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ABSTRACT

Practical Indoor Localization System Using Bluetooth Low

Energy Beacons

Santosh Subedi
Advisor: Prof. Jae—Young Pyun
Department of Information Communication Engineering

Graduate School of Chosun University

In recent time, social and commercial interest on location-based service (LBS)
is significantly increased owing to the rise in the number of smart devices and
technologies. The global navigation satellite systems (GNSS) has long been
employed for LBS to navigate and determine accurate and reliable location
information at outdoor environments. However, the GNSS signals are too weak to
penetrate buildings and unable to provide reliable indoor LBS. Hence, the
incompetence of GNSS at indoor environment invites extensive research and
development of an indoor positioning system (IPS).

Various technologies and technigues have been studied for IPS development.
The radio frequency based wireless technologies, particularly Wi—-Fi and Bluetooth
low energy (BLE) are widely used for indoor LBS. The localization techniques on
IPS are proximity, trilateration, triangulation, and fingerprinting localization. The
fingerprinting localization method is largely accepted for IPS development owing
to its good localization accuracy. The signal measurement principles like the
angle of arrival (AOA), time of arrival (TOA), time difference of arrival (TDOA),

and received signal strength (RSS) are adopted for realizing the localization
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techniques. The wireless technology, the positioning technigue, and the signal
measurement principle can vary according to the required performance metrics of
the IPS.

In this dissertation, a practical IPS is presented to solve the real issues of
conventional fingerprinting localization. The first half of the dissertation is
dedicated to IPS problems, indoor localization fundamentals, and the AP signal
characteristics and filtration. First, the hurdles behind the realization of practical
IPS is discussed with different localization technigues and signal measurement
principles. Second, the basic radio frequency (RF) based IPS technologies and
their signal measurement principles are elucidated. In addition, a brief discussion
of different positioning algorithms and the performance metrics of the IPS are
presented. Third, the dissertation presents the RSS characteristics of Wi-Fi and
BLE access points (APs) and estimates the signal propagation parameters of
both the wireless technologies in the testbed environment. Moreover, some signal
filtering methods are elaborated to smooth the time—varying and fluctuating RSS.

Although fingerprinting is widely adopted for designing indoor positioning
system (IPS), it holds significant problems. The labor—intensive and
time—consuming offline phase is the major issue in the realization of
fingerprinting localization. In addition, computational complexity can possess an
adverse effect on localization efficiency. At first, the conventional weighted
k-nearest neighbor (Wk-NN) fingerprinting localization is illustrated. Two different
improvisation techniques over the typical WK-NN fingerprinting localization are
proposed in the dissertation. The first suggested technigue combines the Wk—NN
fingerprinting with the weighted centroid (WC) localization to reduce the number
of reference points (RPs) for acceptable localization accuracy. Since the number
of RPs are reduced, it reduces the time required for acquiring fingerprinting data.
Similarly, the second approach employs multiple features to represent a
fingerprinting of an RP and utilizes clustering to reduce the computational

complexity. This approach uses the WC, a rank and signal strength of APs as

_iV_
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the fingerprint information. It uses affinity propagation clustering (APC) as a
clustering component that reduces the computational time and the localization
estimation error of the IPS.

While the probabilistic approach of fingerprinting vyields more accurate
localization result than the Wk-NN fingerprinting, it is computationally expensive.
Moreover, the time—consuming and labor—intensive offline workload intensify the
practical limits to realize a practical IPS. Hence, keeping this fact on the mind, a
machine learning approach of fingerprinting localization is suggested along with
the APC, which helps to reduce both the offline workload and online
computational cost. The proposed approach predicts the fingerprint information
at locations with no prior measurements and clusters the predicted RSS
information using Gaussian process regression (GPR) and APC, respectively.

The IPS approaches on this dissertation rely on the received signal fingerprint
of BLE beacons that is easy to acquire with the modern smartphones. It is

expected that the proposed method will be beneficial in various LBSs.

Index Terms: Affinity propagation clustering, Bluetooth low energy,
Fingerprinting localization, Gaussian process regression, Indoor positioning

system, Location based services, Weighted centroid localization
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Chapter 1

Introduction

1.1 Location-based Services

Localization is the discovery of a location of a user, which is a basic need for pervasive appli-
cations such as behavior recognition, smart medication, and smart building that require accurate
position information of the users to yield accurate and timely services. The demand for location-
based service (LBS) has gradually increased at present owing to the rapid development and pop-
ularization of smart devices and technologies. The extensively used technology for LBS is global
navigation satellite systems (GNSS). GNSS based LBS are employed in consumer products such
as vehicle navigation, navigation services on the smartphone and geotagging and in scientific ob-
servation systems such as variations in the earth’s rotation and monitoring the tectonic plates. The
global positioning system (GPS) [1], the Russian GLONASS [2], the European GALILEO [3],
and the Chinese BeiDou Satellite Navigation System [4] are some emerging GNSS. Although
GNSS-based LBS are widely used, their performance is limited to the outdoor environment only.
In addition, indoor environments are often complex owing to the presence of obstacles and envi-
ronment changes, resulting in signal fluctuation or noise. Hence, it invites extensive research on
indoor LBS with alternative wireless technology.

The indoor LBS termed as an indoor positioning system (IPS) is realized with the different sig-
nal source or access points (APs). There are two choices of signal source: either already deployed
APs like Wi-Fi and geomagnetic fields, or deploy a new signal source like Bluetooth low energy
(BLE) beacons and ultra-wideband (UWB) radio signal tags. The signal free solutions in IPS is a
dead-reckoning technique that uses off-the-shelf mobile sensors to detect position changes. Some
of the wireless signal measuring principles in IPS are received signal strength (RSS), time of ar-
rival (TOA), time difference of arrival (TDOA), and angle of arrival (AOA). RSS has been widely
used for designing IPS owing to its non-requirement of extra hardware and easy implementation.

Indoor LBS is applicable at asset management, people tracking, trade fairs and events, etc.

