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Abstract

In this dissertation, the primary focus is the development of an indoor positioning system
predicated on WiFi technology, harnessing both Round Trip Time (RTT) and Received Signal
Strength Indication (RSSI) methodologies. RTT serves as a mechanism to quantify the duration
required for WiFi signals to traverse between a specific device and its corresponding access
point, thus facilitating the extrapolation of the distance between any Wireless Local Area
Network (WLAN) device and said access point. Conversely, RSSI operates on the premise of
ascertaining the triangulated coordinates of a designated target, achieved by a meticulous
analysis of signal amplitude at diverse receiver locales. Within the framework of this research
endeavor, an ESP32 microcontroller has been employed as the pivotal access point, purposed
to approximate the spatial positioning of any WiFi-integrated device within a delineated
architectural space or chamber.

We use the ping method to collect RTT and RSSI values of different APs in this project. We
gather different RTT values from different esp32 microcontroller access points placed in the
building and use them to locate the position for our device. Similarly, we gather RSSI values
from different locations’ access points, and compare them to get more accurate and closer to
real values results. Then we compare the final values of both RSSI and RTT to the original

positioning value to evaluate which method is more accurate for indoor positioning.

This thesis can be useful for object tracing or object detection projects using WLAN network.
For example, we can use it to locate our laptop or smartphone inside our house or office, or to

detect any unauthorized devices in a restricted area.

The main findings of this thesis are that RTT method is more accurate than RSSI method for
indoor positioning, and that combining both methods can improve accuracy even further. We
also discuss the limitations and challenges of this project, such as the interference of other Wi-

Fi signals and the calibration of different devices.



Xovoyn

Ye ot TN MeTamTLYlOKN OwTpiP, 1 KUpLo EMKEVIP®OT givor M aviamTuén €vOg GLGTHOTOG
€6MTEPIKOV €vTOTIoHOD Paciopévov oty teyvoroyia WiFi, aglomoidvtag kot tig pebodoroyieg Round
Trip Time (RTT) kot Received Signal Strength Indication (RSSI). To RTT Aertovpyei g pnyaviopog
Y10L TOV TTPOGOOPIGHO TNG SLdpKeLag TTov amatteiton yio To. onpata WiFi vo dwaoyicovv peta&d evog
GUYKEKPLUEVOD GLGKEVTG KOl TOVL avTiGTOt)ov onueiov TpdcPaongc, dievkoihvovtag Etot TNV e&aywyn
g omdoTaoNS HeTall onoloonmote Guokevng Tov Awtvov Tomkrg [eproyng (WLAN) kot tov ev

AOy® onpeiov tpdsPaonc.

AvtiBétac, To RSSI Aettovpyel o fdomn Tov TPOGIOPIGHOD TOV TPIYOVICUEV®V GUVTETAYUEVOV EVOG
KaBoplopEVOL GTOYOV, TOV EMTVYYXAVETOL LE L0 AETTOUEPT AVAALGT TNG TAATOVS TOV GUOTOG OE
dtdpopa onueion Myng. Xto TAaiclo aVTHG TG EPELVITIKNG Tpocmdbetog, Evag pikpoeheyktng ESP32
&xel ypnowomoinbei mg 0 KOplo onueio TpodSPacng, e 6KOTd TNV TPOGEYYIoN NG XWOPIKNG 0Eong
0mMOLGONTOTE GLOKEVNG HE evoouatopévo WIFi evtdg evog kafoplopévov apyitekTovikon ydpov 1

dopatiov.

Xpnowomotovpe t pébodo ping ywo ) oviroyn Tiwov RTT kaw RSSI Sagopetikdv onpeiov
TPOGPaoNG e aVTo To £pYy0. LuAAEYoLUE drapopeTikég TInEG RTT amod diopopetikd onueia tpdsPacng
piKpogleyKTr esp32 tomobeTnuéva, 6To KTiPlo Kol T, XPTGLULOTOIOVUE Y10, TOV TPOGOI0PIGUO TG Béomg
g ovokevng poc. Opoimg, cvAiéyovue tuég RSSI amd dwagopetikd onueio TpdcPacng Kot ta.
GULYKPIVOULE Y10 VO TAPOVUE O OKPIPEIC Kol KOVTE OTA TPOYHOTIKE OTOTEAEGUATO. LT GUVEYELD,
ovykpivoupe Tig teAkég Tinég Tov RSSI kot RTT pe v apykn Tyn eviomio o yuo va a&loAoyncovpe

mowo uéBodog etvat o axpPng yio Tov EcMTEPIKO EVTOTIGUO.

Avt n Swrpipn] pmopel va eivor ypnoun yw £€pyo EVIOMIGHOD T OVIXVEVLOTG OVTIKEWEVOV
ypnowonoldvtag oiktvo WLAN. To mopddetypo, Pmopovpe vo Tn (pNOLUOTOCOVUE Yo TOV
EVIOTIGUO TOL GOPNTOV 1 TOL KIVNTOV TNAEPAOVOL HOG UEGO GTO OTITL 1 GTO YPOPEI0 oG, N Yo TNV

aviyvevor| omolocOMmoTe U €£0VGI000TNUEVTG GUCKELNG GE L0 TEPLOYN LE TEPLOPIGHOVC.

Ta, kOpra gvpAuatae LT ™G dratpiPng eivar 6t uébodog RTT ivar o axpiPrig amd ™ pébodo RSSI
Y10 TOV EGMOTEPIKO EVIOTIGUO KOl OTL 0 GVVOLUCUOG KoL TV 000 uefddmv pmopel va PeEATIDGEL aKOUN
ePLocdTEPO TNV axpifeia. Zuinrodpe eniong Tovg TEPLOPIGHOVE KOl TIG TPOKANGELS QVTOV TOL £PYOU,

onwg 1 apepPorn aGrhov onuatov Wi-Fi kot n fabuovounon Siapopetikdv 6VoKEVOV.
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Chapter 1 - Introduction

In today's interconnected world, our reliance on accurate positioning systems, such as the
Global Positioning System (GPS), is undeniable. However, GPS's penetration weakens when
we venture indoors, leading to a gap in precise location tracking. This limitation manifests itself
in everyday scenarios: a shopper wandering in a large mall searching for a specific store, a
healthcare worker trying to locate critical equipment in a vast hospital, or a museum enthusiast
looking for an exhibit. Given these myriad applications, the need for an effective indoor

positioning system (IPS) becomes paramount.

The contemporary environment presents a ubiquitously installed infrastructure: WiFi. Present
in nearly every commercial building, retail establishment, and many homes, WiFi networks
offer a tantalizing proposition: can these omnipresent networks be harnessed for accurate

indoor positioning?

Cost considerations further bolster the argument for WiFi. Setting up new infrastructure for
indoor positioning can be prohibitively expensive and logistically challenging. Leveraging
existing WiFi infrastructure could circumvent these obstacles, providing a cost-effective

solution.

Historically, various techniques have been proposed for indoor positioning, from ultrasonic
signals to infrared. Yet, these solutions often required specialized hardware and were not
universally adaptable. With the proliferation of WiFi-enabled devices, from smartphones to
tablets and laptops, the transition towards exploring WiFi as an IPS solution was a logical

evolution.

This thesis aims to delve deep into the intricacies of WiFi-based indoor positioning. It will
explore the methodologies behind using WiFi signals for positioning, identify the inherent
challenges of this approach, and illuminate the potential future trajectories of this technology.
In doing so, we hope to provide a comprehensive overview of the current state of WiFi indoor

positioning and chart a course for its future advancements.
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In the subsequent chapters, readers will be acquainted with the foundational concepts
underpinning this technology, a comparative analysis with other indoor positioning contenders,
detailed exploration of algorithms and methodologies, real-world applications, challenges, and

potential future trends.

Wireless Fidelity (Wi-Fi) is conventionally recognized for its capabilities in facilitating internet
connectivity and communication between devices. Yet, its utility extends beyond mere
networking, with positioning emerging as a significant application. Wi-Fi-based positioning
systems (WPS) harness Wi-Fi signals to ascertain the geographical coordinates of a specific
device or entity. Such systems have been instrumental in advancing indoor navigation,
optimizing asset tracking, enhancing location-centric services, and bolstering security
protocols. Notwithstanding its merits, WPS encounters a series of challenges. These encompass
signal interference, the phenomenon of multipath propagation, and the dynamic nature of
environmental conditions. As such, a comprehensive comprehension of Wi-Fi positioning's
underlying mechanisms is imperative, paired with concerted efforts to ameliorate its precision

and dependability.

The aim of this thesis is to investigate the performance of Wi-Fi positioning in different
scenarios and environments, and to propose some methods to enhance its accuracy. The main
research question of this thesis is: How can Wi-Fi positioning be optimized for various use

cases and conditions? To answer this question, this thesis will conduct the following tasks:

* Review the existing literature on Wi-Fi positioning and its techniques, challenges,
and applications.

« Design and implement a Wi-Fi positioning system using ESP32-S2 devices as
access points (APs) and smartphones as clients.

« Undertake empirical investigations to gauge the precision of the Wi-Fi positioning
system across a spectrum of both indoor and outdoor settings, encompassing
academic spaces, libraries, recreational parks, and urban thoroughfares. Following
the data collection, it is essential to execute a comprehensive analysis of the
experimental findings. This should elucidate determinants that influence the
accuracy of Wi-Fi-based location estimation, such as the spatial distribution and
quantity of Access Points (APs), signal amplitude and fidelity, as well as the
introduction of barriers and potential sources of interference.

* Advocate for a series of innovative solutions aimed at augmenting the precision of Wi-Fi-
based positioning systems. Potential strategies could encompass the deployment of
machine learning algorithms, designed to adaptively refine positioning accuracy based on
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real-time data. Additionally, the integration of advanced filtering techniques, which can
mitigate noise and aberrations in signal data, may prove beneficial. Furthermore,
consideration should be given to the formulation of hybrid methodologies, amalgamating
multiple techniques to achieve superior location estimation fidelity.

1.1 Benefits

Unlike other indoor positioning solutions such as RFID, BLE beacons, and other solutions for
indoor positioning, Wi-Fi doesn't require any extra infrastructure hardware or maintenance.
Almost all Wi-Fi indoor positioning is giving base capabilities without requiring additional
investment. Many hardware solutions require manual deployment, which is time-consuming
and expensive. That's why other techniques require time and money to deliver environment

conductive to Wi-Fi indoor positioning [33].

Wi-Fi is an all-encompassing indoor positioning technology that can be scaled up without any
manual intervention. For example, installing Wi-Fi positioning within 25 warehouses instead
of manually setting up RFID beacons or BLE beacons in 25 warehouses will save you time and
energy. Furthermore, since Skyhook keeps an international map that includes more than five
billion access points to Wi-Fi, your positioning system will be in operation all over the world,
inside and outside [35].

Although indoor Wi-Fi positioning implies instant-on capability, businesses have a variety of
ways to improve accuracy depending on the specific requirements of a use case. The precision
of positioning offered by the system can be increased, for instance, by conducting a survey to
determine the precise locations of all Wi-Fi APs in the building. If the system requires more
accuracy, the business can install further Wi-Fi access points on their premises. Although this
is an additional cost, it doesn't need the customer to master how to deploy, manage, and
maintain an additional technology within their infrastructure. This can be accomplished
through the integration of a wireless network enhancement project with the addition of more

Wi-Fi access nodes in a precise range [33].

