801 1.716 0.059

ANN 2.106 1.451 1.0565 0.310 ANN  2.000 1.414 1.002 0.347

Training on dataset 2, Prediction on dataset 1 and dataset 3

Model MSE RMSE MAE R2 Model MSE RMSE MAE R2

KNN 0.020 0.142 0.014 0.993 KNN 0.046 0.215 0.035 0.985

SVM SVM

3.246 1802 1.718 0.060 3.138 1.772  1.683

0.025
ANN 2.000 1.414 1.002 0.347 ANN 1.994 1412 0.999 0.349
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Training on dataset 2, Prediction on dataset 3

Model MSE RMSE MAE R2
KNN 0.010 0.098 0.006 0.997

SVM -
3.279 1.811 1.728 0.071

ANN 1.987 1.410 0.996 0.351
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Experiment 3

Training on dataset 3

Model MSE RMSE MAE R2

KNN 0.010 0.098 0.006 0.997
SVM 0.006 0.078 0.071 0.998
ANN 0.000 0.006 0.004 1.000

Training on dataset 3, Prediction on dataset 3 and dataset 1

Model MSE RMSE MAE R2 Model MSE RMSE MAE R2

KNN 0.034 0.183 0.027 0.989 KNN 0.008 0.092 0.007 0.997

SVM SVM

3.297 1.816 1.749 3.306 1.818 1.751

0.076 0.080

ANN 1.992 1411 0.998 0.349 ANN  2.001 1.414 1.002 0.347

Training on dataset 3, Prediction on dataset 1 and dataset 2

Model MSE RMSE MAE R2 Model MSE RMSE MAE R2

KNN 0.013 0.112 0.009 0.996 KNN 0.025 0.159 0.023 0.992

SVM SVM

3.307 1.818 1.751 0.080 3.392 1.842 1.776

0.111
ANN 2.000 1.414 1.002 0.347 ANN 2105 1.451 1.054 0.311
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Training on dataset 3, Prediction on dataset 2

Model MSE RMSE MAE R2
KNN 0.003 0.055 0.002 0.999

SVM -
3.394 1.842 1.776 0.111

ANN 2101 1450 1.053 0.312
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Experiment 4

Training on dataset 2

Model MSE
KNN 0.377
SVM 4.868
ANN 0.491

RMSE MAE
0.614 0.320
2.206 1.981
0.701 0.513

Training on dataset 2, Prediction on dataset 2 and dataset 1

Model

KNN

SVM

ANN

MSE

0.612

4.627

0.775

RMSE MAE
0.782  0.499
2.151 1.915
0.881  0.687

R2 Model MSE
0.878 KNN 0417
0.074 SVM 4914
0.845 ANN  0.543

Training on dataset 2, Prediction on dataset 1 and dataset 3

Model
KNN
SVM

ANN

MSE

0.427

4.928

0.547

RMSE MAE
0.653  0.357
2.220 2.000
0.740  0.545

R2 Model MSE
0.917 KNN  0.657
0.043 SVM  4.888
0.894 ANN  0.855
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R2

0.925

0.026

0.902

RMSE MAE
0.646  0.356
2217  1.998
0.737  0.544

RMSE MAE
0.811  0.496
2.211 1.984
0.925 0.726

R2

0.919

0.046

0.895

R2

0.873

0.057

0.835



Training on dataset 2, Prediction on dataset 3

Model MSE RMSE MAE R2
KNN 0.370 0.608 0.323 0.929
SVM 5.007 2.238 2.027 0.034

ANN 0.430 0.656 0.479 0.917
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Experiment 4

Training on dataset 3

Model MSE
KNN 0.302
SVM 5.132
ANN 0.378

RMSE MAE
0.550 0.261
2.265 2.070
0.615 0.399

Training on dataset 3, Prediction on dataset 3 and dataset 1

Model

KNN

SVM

ANN

MSE RMSE MAE
1.060 1.030 0.648
5.061 2.247 2.049
1.493 1.222 0.965

R2 Model MSE
0.795 KNN  0.514
0.025 SVM  5.054
0.712 ANN  0.695

Training on dataset 3, Prediction on dataset 1 and dataset 2

Model MSE RMSE MAE
KNN 0.540 0.735 0.379
SVM 5.064 2.250 2.052
ANN 0.712 0.844 0.566

R2 Model MSE
0.895 KNN  0.905
0.017 SVM  4.856
0.862 ANN 1.116
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R2

0.942

0.010

0.927

RMSE MAE
0.717  0.366
2.248  2.050
0.834  0.556

RMSE MAE
0.951  0.569
2.204 1.996
1.056 0.754

R2

0.900

0.018

0.865

R2

0.819

0.029

0.777



Training on dataset 3, Prediction on dataset 2

Model MSE RMSE MAE R2
KNN 0.402 0.634 0.318 0.920
SVM 4991 2234 2.029 0.002

ANN 0.571 0.756  0.507 0.886
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