1.2 The IPS Problem

The GNSS requires line of sight (LOS) signal from at least four satellites to locate a receiver ac-
curately [5]. This requirement of GNSS is not favorable at the indoor environment, which triggers
a search for new techniques of IPS. As the indoor environment is complex, multipath propagation
and shadowing effect on a radio signal is common. Hence, the received signal can contain LOS

and NLOS signal components. It results in less accurate time synchronization and propagation
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time measurement, which poses a problem on IPS that relies on signal measurement principles
like TOA, TDOA, and AOA. Moreover, the RSS is also unstable owing to superimposition of mul-
tipath signals of varying phases. Meanwhile, the magnetic signal has a very limited discernibility
in addition to the requirement of proper calibration of the magnetometer in the smartphone.

Since the indoor environment is much less regular compared to outdoor environments, it is
difficult to model the indoor radio signal propagation. The indoor signal propagation model is
usually based on a propagation path and the known obstacles where minor indoor changes can
render the signal propagation model invalid. The localization methods like trilateration [6] and
weighted centroid (WC) localization [7] rely on the signal propagation model to estimate the
distance from the RSS. Moreover, these methods require precise calibration of path loss exponent
for every indoor environment. Fingerprinting localization is the most widely employed IPS that
rely on radio fingerprint to produce localization result. However, the training phase of this method
is labor-intensive and time-consuming and the time complexity of execution phase grows with
the size of the localization area. Moreover, the instability of the RSS at the indoor environment
enforces frequent update of the radio map database.

The signal free localization method relies on mobile sensors such as accelerometers, gyro-
scope, magnetometer, and barometer and can track the users by continuously estimating their
displacement from a known starting point. The necessity of known starting point and integrated
sensor readings to measure a position resulting in an unacceptable accumulated error are the

problems in dead reckoning based IPS.

1.3 Research Objective

The objective of this carried research is to develop the practical indoor localization system using
radio signals that can be employed with a smartphone, which can overcome the problems adhered

to the conventional fingerprinting localization.

1.4 Contributions of Dissertation

This dissertation aims at contributing to the field of indoor LBS. In particular, this study focuses
on the enhancement of training and execution phases of the conventional fingerprinting local-
ization to improve the performance of IPS. In this dissertation, some innovative approaches are
presented to reduce the training workload and increase positioning accuracy with reduced execu-
tion time complexity.

The first contribution of this dissertation is dedicated to improvising the conventional fin-
gerprinting localization by combining it with WC. The traditional fingerprinting localization is

time-consuming and labor work demanding to construct the radio map database. A novel method
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is presented to reduce the required number of reference points (RPs) in conventional Weighted
K-nearest neighbor (WK-NN) such that it reduces the time required for reading radio frequency
signals. In particular, the suggested method employes WC in a pipeline where first WC operation
is performed with location and distance information of APs and second WC operation is per-
formed with location and distance information of £ RPs estimated by fingerprinting localization
operated with lightly populated RPs. The experimental results show that the proposed localiza-
tion technique can reduce the required fingerprint RPs by more than 40% compared to normal
fingerprinting localization method with a similar localization estimation error.

The second contribution of this dissertation is dedicated to improvising the execution phase
of the conventional WK-NN fingerprinting localization. The time complexity of the conventional
fingerprinting or flat WK-NN fingerprinting method grows with the size of testbed or number of
RPs. A novel approach is put forward that uses multiple features to represent a radio fingerprint
and uses a clustering technique to reduce the computational time for localization. In particular, the
suggested method uses a rank vector, the WC, and the RSS of nearby APs to represent a fingerprint
and employs affinity propagation clustering (APC) to reduce the time complexity. The execution
phase contains two steps: coarse localization and fine localization. The stored WC is compared
with newly estimated WC to determine the cluster head RP in the coarse localization. Later, fine
localization is computed from the cluster member RPs using the rank vector, the RSS, and the
WC. Experimental results show that the proposed method significantly improves the performance
of the positioning system in positioning accuracy, radio-map database size, and computational
time.

The performance of probability based fingerprinting localization is better than Wk-NN fin-
gerprinting localization. However, the demand of time and effort to construct a radio map and
high time complexity of execution phase still persist. The third contribution of this dissertation
is dedicated to minimizing both the training workload and execution time complexity of prob-
ability based fingerprinting localization. In particular, the proposed method uses regression and
clustering to construct the radio map and to minimize the searching space of RPs, respectively.
This study uses Gaussian process regression (GPR) to predict the RSS at locations with no prior
measurements and the constructed radio map is further preprocessed to obtain the RSS clus-
tering information using APC. Experimental results show that the suggested probability based
fingerprinting approach can reduce the offline workload, increase localization accuracy with less

computational cost, and outperform the existing methods.

1.5 Thesis Overview

In this chapter, after an initial introduction to the LBS, the IPS problems are discussed, wherein

challenges for both the signal measurement principles and realizing IPS methods are explained.
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Then research objective is briefly summarized followed by the contributions of the dissertation.

Chapter 2 discusses the fundamentals of indoor localization including the signal measurement
principles upon which localization relies, the available technologies for indoor localization, as
well as common localization estimation algorithms. This chapter is concluded by summarizing
some common performance metrics that constitute a criterion for IPS evaluation.

Chapter 3 presents the characteristics of Wi-Fi and BLE signals that are the basis of many
radio signal based IPS. Particularly, the Wi-Fi and BLE signals are compared in terms of distance
estimation and RSS resolution and estimate their signal propagation parameter in the testbed.
Furthermore, some RSS filtration methods and the obtained results are illustrated.

In Chapter 4, the conventional WK-NN fingerprinting localization algorithm and practical
issues on realizing the method are discussed. The proposed fingerprinting methods to address the
issues in training and execution phase of the WK-NN fingerprinting localization are elaborated,
implemented, and analyzed. Additionally, APC algorithm is explained.

In Chapter 5, operating algorithm and implementation issues of probability based practical
fingerprinting localization are explained. Particularly, the regression approach using GPR is elab-
orated. The suggested IPS approach based on GPR is investigated and analyzed.

Chapter 6 concludes the thesis, outlining the lessons drawn from the study.
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Chapter 2

Indoor Localization Fundamentals

2.1 Introduction

The use of the localization system in our daily life has a long history. Various physical entities
such as cairn (human-made pile of stones), the position of stars in the sky, and the geomagnetic
field have long been used to estimate the location. With the development of techniques and tech-
nologies, the localization system has evolved a lot. For example, the ancient Greek philosopher
Thales discovered the underlying theory of triangulation [8]. Later, GPS using RF technology
achieved great success for outdoor positioning. The precise inertial measurement devices allow
missile and aircraft to localize themselves and navigate accurately.