Adopting more modern technology will increase the precision of Wi-Fi as an indoor positioning
system, which is an additional benefit. Round-trip timing for Wi-Fi (RTT) is an element of the
IEEE 802.11 protocol and the finest illustration for improving the precision of indoor Wi-Fi
positioning. By utilizing Wi-Fi RTT equipment, endpoints may estimate the distance to the AP

14



using time-of-flight (ToF) instead of signal intensity monitoring [34]. This is how Wi-Fi RTT
can be used to define the location with one to three meters. This approach is widely adopted
today and supported by Android 9, evaluating, and showing achievable accuracy. Wi-Fi RTT
was not fully functional in 2020, but current investment in technology can define the rise in the

value in industries.

1.2 The proposed method of implementing indoor Wi-Fi.

Wi-Fi indoor positioning makes use of signal propagation models, which determine the range
across a device and an access point by measuring the intensity of the signal it receives from the
AP [32]. However, this technique suffers from multipath fading, which occurs when the signal
reflects or scatters on various surfaces and paths [35]. Another technique is location
fingerprinting, which compares the RSS measurements from multiple APs with a pre-recorded
database of RSS values at different locations [33]. This technique can achieve higher accuracy
than signal propagation models, but it requires a large amount of training data and frequent
updates. In addition to RSS, other parameters can be used for Wi-Fi indoor positioning, such
as Time Difference of Arrival (TDOA), Angle of Arrival (AOA), and Time of Flight (TOF).
TDOA measures the difference in the arrival time of signals from two or more APs to a device
[36]. AOA measures the angle of signals from APs to a device or vice versa [37]. TOF measures
the round-trip time of signals between a sender and a receiver [38]. These parameters can
provide more information about the location of a device, but they also require precise

processing time and synchronization.

A new cloudlet-based Wi-Fi indoor locating system is proposed in this thesis. To deliver high-
bandwidth and low-latency services to local mobile devices, "Cloudlets™ are small-scale cloud
servers placed at the edge of the internet [29]. Cloudlet can improve the efficiency, speed, and
accuracy of Wi-Fi indoor location. Wi-Fi indoor location relies mostly on two methods:
fingerprinting and signal propagation. When using fingerprinting, data from numerous access
points (APs) are compared to a database of previously recorded RSS values in various places
[33]. This method, however, calls for a substantial quantity of training data and regular updates.
Based on the RSS, a device's distance from an AP may be calculated during signal propagation
[32]. However, this technique suffers from multipath fading, which occurs when the signal
reflects or scatters on various surfaces and paths [35]. Therefore, this thesis proposes to use
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cloudlet as a platform to process and analyze the Wi-Fi signals and provide accurate location
information to the mobile devices. Cloudlet has several advantages over traditional cloud
servers, such as:

e Cloudlet can deliver powerful computing resources and speed up the execution of mobile
applications through Wi-Fi, which is located on the top of the wireless network [34].

e Cloudlet can provide real-time response by accessing one high hop bandwidth to minimize
transmission delay [34].

e Cloudlet can reduce cellular energy consumption problems and wide area network latency by
connecting mobile devices to cloud servers [29].

e In cloud computing systems, Cloudlet can enhance the user experience by delegating
computation duties to nearby cloud servers [30].

This thesis presents a cloud-based computing system that utilizes cloudlets to enable tracking
and navigation through Wi Fi. Cloudlets are small scale cloud servers strategically placed
within the network range of devices [29]. They can be installed in locations, like theaters, retail
centers, conference rooms and office buildings to enhance mobile device connectivity [34].
The system offers a range of location-based services such as navigation for humans and robots
asset monitoring, assistance for impaired individuals, factory automation, workplace safety
measures and location targeted advertising.

The proposed system is composed of an array of autonomous vehicles, a compact data center
interfaced with the principal cloud infrastructure, and wireless access nodes. The Received
Signal Strength Indicator (RSSI) methodology is employed to deduce the spatial separation
between the interior carriage and designated reference access points. Through identification of
proximity to the most adjacent reference node, the system can extrapolate the precise location
of the interior cart. Additionally, the overarching cloud infrastructure plays a pivotal role,
furnishing essential data pertaining to the device network topology as well as delineating the

trajectory of the indoor cart.

Cloud networks provide wireless location access points and destination maps, as well as the

power to transport the vehicle to the desired location. The movement's path, direction, and
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position are determined by the cloud's undulating edge. The results of the implementation
proved the viability of the indoor Wi-Fi concept. Additionally, the technique can be used to
locate a patient in a hospital or assist impaired patients. It may be improved in the future by

reducing carriage movement and internal processing periods.

We typically lay the foundation for the creation of a transportable Indoor Positioning System
that is totally independent of the Global Positioning System. An entity with wireless
capabilities will be located using triangulation in relation to other beacons. Different types of
Access points will use fingerprinting to pinpoint where they are. Based on the signal strength
received, the RSSI (Received Signal Strength Indicator) will help us determine the precise
locations of beacons or access points. This is because to maintain its position, every positioning
system needs a triangulation system. To locate an object on a fixed plane using this method of

triangulation, at least three beacons or access points must be used.

The number of beacons increases the overall method's coverage and accuracy. Distance
estimation based on the signal intensity of the scenario's wireless technology also forms the
premise of the fundamental concept. This is precisely how the Global Positioning System
functions, although it depends on satellites and requires a clear sky or both for excellent
accuracy and real-time tracking when localizing or tracking an object. In addition, because it
is primarily designed for monitoring locations, such as locations on a map or a traveling route,
it cannot detect subtle changes within a structure, such as the floor or room you are on. To
localize or track an object in real-time while it is indoors, we have developed our own indoor
triangulation using multiple ESP32 beacons as opposed to relying on satellites. An Android
application that collects localization data from an internet server displays the tracked object.
The localization of an object can be affected by several variables, but this method of tracking
an object using numerous tiny Wi-Fi or WIFI beacons is effective. As opposed to satellites,
whose transmissions are unaffected by tiny objects in their route, our microcontroller based

WIFI Low Energy system will have a much higher frequency but shorter wavelength.

If an intervening object is situated between the object being tracked and the beacon, the
anticipated distance between them may experience deviations. This parameter can be further
modulated by factors such as transmission power, the variety of the antenna, its specific

dimensions, and its orientation. While this constitutes a potential limitation of the method, the
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adverse effects can be attenuated by opting for industrial-grade beacons as opposed to more

economical microcontrollers.
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Chapter 2 - Related Technologies

In today's interconnected world, our reliance on accurate positioning systems, such as the
Global Positioning System (GPS), is undeniable. However, GPS's penetration weakens when
we venture indoors, leading to a gap in precise location tracking. This limitation manifests itself
in everyday scenarios: a shopper wandering in a large mall searching for a specific store, a
healthcare worker trying to locate critical equipment in a vast hospital, or a museum enthusiast
looking for an exhibit. Given these myriad applications, the need for an effective indoor

positioning system (IPS) becomes paramount.

The contemporary environment presents a ubiquitously installed infrastructure: WiFi. Present
in nearly every commercial building, retail establishment, and many homes, WiFi networks
offer a tantalizing proposition: can these omnipresent networks be harnessed for accurate

indoor positioning?

Cost considerations further bolster the argument for WiFi. Setting up new infrastructure for
indoor positioning can be prohibitively expensive and logistically challenging. Leveraging
existing WiFi infrastructure could circumvent these obstacles, providing a cost-effective

solution.

Historically, various techniques have been proposed for indoor positioning, from ultrasonic
signals to infrared. Yet, these solutions often required specialized hardware and were not
universally adaptable. With the proliferation of WiFi-enabled devices, from smartphones to
tablets and laptops, the transition towards exploring WiFi as an IPS solution was a logical

evolution.

This thesis aims to delve deep into the intricacies of WiFi-based indoor positioning. It will
explore the methodologies behind using WiFi signals for positioning, identify the inherent
challenges of this approach, and illuminate the potential future trajectories of this technology.
In doing so, we hope to provide a comprehensive overview of the current state of WiFi indoor

positioning and chart a course for its future advancements.
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In the subsequent chapters, readers will be acquainted with the foundational concepts
underpinning this technology, a comparative analysis with other indoor positioning contenders,
detailed exploration of algorithms and methodologies, real-world applications, challenges, and

potential future trends.

2.1 WiFi-based Positioning

2.1.1 Background of WiFi as a communication protocol.

Wireless Fidelity (Wi-Fi), rooted in the IEEE 802.11 suite of standards set forth by the Institute
of Electrical and Electronics Engineers, has been adopted as a pivotal wireless networking
methodology since its inception in the late 20th century. It facilitates digital communication
between devices and networks without the need for physical wired connections. Initially
designed to wirelessly connect devices to LANS, its widespread adoption and infrastructure

have made it a useful tool for positioning.

2.1.2 Mechanism of Wi-Fi-based indoor positioning.

WiFi-based indoor positioning systems (WIPS) generally work through either triangulation or
trilateration. When a device is searching for nearby networks, it captures the signals from
various Access Points (APs). The strength and time of these signals' arrival help in determining

the device's relative position. The more APs available, the more accurate the location estimate.

2.1.3 Strengths and weaknesses in positioning applications.
Strengths:
e Ubiquity: WiFi is widespread, reducing infrastructure costs for positioning.
e Dual utility: Beyond positioning, WiFi also serves network connectivity.
Weaknesses:

e Accuracy: Typically, WiFi can offer accuracy up to 2-5 meters, which
might not be precise enough for all applications.
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e Signal interference: Physical objects, other electronics, and even human

bodies can distort WiFi signals, affecting accuracy.

2.2 Round Trip Time (RTT)
Round-Trip Time (RTT), alternately referred to as Round-Trip Delay Time (RTD), delineates

the temporal measure required for a data packet to traverse from one terminus of a network to

the other and back to its point of origin.

The propagation times for the communication channels connecting the two ends are included

in this delay.
Client Server
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Figure 1 - Round Trip Time - RTT

2.2.1 Basics of RTT and its significance.

Wi-Fi Fine Time Measurement (FTM) is a method for calculating the round-trip time (RTT)
of wireless signals between a client device and an access point (AP). Accurate distance
measurements are provided by this technology, which can be applied to location-based services
and indoor positioning. The IEEE 802.11mc protocol, which enables the sending and receiving
of time-stamped signals between devices, is the foundation of FTM. FTM can calculate the
separation between the client and AP by measuring the time it takes for signals to travel

between them.
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FTM provides an accurate and reliable method of measuring distances for indoor positioning,
which can benefit a range of industries from retail to healthcare. For example, retailers can use
FTM to offer personalized offers to customers as they walk past certain products, while
hospitals can use FTM for tracking medical devices and personnel. Overall, FTM offers a
promising solution for improving indoor positioning accuracy and innovative applications in

many industries.

The time it takes for a connection to go from sender to receiver is known as the round-trip time
(RTT). The time it takes a payload to go from one device to another and back again may be

used to estimate this measure.

The formula for calculating RTT is as follows: RTT = (time of receipt at destination - time of

sending at source) + (time of acknowledgement at destination - time of receipt at source).

For example, if a device sends a packet at 10:00:00.000 and receives an acknowledgement from
the destination at 10:00:00.500, and then receives the response at 10:00:01.000, the RTT would
be calculated as follows: RTT = (10:00:00.500 - 10:00:00.000) + (10:00:01.000 - 10:00:00.500)

=1 second

Therefore, the round-trip time in this example is 1 second.
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Figure 2 - RTT calculation
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Notably, the access point's departure and arrival times, t1 and t4, are contained in the second
FTM "Ping" it sends out. Round-trip times are not perfectly accurate because of various
measurement error sources, RF interference, and the positions and movements of nearby

objects. A slight quality improvement may be seen after several measurements:
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Figure 3 - Indoor Positioning System

The round-trip time for the final interchange is unknown because there is no signal carrying t4
and t1 after the final interchange ("Ping" and "Pong"). As a result, only (N-1) round trip timings

for a string of N interchanges can be calculated.