The indoor LBS has been gaining more attention at present owing to the development of
modern smartphones and wireless technologies. Various localization estimation techniques are
available depending on the kind of technology used and measurement made. The major IPS tech-
nologies are Wi-Fi, BLE, UWB, PDR, visible light, etc. Some of the IPS algorithms are finger-
printing, trilateration, WC localization, and proximity. These technologies and techniques can be
employed to realize and IPS using the measurement quantities like time of arrival (TOA), the an-
gle of arrival (AOA), RSS, sensor readings, etc. Different techniques have their own advantages
and disadvantages.

In this chapter, the technologies for IPS are first discussed, followed by a discussion on dif-
ferent signal measurement principles or the measurement quantities. Later, some of the common
IPS algorithms are illustrated. The discussion on different performance metrics of IPS concludes

this chapter.

2.2 The Technologies for Indoor Localization

Many representative technologies have been employed to develop IPS. The technologies can be
categorized into a radio frequency (RF), light wave, acoustic wave, and mechanical as shown in

Figure 2.1.
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Figure 2.1: Categorization of major technologies used in IPS development.

RF technology such as Wi-Fi and BLE are the most used technologies in IPS development.
Similarity, magnetic field, IMU, and atmospheric pressure can be employed for IPS development.
Apart from them, light wave such as visible light and infrared, acoustic waves such as ambient
sound and ultrasound are also utilized in indoor localization. Since the thesis aims to study IPS
approaches based on BLE, an overview of the localization solutions based on some selected RF
technologies is emphasized.

The RF technology can be further categorized into broadcast wide area network (WAN), wire-
less personal area network (WPAN), and RFID/NFC. The cellular network, TV/FM radio signals,
and GPS repeaters belong to WAN family, whereas Wi-Fi, BLE, WSN, and UWB belong to
WPAN family.

2.2.1 RFID/NFC

The radio frequency identification (RFID) systems rely on two main components namely RFID
tag and RFID reader to fulfill their objective. The RFID reader wirelessly acquires the electron-
ically stored information of RFID tags. The reader contains a transceiver to transmit RF signals
and read the data emitted from the tags. The tags can be categorized as passive and active. The
passive tags get energy from incoming radio signal whereas active tags are powered by a bat-
tery. RFID systems operate in four frequency bands: low frequency (125 kHz), high frequency
(13.56 MHz), ultra-high frequency (433, 868-915 MHz), and microwave frequency (2.45 GHz,
5.8 GHz). The property of RFID to detect and recognize the nearby tag makes it enable to use for
IPS.
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Some of the RFID localization system using passive tags are [9, 10, 11, 12] where the tags are
deployed on the floor at fixed distance forming a grid and estimate localization results by detecting
multiple tags. The work in [13, 14] are based on active tags where RSS is used to estimate the
location of the user. RFID has also been combined with other technologies for IPS. For example,
[15] combines it with the ultrasonic sensor, [14, 16] combine with image sensors to detect the
location of objects.

Near Field Communication (NFC) is the short-range (5 centimeter or less) wireless communi-
cation technology. In particular, it is a specialized branch within the family of RFID technologies
(high-frequency band of RFID). Localization can be realized with NFC by deploying a number of
tags at places of interest, where a location is estimated simply by touching the tag with the NFC

equipped device [17, 18].

222 UWB

Ultra-wideband (UWB) uses very low energy for short-range and high-bandwidth communica-
tions over a large portion of the radio spectrum. In general, an emitted radio wave is considered
UWRB if its bandwidth exceeds 500 MHz or 20% of the carrier frequency. The properties of UWB
such as very less power consumption, effective penetration through dense materials, and less sen-
sitive to the multipath effect owing to a very short duration of UWB pulses makes the UWB
suitable for IPS development.

IPS based on UWB can estimate location accurately owing to the possibility of precise time
measurements of the propagation time of UWB pulses. Yanjia et al. proposed a robust method
to mitigate the path overlapping effects that induce TOA and AOA based positioning inaccuracy
[19]. Their method is based on the spectral observation of beamforming and yields the least
squares estimation of joint TOA and AOA with low computational cost. As the performance of
UWRB based IPS is deteriorated in NLOS channel, [20] proposed a method to identify NLOS by
measuring signal strengths in the first path and multi-path. RSS based UWB IPS system has also

been put forward to have accuracy between 0.1 to 0.2 meters [21].

2.2.3 WSN

Wireless sensor networks (WSN) are the group of spatially dispersed and dedicated sensor nodes
for monitoring and recording the physical conditions of the environment and organizing the col-
lected data at a central location [22]. The nodes of WSN are equipped with a processor, storage,
a power supply, a transceiver, and one or many sensors, with an actuator. WSN operates at an
unlicensed band of 2.4 GHz and it can use a number of off the shelf wireless technologies like
Bluetooth, UWB, and ZigBee where most applications use IEEE 802.15.4 and ZigBee [23].
Some of the sensor nodes in WSN called anchor node are aware of their own position in-

formation. Therefore the localization problem in WSN based IPS is to determine the location

7
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of other nodes based on location information obtained from the anchor nodes. IPS using WSN
normally consists of distance or angle estimation between nodes or their combination to produce

localization result.

224 Wi-Fi

Wi-Fi is a technology for radio wireless local area networking (WLAN) of devices based on
802.11 IEEE network standard, operating in the 2.4 and 5 GHz ISM radio bands. The devices that
can use Wi-Fi include PCs, smartphones/tablets, smart TVs, video game consoles, digital audio
players, cars, and printers. Wi-Fi is the most popular means of communicating data wirelessly
and it is increasingly deployed everywhere including home and public indoor environments. Wi-
Fi-based IPS are being intensively studied owing to the widespread deployment of Wi-Fi hot
spots.

The localization methods like proximity, fingerprinting, trilateration, and triangulation can be

realized using Wi-Fi. A basic Wi-Fi signal acquisition procedure is illustrated in Figure 2.2.

Wi-Fi module

scan
completion

return result
Register Positioning app
get scan result

Figure 2.2: Wi-Fi signal acquisition procedure in an Android Smartphone.

Here, the positioning application sends the command to start the scanning process to the
inbuilt Wi-Fi module. The Wi-Fi module starts scanning nearby Wi-Fi signals and when scanning
is finished, it stores it in the cache. Moreover, it also sends the scan completion message to the
operating system (OS). Later, the OS informs the positioning application about scan completion.

The positioning application then sends a command to get the scanned results stored in the cache.

2.2.5 BLE

Bluetooth low energy (BLE) was released as Bluetooth version 4.0 in June 2010. The BLE is
designed for devices that do not require large amounts of data transfer and is intended for short-
range wireless transmission with low power consumption and cost [24, 25]. It is reported that
the power draw of the smartphone is lower for BLE than for Wi-Fi [26]. Similar to Wi-Fi, BLE
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operates at an ISM band of 2.4 GHz. The frequency band is divided into 40 channels spaced at
2 MHz apart, among which the three channels are used for broadcasting advertisement packets.
It is noteworthy that the three advertising channels are strategically placed to avoid interference
with coexisting technologies such as IEEE 802.11 and ZigBee [27].

Similar to Wi-Fi, the localization methods like proximity, trilateration, and fingerprinting can
be realized using BLE. The tag device can estimate the RSS from a nearby BLE beacon by
intercepting the advertisement packets transmitted by the beacons. A brief illustration of the BLE

signal scanning process is given in Figure 2.3.

Central (Tag device) Peripheral (BLE)

Scan Advertisement é =
windowI Sclan I§ <
Advertisement g E
Scan <
in?gf\;]al Advertisement
Sc '

Initiate connection

Figure 2.3: BLE signal scanning process..

As shown in Figure 2.3 , the tag device scans for advertisement packets transmitted by the
BLE beacons. The advertisement interval can range from (100 to 2000) milliseconds. The typical
advertisement interval of BLE beacons used in IPS is 300 milliseconds by considering the normal
walking speed (1.3 m/s). Moreover, the scan interval also can be set in the positioning application.
A typical value of scan interval is 1000 millisecond (1 sec) to produce positioning result at every

second.

2.3 Signal Measurement Principles

2.3.1 RSS

The received signal strength (RSS) is a measurement of power present in a received radio signal.
The RSS value is measured in decibel-milliwatt (dBm) and has a typical negative value ranging
between nearly 0 dBm (excellent signal) to less than -100 dBm (poor signal). As the distance
between the transmitter and receiver increases, the RSS gets attenuated owing to many factors in-
cluding the antenna of transmitting and receiving devices, number of walls and floors, the number

of people and furniture, etc. Note that the RSS does not decrease linearly as the distance increases
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[28].

RSS modeling is usually done by the combined effects of large-scale fading and small-scale
fading [29]. The large-scale fading component depicts the signal attenuation as the signal travels
over a distance and is absorbed by objects such as walls and floors along the way to the smart-
phone. This fading component predicts the mean of the RSS and usually has a log-normal distri-
bution [30]. Similarly, the small-scale fading describes the fluctuation of signal due to multipath
fading. For the NLOS component, the small-scale fading is modeled with a Rayleigh distribu-
tion whereas, for LOS component, it is modeled by Rician distribution. In IPS, the fluctuating
RSS are filtered using many approaches such as Gaussian filter [31], moving average filter, and

exponential averaging [32].

232 TOA

The time of arrival (TOA) is the travel time or time of flight of a radio signal from a transmitter
to a receiver. As the signal travels with a known velocity, the distance can be directly calculated

from the TOA. Figure 2.4 illustrates a TOA measurement based localization system.

AP,
(X2,y2)
>~ - - N dl d
X , <1 -
(x1.y1) = PPy X
(xm,ym)t@\
g !
1ds
|
1
,l
| AP;
(X3,y3)

Figure 2.4: Localization based on TOA measurement.

Let ¢ be the speed of light, then the distance between i AP and the tag device can be esti-

mated by the following relation:

10
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di = (tl — to) X c (21)

where ¢y and ¢; are the time instant of signal transmission and signal reception respectively, and
¢ = 3 x 108 m/s. The TOA technique require preciese time synchronization for transmitters
and receivers. The estimated distance can be utilized for trilateration algorithm to estimate user
location. TOA has been used with various wireless technologies like UWB [33] and Wi-Fi [34].

2.3.3 TDOA

For time difference of arrival (TDOA) measurement, the difference in arrival time from multiple
APs is employed. In TDOA based localization, the distance difference between the tag device and

APs is calculated based on time difference measurements as shown in the following Figure 2.5.

(X2,¥2)
. AP,

—————— N\ d
AP, : dy | (Xm:Ym)
(XY h," ~~~~~~~~~~~~~~~~~~~~~ ds
Tl AP,

(X3,Y3)

Figure 2.5: Localization based on TDOA measurement.

Here, the difference of distance to APs and to the AP where the signal first arrives is:

dij = (t; —tj)c = \/(:ci — )+ (i —ym)” — \/(:cj )+ (g —um)” 22

where t; and ¢; are the time instant of signal reception from AP ¢ and j, respectively. Geometri-
cally, with a given TDOA measurement, the tag device must lie on a hyperboloid with a constant
range difference between the two APs. Apart from TOA, TDOA needs time synchronization of
APs only.

11
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234 AOA

The angle of arrival (AOA) measurement determines the direction of propagation of a radio wave
incident on an antenna array. AOA determines the direction by measuring the TDOA at individual
elements of the antenna array. AOA-based localization system estimates the location of the tag
device as the intersection point of pairs of hypothetical signal paths particular angles as shown in

the following Figure 2.6

(Xm,Ym)

Figure 2.6: Localization based on AOA measurement.

At 2D plane, the AOA approach requires only two APs. In AOA-based IPS, time synchro-
nization between the APs and the tag device is not required. However, it may require relatively

complex hardware to obtain angle measurement.

2.4 Algorithms for IPS

Localization estimation at indoor is determined by employing different signal measurement prin-
ciples to measure the physical quantities that change accordingly to changes in the position of the
tag device. Different localization algorithms can be implemented depending on different localiza-
tion technologies and signal measurement principles. The main localization algorithm for IPS is

categorized in Figure 2.7.