2.2.2 Application of RTT in indoor positioning: Time-of-Flight (ToF) methods.

Time-of-Flight (ToF) methodologies determine distances by leveraging Round-Trip Time
(RTT) in conjunction with the propagation speed of radio waves. For the purpose of
ascertaining the spatial separation between a device and an Access Point (AP), instrumentation
designed for indoor positioning meticulously gauges the duration required for a signal to

traverse to an AP and subsequently revert to its origin.

2.2.3 Advantages of RTT-based methods over others.
e High accuracy: With proper calibration, RTT can achieve sub-meter accuracy.

e Lessinfluence from signal strength fluctuations: Unlike RSSI-based methods, which
can be influenced by signal strength variations, RTT focuses on time, often leading to

more consistent readings.
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2.2.4 Limitations and challenges of using RTT.
e Requires specialized hardware: Not all devices or APs support RTT measurements.

e Signal reflection: Signals can bounce off walls or objects, leading to inaccurate

readings.

2.3 Received Signal Strength Indicator (RSSI)

2.3.1 Understanding the RSSI and its role in wireless communications.

RSSI is a metric that measures the power level a device is receiving from the wireless network.
It is used in positioning to estimate distance based on signal strength, with a weaker signal

indicating a greater distance.

One of the parameters that is used for RSSI is the obtained signal intensity indicator (Wi-Fi
internal positioning). RSSI is a measure of the received wireless signal's intensity, typically
expressed in decibels per milliwatt (dBm) [25]. The RSSI value reflects the signal quality and
strength of a wireless connection. Generally, a higher RSSI value means a stronger and more
reliable signal, while a lower RSSI value means a weaker signal that may be affected by
interference or noise. RSSI is used in various wireless communication systems, such as WiFi,
Bluetooth, and cellular networks, to optimize the signal strength, range, and data throughput.
Data throughput is the amount of data that can be transferred over a wireless connection in each

time [26]. A higher data throughput indicates a faster and more efficient wireless connection.

RSSI is a useful metric for measuring wireless signal strength in real-world environments. It is
important to note that RSSI is not a direct measurement of signal quality, as factors like noise
and interference can affect the quality of the signal even if the RSSI value is high. However,
RSSI can be used in conjunction with other metrics like signal-to-noise ratio (SNR) and error
rate to assess signal quality more accurately. In addition to optimizing signal strength and
range, RSSI can also be used to implement location tracking in indoor and outdoor
environments through techniques like triangulation. Overall, RSSI is an important tool for

wireless communication systems to maintain reliable and high-quality connections.
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Among the most popular theoretically based RSSI ranging approaches are the path loss model
of free-space propagation [26] and the block model of logarithmic normal [26] (Shadowing
model). It is well knowledge that the energy required to transmit a signal decrease with
distance, and that this model is unaffected by obstructions and dispersed reflection. The energy
required to send a signal and the distance at which it must travel both follow a linear

relationship. The path loss model is as described in [26]:

Loss = 32.44 + 10nlog(d) + 10n log( f).

In this above equation, the terms loss and d, which stand for the wireless signal's frequency in
megahertz, f, and meters, respectively, and n, which stands for the path attenuation factor in
the actual environment, represent the signal energy lost along the path. Wireless sensor signal
applications must account for shading and absorption brought on by obstructions as well as
interference from scattered reflection in real-world environments like indoor buildings or
industrial sites. Long-distance channels attenuate according to the lognormal distribution,
which is frequently used in conjunction with the logarithmic normal block model; the path loss

model is as follows:

P. (d) = P, (dy) + 10n lag(%) + X,
In the formula, the path loss exponent specific to a given environment is denoted by n.
Concurrently, the rate of path loss, which intensifies with escalating distance, is represented.
When the measurement distance is quantified as d (in meters), PL(d) signifies the path loss of
the received signal. Conversely, PL(d0) designates the path loss of the received signal when
the reference distance is established as d0. In scenarios where the shadowing factor is
symbolized by X (expressed in dB) and the standard deviation spans a range of 4-10, the

intensity of the signal received by nodes can be formulated as follows:
RSSI=PF, — P, (d).

When the distance is d, the signal transmission power and the path loss are both expressed in

dBm and are known as Pt and PL(d), respectively.
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The letter A represents the signal strength from the reference nodes at dO and is as follows:
A=P — P, (d).
The path loss model, which is quantified at the actual distance d (m), is as follows:
P(d) = P (do) — lﬂnlﬂg(%) ~ X,

P(d) reflects the received signal intensity when the actual distance being measured is d(m).
When the reference distance is d0, XN(0,2), P(d0) displays the received signal intensity.

2.3.2 Utilizing RSSI for indoor positioning: Proximity and Triangulation methods.

e Proximity: The device identifies its position based on the strongest signal from an AP,
suggesting its closest to that particular AP.

e Triangulation: Using signal strengths from multiple APs to determine a more accurate
position.

2.3.3 Factors affecting RSSI measurements.

Physical obstructions, atmospheric conditions, interference from other devices, and even
changes in device orientation can influence RSSI values.

2.3.4 The pros and cons of using RSSI for indoor positioning.

Pros:

e Simplicity: RSSI is easy to implement and doesn't require specialized hardware.
e Cost-effective: Utilizes existing WiFi infrastructure.

Cons:

e Lower accuracy: Typically offers accuracy in the range of 5-15 meters.

26



e Sensitive to environmental changes: Walls, furniture, and even people moving around

can affect readings.

2.4 Bluetooth Low Energy (BLE) and Beacons

2.4.1 Introduction to BLE and its evolution.

BLE, a power-efficient version of Bluetooth, was introduced with Bluetooth 4.0. Designed for

short bursts of data, it's ideal for applications that don't need continuous communication.

Bluetooth beacons are tiny wireless devices that transmit signals using Bluetooth low Energy
(BLE) technology, and this paragraph explains how they work and what capabilities they have.
BLE is a standard for wireless communication that permits low-power, close-range interaction
between electronic devices [38]. A Bluetooth beacon is a device that uses BLE to transmit an
audio signal that consists of a combination of numbers and letters, in short and frequent
intervals. The audio signal acts as an identifier for the beacon, which can be detected by other

BLE-enabled devices, such as smartphones, gateways, or access points.

The analogy of a lighthouse can be used to explain how Bluetooth beacons work. A lighthouse
emits visible light that can be seen by sailors who are looking for their location. Similarly, a
Bluetooth beacon emits an audio signal that can be seen by devices that are looking for its

presence or proximity.

Smartphones can determine an approximate context or location thanks to Bluetooth beacons'
indoor positions. Smartphones can locate themselves in relation to Bluetooth beacons in stores
with the aid of Bluetooth beacons. Beacons are used in brick-and-mortar stores for mobile
commerce, enabling mobile payments through points of sale systems and providing customers

with special offers through mobile marketing [45].

Based on their location, Bluetooth beacons can be distinguished from other technologies.
Beacons are transmitted by a one-way transmitter to a smartphone or other receiving device.
With this method, a specific app must be installed on the device to communicate with the
beacons. This indicates that only the app that has been installed and the Bluetooth beacon

transmitter can monitor users. There are many different Bluetooth beacon transmitters on the
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market, including tiny coin-cell gadgets, USB sticks, and the more popular Bluetooth 4.0
equipped USB dongles. [46]

A variety of algorithms have been proposed for this. However, the most efficient method for
indoor positioning uses Bluetooth beacons, which are combined with accelerometers and
geomagnetic sensors [38]. When it comes to the case of indoor navigation for pedestrians,
pedestrians typically walk to their destination and are constantly checking their current
location. Therefore, it is vital to ensure a steady location. The proximity of Bluetooth beacons
to determine the most reliable radio field intensity measurement techniques. But, as it only

displays the distance that is very rough to the beacons of interest using it, it is a huge issue [46].

Bluetooth Beacons form the heart of indoor technology for location. It is among the most well-
known technologies that have emerged to aid indoor positioning and is now a standard feature
on most smartphones in the present. It utilizes so-called BLE beacons (or iBeacons), which are
cheap and small [45]. They can function independently of the power grid and have a very
extended battery life. By picking up the beacon's signal and calculating the distance to it, the

device can roughly estimate the user's position inside the building. [46]

2.4.2 BLE Beacons and their role in indoor positioning.

Beacons are small devices that emit BLE signals at regular intervals. By placing them at known
positions, a device can determine its location based on the signals it receives from these

beacons.

2.4.3 Strengths of BLE Beacon-based positioning.
e Energy Efficient: Beacons have long battery lives due to BLE's efficiency.
e High Accuracy: Achieves sub-meter accuracy in ideal conditions.

e Scalability: Easy to deploy additional beacons for better coverage.
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2.4.4 Limitations and real-world challenges.
e Infrastructure requirement: Requires deployment of beacons throughout the facility.

e Interference: Other electronic devices can interfere with BLE signals.

2.5 Wi-Fi Access Point

To pinpoint the connected device or item, the Wi-Fi access point employs several different
positioning techniques. With the help of Wi-Fi access points (APs) and the existing network
architecture, a device's position may be calculated using Wi-Fi location. The device must be
able to detect the Wi-Fi AP, however joining is optional. Skyhook can locate the device by
analyzing the signal strength of many Wi-Fi connections and knowing the specific locations of
these access points. [37]

Although its range is limited, Wi-Fi can still cover up to 150 meters. The quality of the signal
is greatly affected by factors such as the proximity of other APs and their placement. The more
APs there are in each area, the more precisely their location will be determined. When using
crowdsourced, uncalibrated Wi-Fi networks, Wi-Fi can deliver accuracy of about 20 m [41].
In indoor environments, Wi-Fi can achieve accuracy of up to 5-8 meters through calibration,

surveying, and fine-tuning.

Wi-Fi-based indoor positioning systems (WIPS) are increasingly becoming an instrumental
mechanism for indoor spatial recognition, serving a diverse array of applications. Several
salient factors contribute to this burgeoning adoption. Primarily, a significant proportion of
contemporary smartphones are inherently equipped with Wi-Fi modules. Secondly, the
ubiquity of Wi-Fi-based localization infrastructures, combined with the pervasive distribution
of Wi-Fi access points, fortifies this trend [37]. Moreover, Wi-Fi obviates the necessity for
bespoke equipment; the analysis of Received Signal Strength (RSS) values emanating from
access points simplifies the process of location triangulation. To cater to the exigencies of
elevated data transmission velocities, the bandwidth capacities of Wi-Fi systems have

witnessed considerable amplifications [37].
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The cloudlet is the most popular method of positioning indoor Wi-Fi. The technology used to
offer cloud-based mobile services, known as Cloudlet, is at the very edge of the Internet. [41]
Cloudlets provide a resource- and latency-sensitive application that brings cloud computing
closer to the user. They are often accessed over wireless networks. To speed up the delivery of
cloud computing applications to nearby mobile devices like tablets, smartphones, and wearable

technology, small-scale data centers dubbed "cloudlets™ have been developed. [41]

2.6 MEMS

Microelectromechanical systems (MEMS) based on inertial measurement units (IMU) are
frequently inexpensive localization sensors. By logging angular rates and linear accelerations,
they can continuously deliver extremely high-frequency location, speed, and attitude results
[52]. While they are independent of the environment around them, the error-to-error ratio is

inevitable and will become larger as time passes.