12
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Figure 2.7: Categorization of the main algorithms used in IPS development.

All the above-categorized algo

rithms have their own advantages and disadvantages, among

them fingerprinting has been widely used due to its high localization accuracy.

2.4.1 Proximity

The word proximity is defined as nearness in space, time or relationship. As the definition sug-
gests, proximity in IPS provides symbolic location information if an object is present within the

vicinity of an AP where the vicinity is determined by the received signal strength. A proximity-

based IPS is illustrated in Figure 2.

8.

4
=

“ Y

o]

Beacon——> []:

S
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Figure 2.8: Variation on number of iterations with respect to the damping factor.

In proximity based IPS, when an AP is detected by a tag device, the tag’s position is associated
with the AP’s location. In this scenario, when the tag device detects more than one APs in its
vicinity, the tag device’s location can be referred to the real location of the AP having the strongest

signal. The proximity-based IPS is the simplest among all the algorithms and it is very easy to
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implement. However, for better localization accuracy or high resolution, a dense deployment of
APs is mandatory. Generally, the IPS using wireless technologies like WSN, BLE [35, 36], RFID
[37], and NFC [17] is employed for proximity-based IPS development.

2.4.2 Lateral/Angular

The lateral technique estimates the position of a tag device by measuring the distances from mul-
tiple APs. The distance can be obtained from signal measuring principles like RSS, TOA, and
TDOA. Similarly, the angulation technique estimates the location of the tag device by comput-
ing angles relative to multiple APs using AOA. WC localization and trilateration are the lateral

methods whereas triangulation is the angulation method.

WC Localization

In proximity based IPS, when the tag device detects multiple APs in its vicinity, the location can
be estimated as a centroid of the real location of the detected APs. Furthermore, certain weight
can be assigned to each detected AP based on their signal strength to estimate a weighted centroid.

The simplest WC localization equation is defined by following set of equations:

D1 T X wj

€T =
“ Z;:l W
u
Ly X w;
o = T X @3
Zj:l wj
1

J

where (2, ¥.) is the estimated WC, (z;,y;) is the previously known AP coordinate, d; is the
estimated distance between the tag device and j*"* AP, g is the degree of weight, and u is the total
number of APs considered for WC localization.

Figure 2.9 illustrates the WC localization procedure. The WC localization has the following

characteristics:
1. The estimated location is confined inside the APs real location only.

2. The estimated location is dragged towards the nearest AP (BLE beacon) owing to its largest

weight.

14

Collection @ chosun



AP,
(X1,y1)

d
W= l/dlg AP2

PR T
- Wyo= 1/dzg
(oY)
ds
W3= 1/d39

(X3,y3)
Al

Ps

Figure 2.9: Procedure for estimating WC localization at a tag device.

The degree of weight (g) can be adjusted as per the distance between the deployed APs. A
large value of g drives the WC location very close to the real location of the AP with the strongest

signal, whereas a very low value (close to zero) yields a geometrical centroid among the u APs.

Trilateration

Trilateration is based on measured distances between a tag device and a number of APs with their
known real location coordinates. Given the distance to an AP, it is known that the tag device must
be along the circumference of a circle centered at the AP and radius equal to the tag-AP distance.
For a 2D localization, at least three non-collinear APs are needed whereas, for 3D localization,
at least four non-coplanar APs are required to perform trilateration operation. The AP (beacon)

deployment scenario for 2D trilateration localization is shown in Figure 2.10.
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Figure 2.10: AP deployment for trilateration localization where the black dot represents a tag

device.

Let us consider B APs with their real location coordinate z; = (z;,y; ) (¢ = 1,2, ..

..B) and

unknown location of the tag device be x = (z, y). The distances between the tag device and the

APsisd; (1 =1,2,..., B). The relationship between APs/tag positions and their distances in 2D

can be written as:

(z1 —2)* + (y1 — y)? di
(2 =)+ (g2 —9)? | | d3
(zp — )+ (yp — y)? d%

Equation (2.4) can be represented as Ax = b where A and b are defined as:

2(rp — 1) 2(y — 1)

A 2(zp .— T2) 2(ym .— Y2)

2(xp —xp-1) 2(yB — y371)

di —dp —at —yi + 2% +yj
dy — dy — 23— y3 + 2% +yh

d23—1 - d2B - x23_1 - 9128—1 + sz + 9128
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The location of the tag device can be estimated based on the least squares system using x =
(AT A)~1 AT,

Triangulation

In contrast to trilateration, triangulation uses angle measurements in addition to distance measure-
ments to estimate the position of the tag device. Two angles and one length are required for a 2D
localization. Particularly, triangulation utilizes the geometric properties of triangles to estimate

the tag location. A simple illustration of triangulation is shown in Figure 2.11.

(Xl&l) Known length (Xz|3/z)

Figure 2.11: AP deployment for triangulation localization where the black dot represents a tag

device.

Given the known length between the APs (known location coordinates of the APs) and after

estimating the AOA, the location of the tag device can be estimated as follows:

y2 — y1 — tan(61)(x2 — 1)
cos(02)tan(6r) — sin(f2)
2 — 41 — tan(61)(zz — 71)
cos(ba)tan(0y) — sin(f2)

x = x2 + cos(6s)
2.7)

y = yo + sin(03) 2

2.4.3 Fingerprinting

Fingerprinting is also called scene analysis where signal strength at RPs are measured and stored
in the database along with the location of the coordinate of the RPs. For localization, new signal
strength is measured and compared with the saved ones to estimate a location. Hence, a finger-
printing localization has two phases of operations as illustrated by Figure 2.12.

Fingerprinting is the most widely used indoor localization method due to its good localization
accuracy and non-requirement of LOS measurements of APs. The technologies like Wi-Fi, BLE,
and geomagnetic field can be used to realize the fingerprinting localization. Although fingerprint-

ing localization has good localization accuracy, it comes with time-consuming and labor-intensive
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Figure 2.12: The working procedure of fingerprinting localization. (a) Offline phase. (b) Online
phase.
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offline phase. Fingerprinting localization can be categorized as deterministic and probabilistic.
The former approach implements fingerprinting data comparison algorithms to find the estimated
position, whereas the latter approach yields localization information by estimating a probability

distribution over the RPs.