To limit the accumulation of errors in an indoor environment, MEMS-based IMU sensors
typically use the use of light detection (Lidar) or visual sensors to provide simultaneous
localization as well as mapping (SLAM) [48]. Although this strategy of integrating sensors
aids in reducing the total amount of attitude and position errors, the cost associated with the
devices is too high for most LBS users, and the environment must be extremely textured to
ensure robust localization (Debeunne and Vivet,).

The indoor positioning system of MEMS sensors comprises three Axis accelerometers, a three-
axis magnetometer, and three-axis Gyroscope. This system can help achieve precise
positioning in an indoor environment. It can also be utilized for outdoor use due to its unique
characteristics. It's a wearable foot device that uses a wireless network to send data about the
movement to computers that determine the foot's position and show the route that you have
taken [48]. The principle behind the system for positioning is a dead reckoning and inertial
navigation technology. The time taken to get there affects the displacement because the
location is determined by doing a double integration of the acceleration. There are two primary
tracks for MEMS development. The first uses principles from inertial navigation [52].
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This is accomplished by mounting the inertial sensors on the feet, determining the foot's
position, translating its acceleration into earth coordinates, and then double integrating the
acceleration to determine the foot's position. Its Double Integration Method is the name given
to this method (DIM). Another method is to keep track of how many steps you take and use
that information to calculate your distance. Even if they are held in the hands, sensors can be
worn at the waist or on the foot. To determine the location, it estimates the length of the step-
through acceleration and calculates steps. This approach is known as the Pedometer Method
(PM). [52]

2.7 GPS Indoor Positioning

The Global Positioning System (GPS), when deployed in open terrains, boasts commendable
accuracy and reliability. However, its utility indoors is hampered by the intrinsic challenges
associated with decoding and discerning GPS signals. This degradation can be largely
attributed to the signal attenuation caused by architectural barriers, such as walls and edifices
[50]. To circumvent this impediment associated with indoor coverage, a sophisticated
positioning system has been devised, underpinned by GPS repeaters and an augmented
positioning algorithm. The prototype, representative of 1D/2D indoor positioning capabilities,
incorporates directional GPS antennae and low-noise amplifiers (LNA). Real-time GPS data is
meticulously processed through the refined algorithm. An amalgamation of these system
components provides a holistic positioning solution, the efficacy of which is subject to rigorous

evaluation [50].

2.8 A-GPS Indoor Positioning

A-GPS indoor positioning is a term for a location-based technology that uses A-GPS to
pinpoint a user's or a device's precise location inside an enclosed area. A-GPS indoor
positioning overcomes the limitations of traditional GPS technology, which is frequently
inaccurate indoors due to weak signal strength and obstructions like walls and ceilings. The
device's position is refined with the use of supplementary data, such as Wi-Fi hotspots and
Bluetooth beacons. [43]

A-GPS indoor positioning works by using a database of reference points within the indoor
space and comparing the device's signal strength to each reference point to triangulate its
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location.[43] This information can be used to provide location-based services for users within
a building, such as turn-by-turn directions, real-time location tracking, and proximity-based

notifications.

A-GPS indoor positioning has a wide range of applications, including indoor navigation,
asset tracking, employee tracking in large buildings, healthcare monitoring systems, and retail
analytics. By giving precise location data in the case of an emergency, it may also help

reduce response times. [43]

2.9 Different algorithms for indoor position technology

2.9.1 Time of Arrival

The length of time needed for a wireless signal to travel from a transmitter to a receiver is
calculated using the time of arrival (TOA) approach. ToA combines with other location-based

technologies like GPS and A-GPS to determine a device's or user's exact position. [50]

The Time-of-Arrival (ToA) metric quantifies the duration a signal necessitates to traverse
between two distinct points. Conventional communication systems comprise a transmitter,
such as a cellular tower or Wi-Fi access point, and a receiver, exemplified by mobile devices.
By evaluating the signal's transit duration from the transmitter to the receiver, one can infer the
interspatial distance. When ToA is synergistically employed with additional parameters like
Angle-of-Arrival or Received Signal Strength, it becomes instrumental in ascertaining the

precise geospatial coordinates of a device or an end-user [47].

The Time-of-Arrival (ToA) methodology finds applicability across a spectrum of domains,
encompassing emergency response mechanisms, asset monitoring, interior navigational
systems, and geospatially-anchored services. To furnish pinpoint locational intelligence
contemporaneously, ToA is frequently amalgamated with complementary location-

determination technologies [50].
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2.9.2 Triangulation

Triangulation is a method of localization that makes use of the distance and angles between
many places of measurement [42]. This may be done by using the angle-side-angle triangle
congruency theorem to determine where an item is. Triangulation is a challenging task. It
necessitates understanding not only the precise location of BLE beacons but also the direction

in which they rotate.

The calculations aren't as complicated as trilateration. However, they are considerably more
sensitive because of how they are determined [42]. While trilateration relies on the strength of
signals as an analogy for distance, triangulation relies on the differences in timing when it
comes to receiving signals from tags. Since the signals are transmitted at the speed of light, the
transmission time variations are very minimal. This means that measuring instruments are more

costly.

Figure 4 - WiFi Triangulation

2.9.3 Multilateration

Using the time difference of arrival (TDOA) of signals from several sources, multilateralism

may be used to pinpoint the precise position of an item like a mobile phone. By using the
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intersection of numerous circles or spheres, the location of an item may be triangulated using

several sensors like GPS satellites or cell towers.

By measuring the time, it takes for signals to travel between the object and each sensor, the
system can calculate the distance between the object and each sensor, and then use this data to
determine the object's location. Multilateration is widely used in navigation and positioning

systems, such as GPS, as well as in mobile phone networks for location-based services. [51]

2.9.4 Fingerprinting

In contrast, indoor fingerprint positioning mostly uses signal fingerprints. It relies on the
received signal strength for each place (as fingerprints are stored in the database for
fingerprints) to correlate the strength of signals measured at users' location for positioning [40].
The technology of Wi-Fi fingerprint positioning has the benefits of being low-cost and high
precision. Because of the broad application and deployment of Wi-Fi across the globe, The
fingerprint positioning method is relatively inexpensive since it can be used in any indoor place
with Wi-Fi networks without the need for extra gear.

The system uses the strength of Wi-Fi signals to measure and model without pinpointing
exactly where to locate the APs. In an indoor setting with a lot of complexity with low-cost
conditions, space-time characteristics like the timing of arrival and angle could result in large
errors. Still, the signal strength is stable, which makes positioning with this method more

accurate than others [40].

2.9.5 Dead Reckoning

Dead reckoning is a method of navigation that involves estimating one's current position based
on the distance and direction traveled from a known starting point. It relies on the individual's
ability to keep track of their speed and course, as well as any changes in direction due to wind
or currents. Dead reckoning can be used in situations where other means of navigation, such as

GPS or landmarks, are not available or reliable. However, it is subject to errors and
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inaccuracies, particularly in situations where external factors like weather and terrain are
unpredictable. [44]
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Chapter 3 - System design

3.1 System description

Indoor navigation, in its essence, is a symphony of technology and design aimed at guiding
users within confined spaces. While GPS revolutionized our understanding of outdoor
positioning, indoor spaces, with their unique challenges, require equally innovative solutions.
Against this backdrop, WiFi-based indoor positioning systems (IPS) have emerged as a
prominent contender, capitalizing on the ubiquity of WiFi infrastructures. The inherent
advantage of leveraging pre-existing WiFi networks means that no additional hardware

installations are necessary, making such systems both cost-effective and universally adaptable.

Received Signal Strength Indicator (RSSI) and Round-Trip Time (RTT) are two WiFi-based
techniques that have been at the forefront of the quest to improve indoor location. While the
RTT technique determines location using the time it takes for a signal to complete a round trip,

the RSSI approach bases its calculations on the signal intensity received.

To assess the viability and accuracy of these methods, an experimental setup has been designed.
Within a defined indoor space, four strategically placed hotspots will serve as the primary
signal sources. As a user navigates this space, the system will continuously track and pinpoint
the user's location using both RSSI and RTT methods. By capturing these real-time positional
data points, we aim to contrast the performance of both methods, determining which offers

superior accuracy in tracking a user's movement within the indoor environment.

This chapter will detail the design considerations and implementation aspects of this
experimental indoor navigator system, setting the foundation for the subsequent comparative
analysis of RSSl and RTT.

3.2 Machine Learning

In an endeavour to push the boundaries of accuracy and granularity in positioning, this research
introduces an extended implementation fortified with machine learning capabilities. This
advanced system harnesses the power of data generation to build a robust model or classifier,
intricately mapping the space in which navigation occurs. Such a model is then deployed to

predict the position of a mobile device, navigating the space in real-time. Impressively, the
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granularity of this system is such that it doesn't merely identify rooms, but distinct areas within

these rooms.

The starting block of this transformative journey was the EloquentArduino article titled “Wi-
Fi indoor positioning using Arduino and Machine Learning in 4 steps”. Although a valuable
resource for initiating classifier training and usage, it was inherently limited, being compatible
exclusively with RSSI measurements and the Arduino Integrated Development Environment
(IDE). Addressing these constraints, modifications were undertaken to seamlessly integrate
these principles into our broader system and crucially, to incorporate RTT measurements,

enriching the positioning data.

3.3 Plan layout

Nerwork #1
KITCHEN
] { J
[ ]
| “
r—— Nerwurk #3
LIVINGROOM BATHROOM
Lt : ) - | I

Figure 5 - Indoor positioning floor plan layout

This paragraph discusses the limitations and challenges of the proposed system and suggests
some possible improvements. The proposed system uses ESP32 devices as access points (APS)
and Wi-Fi Low Energy (WIFI LE) signals as beacons to track the location of an object.
However, this system has low accuracy and coverage area due to the hardware constraints. The
system could use different kinds of beacons, such as Radio-Frequency Identification (RFID)
beacons, Wi-Fi beacons, or GPS signals, to improve accuracy and coverage area. These
beacons have higher power, range, and precision than WIFI LE signals. However, they also
have higher complexity and cost, both at the hardware level and at the server level. The server

needs to handle multiple beacons with different physical addresses (mac addresses) and
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different technologies. The server also needs to use different methods to convert the received
signal strength indicator (RSSI) values to distance estimates for each technology. Therefore,
this thesis proposes to use WIFI LE signals as a straightforward and effective internal
positioning solution but acknowledges that other solutions may offer better performance in

some scenarios.

3.4 Hardware.

3.4.1 ESP32-S2 Microcontroller by Espressif Systems

The ESP32-S2 microcontroller, a product of Espressif Systems, represents an evolution in the
domain of embedded systems optimized for Wi-Fi connectivity. It follows the lineage of the
widely acknowledged ESP32 microcontroller, yet, distinctively, forgoes Bluetooth capabilities
to exclusively focus on Wi-Fi.

Figure 6 - ESP32-S2

3.4.2 Architectural Features

The architecture boasts an Xtensa single-core 32-bit LX7 microprocessor that operates at
speeds up to 240 MHz. This is complemented by an internal memory configuration comprising
320 KB of SRAM and 128 KB of ROM. For applications demanding augmented memory, the
architecture facilitates support for external flash and SRAM.

3.4.3 Wi-Fi Capabilities
Operating within the 2.4 GHz band, the ESP32-S2 conforms to 802.11 b/g/n Wi-Fi standards.
Its versatility is evident in its support for multiple Wi-Fi modes, including STA, SoftAP,
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SoftAP+STA, and P2P. Furthermore, it upholds contemporary security standards with WPA3

security integration.