2.4.4 Dead-reckoning

In dead reckoning positioning, localization is estimated based on the last estimated position that is
updated by a displacement determined from velocity and heading direction over an elapsed time
step. The speed is computed based on accelerometer readings and orientation is determined by
the magnetic field and gyroscope measurements.

An illustration of basic dead-reckoning based IPS is shown in Figure 2.13. The time integral
of the accelerometer reading yields a continuous estimate of the instantaneous speed of the tag
device if the initial speed is known. The displacement with respect to a starting point can be

obtained with a second integration as [38]:

B(t) = /0 ' d)d(r) = /0 t /O G ddr, 2.8)

where p(t) is the displacement vector, ¢(T) is the instantaneous speed, and a@(x) is the acceleration
from the sensor reading. Similarly, the heading can be obtained by integrating the gyroscope

sensor reading as:

o(t) = /0 w(t)dr, 2.9)

where 6(t) is the angle of rotation with respect to the previous azimuth angle and w(t) is the

angular velocity obtained from the sensor reading.
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Figure 2.13: Location estimation based on sensor dead reckoning where the blue dot represents

the initial point.

In addition, the magnetic field gives an absolute angle value between the tag device heading
and the geomagnetic north pole. The gyroscope readings are very sensitive and suffer from severe
error accumulation owing to integrating angular velocity over a long time. Since the magnetic
field orientation is robust over time but susceptible to interference, the magnetic and gyroscope
readings are combined using complementary filters to generate a more accurate azimuth angle

estimation.

2.5 The Performance Metrics

Since there are different technologies and methods to realize an IPS, the most important perfor-
mance metric is the localization accuracy. In addition to localization accuracy, other performance

indicators of an IPS are complexity, scalability/ robustness, and cost.

2.5.1 Accuracy and Precision

The localization accuracy can be defined as a difference between an estimated location and the
true location of the tag device. Similarly, the precision indicates the degree to which repeated
location estimates produce identical results under the unchanged conditions.

Usually, the mean squared error (MSE) is used as the accuracy indicator. Indoor environments
are often complex due to the presence of different obstacles and environmental changes, resulting

in signal fluctuation. In the meantime, high localization accuracy (meter level) is often expected
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for adequate location-based service. The localization accuracy of the IPS depends on the used
technology and techniques.

The precision yields information like how convergent the localization result can be over many
trials or how consistently the system works. The cumulative distribution function (CDF) is used
as a precision indicator. The CDF represents the distribution of the distance error between the
estimated location and the true location of the tag device. The MSE as well CDF should be

exploited while comparing two or more localization algorithms.

2.5.2 Complexity

For an IPS, its complexity can be categorized in terms of hardware and software. The adopted
technology and the signal measurement principle for the IPS accounts for hardware complexity.
For example, technologies like Wi-Fi, BLE, and geomagnetic filed is supported by most of the
present-day smartphones. However, standard mobile devices do not support technologies like
UWB and ultrasound and the IPS using such technologies should use a dedicated system that
requires proprietary equipment. Moreover, geomagnetic based IPS can produce localization result
without deploying any hardware however, Wi-Fi and BLE need to be deployed.

As for the chosen signal measurement principle, obtaining RSS from Wi-Fi and BLE are
relatively easy with standard mobile phone owing to the fact that such devices typically need to
scan RSS for their routine functioning. However, it is not easy to obtain accurate time and angle
measurements that increase the complexity of the IPS.

Regarding the software, complexity depends on the computation load represented by the cal-
culations required to perform localization. In a server-based IPS, the execution of the localiza-
tion algorithm is carried out on a centralized server where the positioning could be calculated
quickly owing to its powerful processing capability and abundant power supply. However, if the
positioning algorithm is executed in the tag device, it may increase the complexity. Moreover, the
complexity concerned with the software also depends on the technique used for IPS development.
For example, the fingerprinting localization has larger complexity and it grows as the localization

environment increases. Here, the complexity can be minimized using clustering.

2.5.3 Scalability and Robustness

Scalability in IPS refers to the ability of the localization system to perform well even when any
change on the area of interest for localization and/or on signal source occurs. The changes can be
an extension of the localization area and/or extension of signal coverage. If an IPS need not be
taken down in such a scenario, it is considered as good scalability. For example, when any IPS
is constructed, it provides services in a limited area of interest and an increase in the localization

area might be needed in some future time. In addition, in some cases, the transmitting power and
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signal-broadcasting rate can be increased for good signal coverage. In such situations, the posi-
tioning techniques like proximity, WCL, and trilateration are easy to expand by simply adding the
identical signal sources and updating the system with the location coordinate information of the
added hardware. However, the fingerprinting based system needs an offline site survey for every
change in the localization area or signal source. When the localization area is expanded, the radio
map for the extended area needs to be freshly constructed. Moreover, when the transmitting power
at the APs or signal broadcasting rate (e.g. advertisement packet broadcasting interval in BLE)
is changed, a new site survey for the whole localization area is required. Hence, fingerprinting
localization has relatively low scalability.

Robustness is also an important factor in IPS that allows the system to function normally
without human intervention when the localization environment changes. For example, some sig-
nal sources could be out of service occasionally or testbed layout changes could cause some signal
to no longer support LOS propagation. In this scenario, the IPS has to provide localization service
with incomplete or noisy information (RSS fluctuation). The robustness can be gained by intro-
ducing redundant information into a localization estimation. For example, rather than using the
only three APs for trilateration, an IPS can include many supplementary APs to make the system
more robust. Moreover, for fingerprinting based IPS can adopt a larger set of RSS samples to

increase robustness.

2.5.4 Cost

The cost factor in IPS represents not only the infrastructure cost but also the time and effort for
system installation and maintenance procedures. Particularly, the cost depends on factors like the
size of the localization area, the required accuracy, the used technology, power consumption, etc.
The IPS system such as PDR, geomagnetic-based, and barometer-based can be realized with the
smartphone only and do not need any additional infrastructure. Some signal sources like Wi-Fi
and BLE require APs deployment however; Wi-Fi is already deployed for other purposes. Hence,
if the IPS is based on without any additional infrastructure or on existing infrastructure, the cost
can be substantially saved.