3.4.4 Interface and Peripherals

A broad spectrum of applications is facilitated through its 43 programmable GPIOs and 14
capacitive touch sensing 10s. Standard communication protocols such as SPI, 12C, 12S, and
UART are natively supported. Unique to its design is the USB OTG and the presence of ADC
and DAC capabilities.

3.4.5 Emphasis on Security
Recognizing the exigencies of modern connected devices, the ESP32-S2 is engineered with a
secure boot process, flash encryption, and provisions for Trusted Applications supported from

isolated flash areas.

3.4.6 Power Management

Addressing the growing need for energy-efficient solutions, the microcontroller offers various
power modes. It integrates a battery charging circuit, making it compatible with lithium-ion
and lithium-polymer energy sources. A notable feature is its ultra-low-power co-processor that

can sustain functionality during deep sleep, allowing for tasks like sensor monitoring.

3.4.7 Software Development Ecosystem

The ESP32-S2 is backed by Espressif's official loT Development Framework, known as ESP-
IDF. The robust community support manifests in a plethora of libraries, especially in the
Arduino ecosystem. Additionally, compatibility with platforms like MicroPython broadens its

accessibility for developers.
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Figure 7 - ESP32 S2 Pin Layout
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Figure 8 - ESP32 S2 front

3.5 Software

3.5.1 Espressif's 10T Development Framework (ESP-1DF)

The technological foundation for Wi-Fi and Bluetooth microcontrollers developed by Espressif
Systems lies in its dedicated development framework, the ESP-IDF. This section provides a
comprehensive analysis of the ESP-IDF, highlighting its features, setup process, and relevance

in the 10T ecosystem.
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3.5.2 Core Attributes of the ESP-IDF

ESP-IDF is endowed with a wide-ranging set of libraries catering to diverse peripherals,
protocols, and services, from foundational ones like Wi-Fi and Bluetooth to sophisticated
functionalities like Over-the-Air (OTA) updates. One of its distinctive attributes is the inclusion
of the FreeRTOS real-time operating system, specifically tailored for Espressif's
microcontrollers, enabling intricate multitasking capabilities. Complementary development
utilities are integrated, such as tools for building, flashing, and application monitoring. The
framework's intrinsic modularity allows for easy augmentation with custom components, and

its menuconfig tool facilitates user-driven configuration.

3.5.3 Establishing the ESP-IDF Development Environment
The instantiation of the ESP-IDF environment mandates several procedural steps:

1. Preparation: Based on the operative system—whether Windows, Linux, or macOS—
certain foundational software, including Python, might be prerequisite.

2. Installation: This entails cloning the ESP-IDF repository from its official GitHub
repository, followed by the initialization of environment variables and the essential
toolchain acquisition.

3. Project Creation: Leveraging templates or commencing a bespoke project.

4. Configuration: Utilization of menuconfig for software customization.

5. Compilation and Deployment: The software code is compiled and subsequently
flashed onto the designated ESP32 device.

6. Real-time Monitoring: Employing inherent tools for debugging and log inspection.

&) ESPRESSIF

Figure 9 - Espressif ESP-IDF
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Chapter 4 - Implementation methods

4.1 Moving device firmware architecture.

The main components of the moving device firmware look like:

Application

I

‘ monitored_ap_list

3

Y

Distance based Machine leaming Machine learning
positioning positioning data collection
]
Y I
measure_api
1ssi_scan t_scan

Figure 10 - Flowchart Moving Device Firmware Architecture

4.2 WIiFi RSSI Measurement

Within the context of indoor positioning systems, the precision with which the Received Signal
Strength Indicator (RSSI) of extant Wi-Fi Access Points (APSs) is gauged remains paramount.
This chapter delves into the intricacies of a software module meticulously crafted for the
ESP32-S2 platform, the primary purpose of which is to probe and quantitatively measure the
RSSI values corresponding to accessible Wi-Fi APs.
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The primary goal of this module (rssi_scan) is to initialize the necessary hardware and software
components for Wi-Fi scanning, perform the scan, and retrieve the RSSI values of available
APs.

4.2.1 Code Overview
The provided module consists of two main functions: one for initializing Wi-Fi scanning

capabilities and another to perform the actual scan.

void wifi_scan_init() {

ESP_ERROR_CHECK(esp_netif_init());

ESP_ERROR_CHECK(esp_event_loop_create_default());

esp_netif_t *sta_netif = esp_netif create_default_wifi_sta();

assert(sta_netif);

wifi_init_config t cfg = WIFI_INIT_CONFIG_DEFAULT();

ESP_ERROR_CHECK(esp_wifi_init(&cfg));

ESP_ERROR_CHECK (esp_wifi_set_mode(WIFI_MODE_STA));
ESP_ERROR_CHECK(esp_wifi_start());

void wifi_scan(wifi_ap_record_t* ap_info, uintl6_t ap_info_size, uintl6_t* ap_count) {

esp_wifi_scan_start(NULL, true);

ESP_ERROR_CHECK(esp_wifi_scan_get_ap_records(&ap_info_size, ap_info));

ESP_ERROR_CHECK(esp_wifi_scan_get_ap_num(ap_count));

43




ESP_LOGD(TAG, "Total APs scanned = %u", *ap_count);

enum measurement_method_e {
RSSI_MEASUREMENT = @,
RTT_MEASUREMENT

¥

static const measurement_method_e MEASUREMENT_METHOD = RSSI_MEASUREMENT;

4.2.2 Explanation of the Code:

Initialization of WiFi Scanning (wifi_scan_init):

e The function starts by initializing the network interface required for Wi-Fi operations.

e Anevent loop is created to handle Wi-Fi-related events.

e A default station interface (sta_netif) is created for the WiFi operations. This station
interface acts as a Wi-Fi client.

e The function then sets up a default Wi-Fi configuration and initializes the Wi-Fi driver
using this configuration.

e Finally, the Wi-Fi mode is set to "station" (STA), and Wi-Fi is started.

Performing the Wi-Fi Scan (wifi_scan):

e The function triggers a Wi-Fi scan. This scan searches for all available APs in the
vicinity.

e After the scan is complete, the function retrieves the scan results (AP details and RSSI
values) into the provided structure (ap_info).

e The total number of APs scanned is also retrieved and logged.
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SSI scan for monitored APs

Figure 11 - Output of RSSI metrics
4.3 Wi-Fi RTT Measurement

Wi-Fi Round Trip Time (RTT) quantifies the duration requisite for a signal to traverse from its
origin to its target and subsequently return. Given this metric, it becomes feasible to deduce
the linear distance between two devices, assuming an unobstructed line of sight. The ESP32-
S2 microcontroller is endowed with specific attributes tailored to facilitate these evaluations
with efficacy.

The term "RTT" represents "Round Trip Time", which denotes the duration required for data
packets to journey between two distinct nodes. A meticulous comprehension of the Time of
Flight (ToF) between communications facilitates the calculation of the distance separating
them. Occasionally, this measurement is referenced as FTM (Fine Timing Measurement),

highlighting the imperative of a high-precision timing mechanism for such assessments.

The wireless protocol 802.11mc delineates the RTT mechanism adopted for Wi-Fi, as detailed
in the IEEE standards (refer to IEEE 802.11mc). The choice of the ESP32-S2 microcontroller
was predicated upon its explicit compatibility with the 802.11mc standard. Within the ESP32-

S2 environment, a distinctive Wi-Fi API is employed for measurements.

To compute the distance, one employs the established formula:
Distance =RTT x ¢

Here, cc represents the speed of light.

The determination of Wi-Fi RTT employs a meticulous procedure titled "Fine Timing
Measurement (FTM)". During FTM, a succession of action frames is transmitted from one
apparatus to another, each eliciting an acknowledgment (ACK). Integral hardware within the

devices registers the Time-of-Arrival (TOA) and Time-of-Departure (TOD) pertaining to each
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set of action frames and ACKSs. Subsequently, the instigating entity aggregates data from all

frame pairs, determining the RTT for each using the equation:

RTT[i]=(T4-T1) ~(T3-T2)
Where:

o T1: signifies the moment of dispatch of the action frame from the responder.
e T2: marks the moment the action frame reaches the initiator.
e T3: denotes the departure moment of the ACK from the initiator.
e T4: indicates the moment the ACK is received by the responder.
This metric ultimately elucidates the duration required for data packets to navigate between the

two nodes.

4.3.1 Code Overview & Explanation
Initialization: ftm_wifi_init() function initializes the WiFi peripheral, sets it in station mode,

and readies it for RTT measurements by registering appropriate callbacks.

void ftm_wifi_init(void) {
if(MOVING_DEV_LOG_LEVEL == ESP_LOG_DEBUG) {
esp_log_level_set("wifi", ESP_LOG_WARN);

} else {
esp_log level set("wifi", ESP_LOG_ERROR);

static bool initialized = false;

if(initialized) return;

ESP_ERROR_CHECK(esp_netif_init());

ftm_event_group = xEventGroupCreate();

ESP_ERROR_CHECK(esp_event_loop_create_default());
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wifi_init_config t cfg = WIFI_INIT_CONFIG_DEFAULT();
ESP_ERROR_CHECK(esp_wifi_init(&cfg));

ESP_ERROR_CHECK(esp_event_handler_instance_register(WIFI_EVENT,
WIFI_EVENT_FTM_REPORT,
&ftm_report_handler,
NULL,
NULL));

ESP_ERROR_CHECK(esp_wifi_set_storage(WIFI_STORAGE_RAM));

ESP_ERROR_CHECK(esp_wifi_set_mode(WIFI_MODE_STA));
ESP_ERROR_CHECK(esp_wifi_start());

initialized = true;

WiFi Scanning: ftm_wifi_scan(bool internal) kicks off a scanning process for available APs.
Scan results get buffered in g_ap_list_buffer.

bool ftm_wifi_scan(bool internal) {

ESP_ERROR_CHECK(esp_wifi_scan_start(NULL, true));

esp_wifi_scan_get_ap_num(&g_scan_ap_num);
if(g_scan_ap_num == 0) {

ESP_LOGD(TAG_STA, "No APs found");

return false;

if(g_ap_list_buffer) {
free(g_ap_list_buffer);
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g _ap_list_buffer = (wifi_ap_record_t*)malloc(g_scan_ap_num * sizeof(wifi_ap_record_t));

if(g_ap_list_buffer == NULL) {
ESP_LOGE (TAG_STA, "Failed to malloc buffer to print scan results");

return false;

if(esp_wifi_scan_get_ap_records(&g_scan_ap_num, (wifi_ap_record_t *)g ap_list_buffer) ==

ESP_OK) {

if(!internal) {
for(uint8_t i = @; i < g scan_ap_num; i++) {
ESP_LOGD(TAG_STA, "[%s][rssi=%d]""%s", g_ap_list_buffer[i].ssid,
g_ap_list_buffer[i].rssi,
g_ap_list_buffer[i].ftm_responder ? "[FTM Responder]" : "");

ESP_LOGD(TAG_STA, "AP scan finished");

return true;

Responder Detection: Prior to the actual RTT measurement, the ftm_find_responder_ap(const
char* ssid) function is used to identify whether the chosen AP supports FTM.

wifi_ap_record_t* ftm_find_responder_ap(const char* ssid) {

if(!ssid) return NULL;

if(lg_ap_list_buffer || (g_scan_ap_num == 0)) {
return NULL;
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for(uint8_t i = ©; i < g _scan_ap_num; i++) {

if(strcmp((const char *)g ap_list_buffer[i].ssid, ssid) == @) {

return &g _ap_list_buffer[i];

return NULL;

RTT Measurement: The main functionality is in the ftm_wifi_measure function. It reaches
out to the chosen AP to estimate distance. Should the measurement fail, an error gets returned.

bool ftm_wifi_measure(const char* ssid, int frm_count, int burst_period, int mode, uint32_t*
result) {

wifi_ap_record_t *ap_record;

wifi_ftm_initiator_cfg t ftmi_cfg;
ftmi_cfg.frm_count = 32;
ftmi_cfg.burst_period = 2;

ap_record = ftm_find_responder_ap(ssid);

if(ap_record) {

49




ESP_LOGD(TAG_STA, "Starting FTM with %s (" MACSTR ") on channel %d", ssid,
MAC2STR(ap_record->bssid), ap_record->primary);

memcpy (ftmi_cfg.resp_mac, ap_record->bssid, 6);
ftmi_cfg.channel = ap_record->primary;

} else {
ESP_LOGE(TAG_STA, "No matching AP found for %s", ssid);

return false;

uint8_t count = frm_count;

if(count != @ && count != 16 && count != 24 &&
count != 32 && count != 64) {
count = 0;

}

ftmi_cfg.frm_count = count;

if(burst_period >= 2 && burst_period < 256) {
ftmi_cfg.burst_period = burst_period;

} else {
ftmi_cfg.burst_period

0;

if(ftmi_cfg.burst_period == 0) {
ESP_LOGD(TAG_STA, "Starting FTM Initiator with Frm Count %d, Burst Period - No
Preference”,
ftmi_cfg.frm_count);
} else {
ESP_LOGD(TAG_STA, "Starting FTM Initiator with Frm Count %d, Burst Period - %dmSec",
ftmi_cfg.frm_count, ftmi_cfg.burst_period * 100);

if(ESP_OK != esp_wifi_ftm_initiate_session(&ftmi_cfg)) {

ESP_LOGE(TAG_STA, "Failed to start FTM session");

return false;

EventBits_t bits = xEventGroupWaitBits(ftm_event_group, FTM_REPORT_BIT | FTM_FAILURE_BIT,
pdFALSE, pdFALSE, portMAX_DELAY);

bool ret = false;
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if(bits & FTM_REPORT_BIT) {

*result = measured_distance;

if(RTT_DETAILED_MEASUREMENT_LOGGING_ENABLED) ftm_log detailed_report();

free(g_ftm_report);
g_ftm_report = NULL;

g_ftm_report_num_entries = 9;
ret = true;

} else if(bits & FTM_FAILURE_BIT) {
ESP_LOGE(TAG_STA, "Measurement failed");

} else {

ESP_LOGE(TAG_STA, "No response");

esp_wifi_ftm_end_session();

xEventGroupClearBits(ftm_event_group, FTM_REPORT_BIT);
xEventGroupClearBits(ftm_event_group, FTM_FAILURE_BIT);

return ret;
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Figure 12 - Output of RTT measurements

In the provided above log output snapshot concerning RTT measurement, we observe the
systematic execution of processes across four pre-configured access points (APs). Initially,
there is an evident AP scan, followed by a quartet of RTT measurements executed under
predetermined parameters. The culmination of each measurement presents its respective result.

Conclusively, the log delineates the proximate AP location.

4.3.2 RTT Calculation

In the below figure, a meticulously constructed report detailing each measurement, we are
presented with a structured analysis that sheds light on the intricacies of the measurement
process. This format serves to break down the multifaceted components of the measurement

for clarity and comprehensive understanding.
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Figure 13 - RTT Detailed Log

Calculation Explanation:

The first line states the number of measurements done with the FTM responder.

Next, we can look at each measurement in detail:

Explanation of each part:

measurement 00 - the number of the measurement

token - the 1D of the measurement between the initiator and responder

t1 - Time of Departure of action frame from the responder

t2 - Time of Arrival of action frame at the initiator

t3 - Time of Departure of ACK (acknowledge) from the initiator.

t4 - Time of Arrival of the ACK at the responder

RTT - round trip time calculated form the t(n) values, RTT = (t4-t1) -(t3-t2)

The numbers seen at t1, t2, t3 and t4 are raw timer values that only hold significance in relation

to each other.

The below figure is the average RTT from all the measurements in picoseconds and in

nanoseconds.
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Figure 14 - Calculation the average RTT value

The above figure presents the formula for calculating the distance, and the measurement results

applied to the formula with the final measured distance result in meters.

4.4 Measure API

The objective of this implementation is to provide a middle layer between the presence
detection system and the distance measurement code. By introducing this abstraction layer, the
upper layer of the software doesn't need to be aware of the specific method used for distance

measurement.

4.4.1 Code Overview & Explanation

The provided code below is for an ESP32-S2-based indoor positioning system. It acts as a
middle layer, offering a bridge between presence detection and distance measurement
functionalities. The primary goal of this API (MeasureAPI) is to allow users to swap between
two distance measurement techniques easily: RSSI (Received Signal Strength Indication) and

RTT (Round-Trip Time). Here's a concise breakdown:

Distance Conversion: The rssi_to distance function translates an RSSI value into a

distance in meters, based on predefined RSSI values at specific reference distances.

double rssi_to_distance(int rssi) {

return ((double)rssi) / (RSSI_AT_1_METER_DISTANCE - RSSI_AT_ZERO_DISTANCE);

RSSI-based Measurement:

init measurement rssi (): Initializes measurement using the RSSI method.
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void init_measurement_rssi() {

wifi_scan_init();

measure ap distances rssi (): Measures the distance to specified APs based on their
RSSI values. It performs a WiFi scan to get the RSSI values for the APs and calculates the
distance using the conversion function.

void measure_ap_distances_rssi(monitored_ap* aps_to_measure, uintl6_t number_of aps_to_measure)

{

ESP_LOGD(TAG, "Starting RSSI scan for monitored APs");

wifi_ap_record_t* ap_info = (wifi_ap_record_t*)malloc(DEFAULT_SCAN_LIST_SIZE *
sizeof(wifi_ap_record_t));
memset(ap_info, @, DEFAULT_SCAN_LIST_SIZE * sizeof(wifi_ap_record_t));

uintl6_t ap_count = 0Qu;

wifi_scan(ap_info, DEFAULT_SCAN_LIST_SIZE, &ap_count);

for(int i = @; (i < DEFAULT_SCAN_LIST_SIZE) && (i < ap_count); i++) {

for(int j = ©; j < number_of_aps_to_measure; j++) {

if(strcmp(aps_to_measure[j].ssid, (const char*)ap_info[i].ssid) == @) {

aps_to_measure[j].distance_in_meters = rssi_to_distance(ap_info[i].rssi);

aps_to_measure[j].in_range = true;

ESP_LOGD(TAG, "%s (%d dBm)", ap_info[i].ssid, ap_info[i].rssi);
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free(ap_info);

‘ }

RTT-based Measurement:

init measurement rtt (): Initializes the RTT-based measurement.

void init_measurement_rtt() {

ftm wifi_init();

measure ap distances rtt (): Measures the distance to specific APs using RTT values. It

initiates an RTT measurement for each AP, then logs and stores the results.

void measure_ap_distances_rtt(monitored_ap* aps_to_measure, uintl6_t number_of_aps_to_measure) {

ESP_LOGD(TAG, "Starting RTT measurement for monitored APs");

if(!ftm_wifi_scan(true)) {
ESP_LOGE(TAG, "WiFi discovery failed!");

return;

uint32_t result = Qu;

for(int 1 = ©; i < number_of_aps_to_measure; i++) {
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if(ftm_wifi_measure(aps_to_measure[i].ssid, FTM_FRAME_COUNT, FTM_BURST_PERIOD,
FTM_INITIATOR_MODE, &result)) {

double distance_in_meters = (double)result / 100;

aps_to_measure[i].distance_in_meters = distance_in_meters;

aps_to_measure[i].in_range = true;

ESP_LOGD(TAG, "%s (%.021fm)", aps_to_measure[i].ssid, distance_in_meters);
} else {

ESP_LOGE(TAG, "RTT measurement failed for %s", aps_to_measure[i].ssid);

taskYIELD();
vTaskDelay (100 / portTICK_PERIOD_MS);

Unified Measurement Initialization:
init measurement (): Depending on the configured method (either RSSI or RTT), it

initializes the respective measurement method.

void init_measurement() {
if(MEASUREMENT_METHOD == RSSI_MEASUREMENT) {
init_measurement_rssi();
} else if(MEASUREMENT_METHOD == RTT_MEASUREMENT) {

init_measurement_rtt();

Unified Distance Measurement:
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measure ap distances (): Measures the distance to the monitored APs using the configured
method (either RSSI or RTT), providing a consistent interface irrespective of the underlying

measurement technique.

void measure_ap_distances(monitored_ap* aps_to_measure, uintl6_t number_of_aps_to_measure) {
if(MEASUREMENT_METHOD == RSSI_MEASUREMENT) {
measure_ap_distances_rssi(aps_to_measure, number_of_aps_to_measure);
} else if(MEASUREMENT METHOD == RTT_MEASUREMENT) {

measure_ap_distances_rtt(aps_to_measure, number_of_aps_to_measure);

4.5 Machine Learning

Indoor positioning systems are paramount for various applications ranging from asset tracking
to location-based services. The effectiveness of these systems often depends on the quality and
granularity of the data they collect. This chapter delves into the implementation details of the
data collection module we devised for our indoor positioning system. We adopted the ESP32-
S2 platform for this purpose, which provides a myriad of benefits, including efficient power
consumption and Wi-Fi capabilities.

Our choice of model for position prediction is the Random Forest, as wrapped by the Eloquent's
ML library for embedded systems. Random forests are ensemble learning methods, combining

multiple decision trees to produce a more accurate and stable prediction.

Random Forest is an ensemble learning technique that builds upon the foundation of decision
trees. Its name, "Random Forest,” paints an accurate picture of its methodology: constructing
a 'forest’ of multiple 'trees' (decision trees) and using randomness during their creation. This
chapter delves deep into the mechanics, advantages, and considerations of using the Random
Forest classifier, particularly in the context of our indoor positioning system.
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4.5.1 ML Model Train
The code presented in this section is tailored for the ESP32-S2, aiming to collect proximity
data of monitored access points (APs). We chose a CSV-compatible format for data

representation, making it more conducive for further analysis and processing.

4.5.2 Code Overview & Explanation

void ml_collect_data_init() {

vTaskDelay (1000 / portTICK_PERIOD_MS);

uart_config_t uart_config;
uart_config.baud_rate = 115200;

UART_DATA_8 BITS;
uart_config.parity = UART_PARITY_DISABLE;

uart_config.data_bits

uart_config.stop_bits = UART_STOP_BITS_1;

uart_config.flow_ctrl = UART_HW_FLOWCTRL_DISABLE;

uart_param_config(UART_NUM_ O, &uart_config);

uart_set_pin(UART_NUM_ @, UART_PIN NO_CHANGE, UART_PIN_NO_CHANGE, UART_PIN_NO_CHANGE,
UART_PIN_NO_CHANGE);

uart_driver_install(UART_NUM_@, 2048u, 0, 0, NULL, 0);

esp_log_level set("*", ESP_LOG_ERROR);

Function: ml_collect_data_init()
e Purpose: Prepares the ESP32-S2 for data collection.
e Procedure:

1) Incorporates a delay for task synchronization.
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2) Sets up UARTO for data output with specific configurations.