Moreover, if an IPS is robust and scalable, saving in time and labor is possible, which helps to
reduce the cost of the system. In addition, an increase in localization space requires the deploy-
ment of more APs in localization technique like proximity. Power consumption at both the AP and
the tag device is also a critical cost issue. For example, BLE consumes less power compared to
Wi-Fi where BLE operates with a coin-shaped battery but Wi-Fi needs to be plugged into mains.
Furthermore, when the localization operation is carried out on the server side, the power con-
sumption of the tag device can be reduced. Lastly, the location update rates, signal broadcasting

rate, and the desired system accuracy can also affect power consumption.
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2.6 Concluding Remarks

This chapter reviews the fundamental aspects of IPS development. Particularly, the radio fre-
quency based wireless technologies are emphasized and the signal measurement principles are
elaborated. The basic algorithms in IPS are discussed along with the performance metrics of the
IPS techniques.

Various technologies have been thoroughly investigated to develop IPS. The RF technolo-
gies mainly Wi-Fi and BLE are thriving well in IPS study due to their characteristics like signal
penetration, power consumption, localization accuracy, convenient deployment of APs, and com-
patible with modern smartphones.

The RSS is widely adopted while developing IPS owing to ease of its measurement and non-
requirement of extra hardware. RSS information can be used as radio signature in fingerprinting
localization whereas it can be converted to distance for lateral-based localizations. Fingerprint-
ing is the most extensively used localization technique owing to its good localization estimation
accuracy. However, it has drawbacks like tedious and time-consuming radio-map construction

phase.
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Chapter 3
AP Signal Characteristics and

Filtration

3.1 Introduction

In this chapter, characteristics of received signal strength (RSS) values of BLE beacons are in-
vestigated that are reported by the smartphone tag device. As Wi-Fi is also used widely for IPS
development, we compare the characteristics of RSS from Wi-Fi and BLE. At first, the properties
of RSS values from Wi-Fi and BLE APs are analyzed. This analysis of the RSS values is required
to understand the underlying features of RSS patterns. Wi-Fi and BLE are compared in terms of
IPS development. Second, different RSS filtration or smoothing techniques used for IPS devel-
opment are presented. RSS smoothing helps to minimize the localization error induced by RSS

fluctuations.

3.2 RSS characteristics

Since RSS is used as a signal measurement principle in this thesis, the signal characteristics of
BLE are estimated through real field deployments. Moreover, Wi-Fi has been the competitor wire-
less technology of BLE in IPS development. Hence, the RSS from BLE and Wi-Fi are compared
in an identical environment and the obtained results are analyzed.

A BLE beacon was deployed together along with the Wi-Fi AP where a Wi-Fi extender was
used in AP mode as shown in Figure 3.1. The advertising interval of the BLE beacon was set
to 300 ms and the transmitting power as +4 dBm. At first, the streaming RSS data are recorded
from BLE and Wi-Fi APs in the corridor (2.6 meters wide). Note that a Wi-Fi module takes 3 — 4
seconds to process the start scan command from the positioning application to acquire new scan
results [39]. The acquired RSS data from the APs by placing the tag device at a fixed position is

presented in Figure 3.2.
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Figure 3.1: Pictorial representation of the APs (Wi-Fi and BLE).
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Figure 3.2: Detected RSS sequences from BLE and Wi-Fi at a specific sampling point on the
testbed.

As seen in Figure 3.2, sixty RSS data were acquired in one minute (one sample per second)
from the BLE beacon, whereas only 17 RSS data were acquired from the Wi-Fi AP for same
time duration. In practice, repeated RSS data are acquired until new scan results are produced to
perform sampling per second in Wi-Fi AP. In such a case, subsequent filtering must be performed
on the obtained Wi-Fi data to remove the erroneous statistical analysis. Introduction of filtering

also helps to remove the spikes of BLE data to produce smooth RSS. Different RSS filtering
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approaches will be discussed in the next section of this chapter.

As it has been mentioned earlier that RSS fluctuates with time owing to the complex indoor
environment, more RSS samples are further acquired from the BLE and Wi-Fi APs to analyze the
distribution behavior of RSS. The plot of RSS samples and the resultant probability density plot
are shown in Figure 3.3 and 3.4 respectively for BLE and Wi-Fi.
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Figure 3.3: Distribution of Wi-Fi RSS at a certain point. (a) Fluctuation of RSS values. (b) Prob-

ability density function.
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Figure 3.4: Distribution of BLE RSS at a certain point. (a) Fluctuation of RSS values. (b) Proba-
bility density function.

From Figure 3.3 and 3.4, it is seen that RSS fluctuates a lot even at a fixed point in the indoor
environment. Moreover, it is also seen that the statistical distribution of RSS at a particular point
can be thought of as a Gaussian distribution [31, 40]. Hence, the Gaussian filter can be employed
for estimating the value of RSS in IPS.

Furthermore, the fingerprinting localization needs a spatially diverse radio signature data. In
other words, the RSS from an AP should change notably with a change in distance or should have
a good resolution. To examine this property of RSS, the average RSS from BLE and Wi-Fi were

acquired at different distances from the fixed APs. The obtained result is presented in Figure 3.5.
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Figure 3.5: Estimated average RSS data from Wi-Fi and BLE at various distances.

Here, the range of average RSS data from Wi-Fi is —36.0 dBm to —53.2 dBm for one to
fifteen meters distance. Similarly, from BLE the average RSS data ranges from —69.51 dBm to
—85.24 dBm for the same distance. It shows that the resolution of BLE is better than Wi-Fi for
indoor environment however, the transmission range of Wi-Fi is a lot more compared to BLE.