3) Adjusts the system's log level to prioritize essential messages.

void ml_collect_data() {

monitored_ap_list_clear();

monitored_ap_list_measure();

if(!monitored_ap_list_check_any_in_range()) {

ESP_LOGE(TAG, "All APs are out of range, data cannot be collected");

return;

char dataline[200] = "";

for(int i = @; i < NUMBER_OF_MONITORED_APS; i++) {

char datapoint[1@0];

char delimiter = ',';

if(i == NUMBER_OF_MONITORED_APS - 1) delimiter = '\n';

sprintf(datapoint, "%.021f%c", monitored_ap_list[i].distance_in_meters, delimiter);

/* Concatenate the current datapoint buffer with the dataline buffer */
strcat(dataline, datapoint);

uart_write_bytes(UART_NUM_O, dataline, strlen(dataline));

vTaskDelay (1000 / portTICK_PERIOD_MS);

Function: ml_collect_data()
e Purpose: Periodic data collection from monitored APs.
e Procedure:

1) Resets previous measurements.
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2) Collects distance data of all APs in the list.

3) Constructs a CSV-compatible line for measurements.

4) Dispatches the data via UART.

5) Delays the process to maintain a consistent interval between measurements.

enum method_of operation_e {
OP_POSITIONING = @,
OP_ML_DATA_COLLECTION,
OP_ML_POSITIONING

}s

static const method_of_operation_e METHOD_OF_OPERATION = OP_ML_DATA_COLLECTION;

In the developed system, operational modes play a pivotal role in dictating the behavior and
response of the system. To facilitate this, an enumerated data type, method_of operation_e,

was introduced. This enumeration encapsulates three distinct operational modalities:

OP_POSITIONING, which signifies a rudimentary  positioning  mechanism;
OP_ML_DATA COLLECTION, intended for the gathering of data to facilitate machine
learning processes; and OP_ML_POSITIONING, which indicates a mode where positioning is
achieved through machine learning algorithms. As part of the system's design and for the
purposes of the experiments documented in this thesis, the default mode was judiciously set to
OP_ML_DATA_COLLECTION, emphasizing the system's capability to autonomously collect
data pertinent to machine learning tasks.

Figure 15 - Log output of a ML model train values using RTT method.
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Figure 16 - ML Model Train measurements

4.5.3 ML Position Prediction

In our endeavour to realize an indoor positioning system, merely collecting data from access
points (APs) is insufficient. Transforming this raw data into valuable positional information
through the lens of machine learning is the next pivotal step. This chapter elaborates on the
implementation of our machine learning classifier which predicts positions using the ESP32-

S2 platform, based on the proximity data of APs.
We continue our journey with the ESP32-S2 platform, leveraging its capabilities to not just

collect data but also perform in-device predictions. This in-device computation eliminates the

need for an external server, thereby promoting efficiency and faster response times.

4.6.2 Code Overview & Explanation

Eloquent::ML::Port::RandomForest classifier;

void ml_predict_position() {

monitored_ap_list_clear();

monitored_ap_list_measure();
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if(!monitored_ap_list_check_any_in_range()) {
ESP_LOGE(TAG, "All APs are out of range, position cannot be determined");

return;

float measured_data[NUMBER_OF_MONITORED_APS];

for(int i = @; i < NUMBER_OF_MONITORED_APS; i++) {

measured_data[i] = (float)monitored_ap_list[i].distance_in_meters;

ESP_LOGI(TAG, "ML predicted location: %s", classifier.predictLabel(measured_data));

vTaskDelay (1000 / portTICK_PERIOD_MS);

Function: ml_predict_position()
e Purpose: To utilize the trained machine learning model for predicting the position
based on monitored APs' data.
e Procedure:
1) Resets previous measurements.
2) Captures fresh proximity data from APs.
3) Validates the availability of APs in range. If not found, logs an error, and
exits the function.
4) Converts the captured measurements into a float array for compatibility with
the machine learning model.
5) The machine learning model, represented by the classifier, takes this array
as input, and predicts the position, which is then logged for observation.
6) Introduces a delay for task synchronization and to maintain a steady interval

between consecutive predictions.
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) measure_;

Figure 17 - Output of ML prediction.
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5.1 Measurement setup

Chapter 5 - Experiments and Results

The following measurements were performed:

RSSI and RTT measurement at 1m distance in line of sight
RSSI and RTT measurement at 3m distance in line of sight
RSSI and RTT measurement at 1m distance with a 35cm wide brick wall between
RSSI and RTT measurement at 3m distance with a 35cm wide brick wall between

The measured AP was always in vertical level with the measuring device. During the

measurement 7-10 other APs were in range, some of them broadcasting on the same channel

as the measurement. The distance between the AP and the measuring device was verified with

a tape measure. In each scenario 10 measurements were taken.

5.1.1 Measurement results

RSSI at 1m, line of sight (in dBm):

42

-40
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42

-38

-40

-48
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Figure 18 - Results for RSSI at 1m LoS

Average: -42.5 dBm
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RSSI at 3m, line of sight (in dBm):
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Figure 19 - Results for RSSI at 3m LoS
Average: -54.4 dBm
RSSI at 1m, 35cm wide brick wall between (in dBm):
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Figure 20 - Results for RSSI at 1m with wide brick wall
Average: -49.1 dBm

66



RSSI at 3m, 35cm wide brick wall between (in dBm):
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Figure 21 - Results for RSSI at 3m with wide brick wall
Average: -64.0 dBm

RTT at 1m, line of sight (in meters):

0.78 0.91 1.17 1.04 1.17 1.17 1.04 1.17 1.17 1.17

0.8
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0.2

Figure 22 - Results for RTT at 1m LoS
Average: 1.079m



RTT at 3m, line of sight (in meters):
4.33 4.20 4.98 4.33 4.11 4.29 4.03 3.77 3.77 4.03

Figure 23 - Results for RTT at 3m LoS
Average: 4.184m

RTT at 1m, 35cm wide brick wall between (in meters):
4.29 4.03 3.64 3.12 3.12 3.38 3.12 4.03 4.29 3.77

Figure 24 - Results for RTT at 1m with wide brick wall

Average: 3.679m
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RTT at 3m, 35cm wide brick wall between (in meters):

5.33 5.20 5.20 4.94 5.33 5.85 6.11 5.59 5.85

5.46

Figure 25 - Results for RTT at 3m with wide brick wall
Average: 5.486m

If we take the 1m line of sight RSSI measurement as the baseline for one meter, we can
calculate the other RSSI results in meters:

e Im=-425dBm
e -1dBm =0.0235m

The following table contains all the measurement result averages in meters:

1m, line of 3m, line of 1m, wall 3m, wall
sight sight
RSSI 1m (baseline) 1.28m 1.15m 1.51m
RTT 1.079m 4.184m 3.679m 5.486m

Table 1 - Averages of measurement results in meters
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The following table contains the calculated measurement accuracy values:

1m, line of 3m, line of 1m, wall 3m, wall
sight sight
RSSI Om (baseline) 1.72m 0.15m 1.49m
RTT 0.079m 1.184m 2.679m 2.486m

Table 2 - Calculated measurement values

5.2 Comparison of accuracy (line of sight)

The RTT method was much more accurate without the need for any baseline values. These
results could be reinforced by measuring them outside over bigger distances and with less
interfering APs.

5.2.1 Comparison of accuracy (with obstructions)

The RSSI method yielded better results - the RTT is much more sensitive to obstructions.

5.2.2 Other comparison factors

As for speed - the RSSI method has the advantage, RTT measurements on the ESP32-S2 take
a much longer time. RSSI measurements can be done with any WiFi capable device, RTT
requires specific hardware (with 802.11mc support). The changes in RSSI values over distance
are not linear, but close to it - this measurement calculates RSSI changes on a linear scale.

5.3 Conclusion

The RTT method is better for accurate measurements, however the RSSI is better for speed.

5.4 Machine Learning measurements

5.4.1 Measurement setup

The moving device is trained with an ML model consisting of three rooms. Two different ML
models were created for the same setup - one with 5 data lines for each room, and one with 15
data lines. We repeated this with both RSSI1 and RTT models.

We took 10 measurements while standing in a room and at the edge of the room. We took note
of the correctness of the predicted location.
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Living room - RSSI - model with 5 datapoints:
correct | correct | false correct | correct | false false correct | false false

mCorrect  mincorrect

Figure 26 - Living room - RSSI - model with 5 datapoints.
Correct ratio: 5/10 (50%)

Living room - RTT - model with 5 datapoints:
false correct | correct | false false false false correct | correct | correct

m COrrect m imcorrect

Figure 27 - Living room - RTT - model with 5 datapoints.
Correct ratio: 5/10 (50%)
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Living room - RSSI - model with 15 datapoints:

correct

correct

correct

correct

correct

false

false

correct

correct

correct

Living room - RTT - model with 15 datapoints:

m correct = incorrect

Figure 28 - Living room - RSSI - model with 15 datapoints.
Correct ratio: 8/10 (80%)
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Figure 29 - Living room - RTT - model with 15 datapoints.
Correct ratio: 9/10 (90%)

Conclusion
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The ML model works the best with as many datapoints as possible. The accuracy difference
between the RSSI and RTT method is negligible.

5.5 Machine-Learning Classifiers for Positioning Accuracy Measurements

To evaluate the positioning accuracy, four distinct machine-learning classifiers were employed.
The classifiers and their fundamental principles are delineated below:

5.5.1 Random Forest (RF):

The Random Forest algorithm embodies an ensemble learning technique, predicated on the
formulation of a multitude of decision trees throughout the training phase. The resultant
prediction emerges from an aggregation of the determinations proffered by each individual
tree. A salient virtue of this algorithm is its intrinsic capacity to mitigate overfitting through its

ensemble stratagem, concurrently bestowing a significance score upon each constituent feature.

5.5.2 Support Vector Classifier (SVC):

The Support Vector Classifier (SVC), colloguially known as the Support Vector Machine
(SVM) in classification contexts, functions by discerning the optimal hyperplane that
delineates classes within the feature space. Through the employment of kernel methodologies,
SVC possesses the capability to accommodate non-linear data structures. It achieves this by
transposing the data into an augmented dimensional space, therein facilitating the identification

of an appropriate separating hyperplane.

5.5.3 Gaussian Naive Bayes (NB):

Gaussian Naive Bayes is a probabilistic classifier rooted in Bayes' theorem with an assumption
of independence between features. While the term "naive" stems from this independence
assumption, the classifier often performs surprisingly well in practice. For continuous data, a

Gaussian distribution is assumed, hence the name.

5.5.4 Linear Regression:

Linear Regression, conventionally requisitioned for regression endeavors, can be ingeniously
repurposed for classification tasks, particularly when outcomes are binary in nature. This
technique postulates and models the relationship between a designated dependent variable and

its associated independent variables through the alignment of a linear equation. Within the
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ambit of classification, a definitive threshold is established. Data points surpassing this
demarcation are ascribed to one categorical class, whilst those falling below are allocated to an

alternative category.

5.6 Experimental Setup

5.6.1 Access Point Placement
Four Access Points (APs) were strategically installed in each of the primary rooms: Living
Room, Bathroom, Bedroom, and Kitchen.

5.6.2 Areas of Study
In total, six distinct areas were identified for the experiment. These comprised the four primary
rooms with APs, and two areas without any APs - the Hall and the Couch area.

5.6.3 RSSI Data Collection
RSSI, or Received Signal Strength Indicator, was employed as the primary measurement
methodology. For each of the six areas, 15 unique measurements were performed to capture

the variations in signal strength.

5.6.4 Training Phase and Deployment

Based on the collected RSSI data, individual machine learning models were trained for each
classifier using a dedicated Python script.

Once trained, each model was flashed onto a moving device for on-ground testing and

evaluation.

5.6.5 Walking Route and Data Collection
To evaluate the performance of the flashed models, a specific route was walked multiple times,

collecting predicted location samples at each key point. The route followed was:
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Living Room (3 samples) — Couch (3 samples) — Living Room (3 samples) — Hall (3
samples) — Kitchen (3 samples) — Hall (3 samples) — Bedroom (3 samples) — Hall (1

sample) — Bathroom (3 samples)

The numbers in parentheses indicate the number of location samples taken at each respective

area.

5.6.6 Data Analysis

In total, 25 location prediction samples were captured for each classifier, aggregating to 100
samples across all classifiers. To ascertain the reliability and accuracy of the models, these
predicted samples were juxtaposed against the ground truth. The ensuing discrepancies or
matches formed the basis for determining the final performance metrics for each classifier.

Ground truth Random Forest SVC Gaussian NB Linear regression

living_room living_room living_room  living_room hall
living_room living_room living_room  couch couch
living_room couch living_room  living_room hall

couch living_room living_room | couch kitchen
couch couch couch couch hall

couch couch living_room  couch hall
living_room couch kitchen living_room hall
living_room living_room living_room  living_room kitchen
living_room living_room living_room  hall couch

hall living_room living_room  'hall hall

hall hall hall bedroom bedroom
hall hall bathroom bathroom bedroom
kitchen bathroom bedroom kitchen couch
kitchen kitchen bathroom kitchen kitchen
kitchen kitchen kitchen kitchen hall

hall kitchen bedroom kitchen error

hall bathroom kitchen hall hall

hall hall hall hall couch
bedroom hall hall bedroom couch
bedroom bedroom bathroom kitchen bathroom
bedroom bedroom bedroom bedroom bathroom
hall hall hall bedroom bathroom
bathroom bathroom bathroom bathroom bathroom
bathroom bathroom bathroom bathroom bedroom
bathroom bathroom bathroom bathroom couch
Correct: 17 14 18 4
Correct ratio: 68% 56% 72% 16%

Figure 30 - Comparison of machine learning classifiers

5.7 Results of comparison
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From the evaluation of the classifiers based on the collected data, distinct performance

differences emerged:

5.7.1 Gaussian Naive Bayes (NB)
The Gaussian NB classifier emerged as the foremost performer in the comparison. It

demonstrated high accuracy, consistently predicting locations with remarkable precision.

5.7.2 Random Forest (RF)
Following closely was the Random Forest classifier, which also showcased commendable
accuracy in most of the measurements, solidifying its robustness in the domain of positioning

systems.

5.7.3 Support Vector Classifier (SVC)
The SVC classifier occupied the third spot, providing accurate predictions in just over half of
the measurements. While its performance was satisfactory, it lagged the Gaussian NB and

Random Forest in terms of consistent accuracy.

5.7.4 Linear Regression

The Linear Regression classifier was the least impressive among the four. Its predictions were
predominantly erroneous, accurately determining locations only 16% of the time. Such a
performance indicates potential issues with the model's adaptability to this specific problem

space or might highlight the necessity for a more feature-rich dataset.

5.7.5 Considerations for Future Improvements

The observed performance, especially of the lower-ranking classifiers, suggests that enhanced
training data could ameliorate the models' accuracy. Further research and experimentation with
a larger or more varied dataset might enable these classifiers to provide better predictions,
bridging the gap between their current output and the ground truth.
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Figure 31 - Accuracy percentage of each classifier

77



Chapter 6 - Future Work

The first prototype method was built to process raw RSSI data. However, as time progressed,
it became clear that we had to first filter and map the values to a much lower number to smooth
them out. To further pinpoint the monitored entity's whereabouts, we had originally planned to

use an algorithm using triangulation formulae.

Nonetheless, we were able to depict the graph using a kind of shortest route approach, often
known as dead reckoning, by making use of the substantially mapped and smoothed variables.
This method allows us to pinpoint the location of the beacon's closest available access point.
Second, depending on how far away it is from the beacon, we find the subsequent closest access

point, and then we plot the location.

As we went along, the prototype underwent significant changes that gave it its final form.
However, we don't have the resources to make it even more reliable, accurate, and precise.
Although the prototype exhibits accuracy and precision in good working order, there is still

much room for improvement.

6.1 Using RFID

RFID (radio-recurrence distinguishing proof), a developing positioning innovation that
considers versatility following of items or people, uses radio frequencies to remotely transmit
an item's identity (such as its serial number) and other attributes. RFID isn't suitable for
complete confinement because it only provides a limited range of about a meter, but rather for
a specific article distinguishing proof. It is useful, easy to maintain, and provides both area and
distinguishing proof.

This makes RFID-based restriction particularly suitable for following arrangements under
mechanical conditions (for example resource the executives). Due to its extremely constrained
range of less than a meter, RFID technology does not enable region-wide confinement like Wi-
Fi, WIFI Low Energy reference points, or Ultra-wideband (UWB) does. Instead, it only

facilitates local confinement.
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object identification using RFID
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Figure 32 - RFID based IPS by Insoft

In a typical RFID-based indoor positioning system, such as the infsoft Locator Node, the
foundational components comprise a reader and transponders, which can be strategically
affixed to individuals or objects. In passive RFID configurations (termed as remote-coupling),
the Locator Node acts as the primary energy source, disseminating radio-frequency energy to
proximate transponders. Upon the acquisition of identification and ancillary data from the
transponder, the Locator Node relays this information to the infsoft LocAware platform® for

subsequent processing.

6.2 Using Wi-Fi

There have been several recent proposals for WiFi-, WIFI-, and UWB-based indoor limitation
systems. An accurate situating framework may still be developed at a reasonable cost because
to the confinement and intricacy of the interior environment. This article presents a WiFi-based
positioning strategy that can improve confinement performance by removing the ToA/AcA
bottleneck. Unlike conventional methodologies, our proposed component uses the transmission
of many predefined messages while maintaining high-accuracy execution, thereby reducing the
need for high sign transfer speed and large numbers of radio wires. By demonstrating
confinement execution for various message quantities used in WiFi APs with 20/40 MHz
transfer speeds, the general architecture of the system is demonstrated. The results of our
replication show that our WiFi-based positioning method is considerably better to the typical
methods from both academia and industry in terms of the trade-off between cost and framework
complexity, achieving accuracy to within 1 m without forcing businesses to upgrade their WiFi

equipment.
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There are a lot of reasons why Wi-Fi based indoor confinement systems have become a popular
tool for indoor placement. To begin, a Wi-Fi chip is already implicitly included in almost every
modern mobile phone. Second, an indoor limitation framework that uses Wi-Fi is not only
cheap but also simple to implement. The use of Wi-Fi hotspots has become commonplace.
Third, Wi-Fi requires no specialized add-ons. The received signal strength (RSS)
measurements from a Wi-Fi tunnel may be used as a reliable indicator of the quality of an area.
Finally, Wi-Fi frameworks' transmission capacities have risen greatly to accommodate the

needs of large information rates.

\
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WIiFi  WIiFi  WIiFi

WIFi  WiFi
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SNMP !

Wireless Traceroute
Controller Server

Figure 33 - WiFi Based IPS

'

However, there are two distinct classes of Wi-Fi indoor situating techniques: area
fingerprinting and signal proliferation models. Section 1 introduces the connection between
sign spread models and the area fingerprinting technique. On a few pathways, multipath

distortion is encountered when attempting to calculate the route to the station from handheld
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devices using an indoor positioning system based on the hour of appearance (ToA) and time
contrast of appearance (TDoA). In addition to using the porta client's data, the point of
appearance (AoA) and point of flight (AoF) techniques may be employed to determine the

significance of an area.

Angle-of-Arrival (AoA) predicated systems predominantly ascertain positional data by
evaluating the distances between signals converging at disparate anchor nodes. Consequently,
both the port client and Wi-Fi gateway necessitate cognizance of the orientation of the
receiving antennae. The Round-Trip Time of Flight (RToF) metric quantifies the interval
required for a signal to traverse from its origin to its destination and reciprocally return.
Implementing such mechanisms demands meticulous planning and extended durations. The
inaugural phase in geospatial fingerprinting encompasses the compilation of a dataset,
capturing estimates of signal strengths at myriad reference points within a wireless LAN

coverage domain.

Area fingerprinting-based indoor positioning systems compare the reference data and remote
sign estimations. In any case, this technique needs an old and stable data set. Executing signal
engendering is simpler than area fingerprinting. However, multipath spread and signal
engendering are still very difficult to understand because of things like entrance mistakes
through walls and floors. To achieve a superior presentation, a novel Wi-Fi-based indoor

situating framework was proposed.

6.3 Multiple Technologies’ Beacons or Hybrid Tech

Trustworthy indoor arrangement is a critical foundation for emerging indoor region-based
organizations. Most existing indoor arranging suggestions rely upon a lone distant
development, e.g., Wi-Fi, WIFI, or RFID. A combination arranging system unites such
headways and achieves better arranging accuracy by exploiting the different limits of the
different developments. In a hybrid structure reliant upon Wi-Fi and WIFI, the past capacities
as the essential establishment to remarks finger impression-based arranging, while the last
referenced (through space of interest devices) portions the indoor space similarly as a
tremendous Wi-Fi radio aide. In this way, the Wi-Fi based online position evaluation is dealt

with in a hole and-defeat way.
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We focus on three pieces of a special creamer indoor arranging system. In any case, to try not
to huge position botches achieved by relative reference puts that are hard to remember, we plan
a sending estimation that recognizes and detaches such circumstances into different more
unassuming radio aides by passing on WIFI spaces of interest at explicit positions. Second, we
plan procedures that further foster the section trading that happens when a customer leaves the
disclosure extent of a WIFI space of interest. Third, we propose three structure options for

circumstance of the estimation obligation.

We evaluate all proposals using both entertainment and walkthrough tests in two indoor states
of different sizes. The results show that our recommendations are suite and successful in

achieving commonly astounding indoor arranging execution.

INDOOR POSITIONING WITH WI-FI, BLE
& SMARTPHONE SENSORS

Smartphone
sensors

Figure 34 - Hybrid IPS

On the other hand, there are two categories for Wi-Fi indoor situating procedures: area
fingerprinting and signal proliferation models. Ta 1 introduces an investigation of sign

proliferation models and the area fingerprinting approach.
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Within an indoor positioning paradigm predicated on the Time of Arrival (ToA) and Time
Difference of Arrival (TDoA) of a signal propagation model, one encounters multipath
distortions when gauging distances between mobile devices and the primary station,
manifesting on several trajectories [5]. Contrastingly, by harnessing signal positions accrued
from the mobile user and the Wi-Fi conduit, Angle of Arrival (AoA) and Angle of Departure
(AoD) methodologies can be employed to discern the spatial extent. It is noteworthy that a
significant proportion of AoA-oriented systems mandate a comprehensive understanding of the
antenna orientations for both the porta client and the Wi-Fi gateway. This knowledge serves as
a bedrock for approximating positions via juxtaposition of distances originating from diverse

anchor nodes.

The full circle season of flight (RToF), which measures how long it takes for a signal to go
from sender to client and back, is used to describe an area. However, some planning and time
management are needed. A database including estimations of distant signals at different
reference foci in a remote LAN inclusion zone must be built before conducting area

fingerprinting.

Area fingerprinting-based indoor positioning systems compare the reference data and remote
sign estimations. Nevertheless, this technique needs a strong information base. In contrast to
area fingerprinting, signal engendering is a simple process. However, signal engendering and
multipath proliferation are still very complicated due to things like entrance mistakes through
dividers and floors. To achieve a better presentation, a clever Wi-Fi-based indoor situating

framework was suggested.
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