Finally, the distance from received RSS at the tag device is estimated. Note that accurate
distance estimation is crucial in lateral based localization systems such as trilateration. A well-
known log-distance path loss model for indoor radio signal propagation is used to convert the
received RSS data into the distance given as [41, 42, 43]:

d
P.(d) =A—10 xn x logm(%) + Xo, 3.1)

where P, (d) is the received RSS in dBm at distance d, A is the received RSS at a standard distance
dy (defined as 1 meter), n is the path loss exponent, and . is zero mean Gaussian-distribution
random variable with variance ¢2. From (3.1), we can derive:

A—Pr(d)

d=dy x 10" 10%n (3.2)

In (3.2), A and n need to be calibrated for every signal attenuation environment before con-
verting the RSS to distance. The APs (Wi-Fi and BLE as shown in Figure 3.1) were placed at
the center of testbed and average RSS data (35 time samples at each data-sampling place) were
recorded for each AP at a distance (APs to the tag device) of one meter in eight directions (45°
apart). The observed data is presented in Table 3.1.

28
Collection @ chosun



Table 3.1: Wi-Fi and BLE RSS estimation at unit distance.

Directions | Wi-Fi [-dBm] | BLE [-dBm]

0° -36.92 -73.61
45° -44.1 -69.60
90° -34.64 -63.90
135° -31.64 -68.93
180° -36.09 -64.10
225° -353 -67.36
270° -38.7 -67.47
315° -41.0 -74.93

Similarly, n was estimated at various distances (2 to 25 meters) from the APs on the testbed

as shown in Table 3.2. The final value of A and n were calibrated using linear regression [44].

Table 3.2: Path loss exponent estimation.

Distance [m] | Wi-Fi | BLE
2 1.32 1.77
4 1.51 2.20
7 1.23 1.53
9 1.29 1.28
12 1.12 1.18
14 1.71 1.23
15 1.20 | 1.04
17 1.40 1.38
20 1.36 1.36
27 1.43 1.35

The final calibrated values of A and n were (—36.02,1.32) and (—66.42, 1.785) for Wi-Fi
and BLE, respectively. Note that, n was estimated using (3.1) and calibrated value of A.

After calibrating A and n on the testbed, the distance was estimated employing RSS from
Wi-Fi and BLE APs. In IPS, a reliable distance estimation is performed by utilizing the latest set
of RSS reception using filtration (generally averaging or low pass filter). In addition, the filtration
can be done in two ways: RSS domain and distance domain. The latest set of acquired RSS
data is averaged and converted to distance in RSS domain whereas each received RSS sample is
converted to corresponding distance and the set of estimated distance samples are averaged in the

distance domain. Note that due to the non-linear relation of distance with RSS, averaging the RSS
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and converting it to distance can add some error to the distance estimation.

The estimated distances (distance domain) along with the respective real-distance is presented

in Figure 3.6. Here, a set of 35 RSS samples was recorded at every measurement place. The

average error of distance estimation for Wi-Fi and BLE are 1.765m and 1.7005m, respectively.
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Figure 3.6: Estimated distance from acquired RSS data from Wi-Fi and BLE at various distances

in the testbed.

Table 3.3 summarizes the Wi-Fi and BLE technologies in terms of IPS development.

Collection @ chosun

30



Table 3.3: Comparison of Wi-Fi and BLE technology in terms of IPS.

Parameters Wi-Fi BLE
Deployment
ploy Low High
cost
AP reliability | Not-dedicated to IPS Dedicated to IPS
. RSS sample
Hardware Requires >=3 seconds .
. acquired every
efficiency to scan new RSS data
second
AP
differentiating | SSID, BSSID (MAC) UUID, MAC
parameters
Transmission )
High (~50 meters) Low (~30 meters)
range
Power .
) High Low
consumption
Three independent Three
Channel
o channels at most advertisement
availability
(2.4 GHz band) [39] channels [45]
Immediate, Near,
o Normally final
Proximity ) T and Far
) location estimation is o
detection . proximity
available .
available

3.3 RSS Filtration

It is seen from Figure 3.2, 3.3, and 3.4 that RSS fluctuates over time even in a fixed indoor en-
vironment. This instability of RSS results in increased localization estimation error. The reasons
behind RSS exhibiting such high variability in space and time are various noise factors, interfer-
ences, and attenuation. Hence, irrespective to the technique used for localization, RSS filtration
or smoothing is required to minimize the localization estimation error. Some of the RSS filtering
techniques are averaging/ moving average filter, Kalman filter [46, 47, 48], Gaussian filter, and

exponential averaging.

3.3.1 Averaging/Moving Average Filter

The time average of RSS data is generally considered for the stability of randomly fluctuating

RSS data in IPS development. By intuition, the averaging operation can also be seen as a low pass
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filter where it tries to minimize the rapid changes or fluctuation on RSS values. The averaging
filter is mostly used in training phase of the fingerprinting localization where at a certain RP,
the time average of many RSS samples from an AP is considered the radio signature of that RP.
For example, if a testbed is divided into N uniform girds, the RSS data of B APs are acquired
at 7" RP (r € {1,2,...,N}) q times, i.e., AP, = {ap,1,apr2,......,ap, B }, where ap,; =
Avg (ap;i7 apil-, ...... ,ap; i).

In moving average (MA) filter, a set of last RSS samples are averaged to get a smooth RSS
value. Here, the set is determined by a window size that moves along with the new sample of RSS
data acquisition. The moving average filter is generally used in the testing phase of fingerprinting
localization and lateral-based localization methods. The moving average filter can be further up-
graded to a weighted moving average (WMA) filter where the elements of the sets are assigned a
certain weight. The performance of MA and WMA in the testbed environment is compared. The

weighting factors and the windows sizes are listed in Table 3.4.

Table 3.4: Weighting factors and window sizes for the experiment.

Window size | Set of weighting factors
4 [0.4,0.3,0.2,0.1]
5 [0.3,0.2,0.2,0.2,0.1]

MA and WMA were used to measure 100 samples of smoothed values at the hallways and
the computer lab. For the experiment, the tag device was held at a fixed distance to the AP. The
standard deviation (SD) of filtered RSS samples were calculated as a measure of smoothness of
the filters used. The observed values are presented in Table 3.5 where (W)MA-4 and (W)MA-5
denote the (W)MA filters with windows sizes of 4 and 5, respectively.

Table 3.5: Standard deviations of RSS samples from various filters in different testbeds.

Filters | Computer lab | Corridor
Raw RSS| 3.025214 1.710898
MA-4 2.335847 1.307184
MA-5 2.245309 1.248511
WMA-4 2.428521 1.397725
WMA-5 2.2891 1.314257

As seen in Table 3.5, a smooth result is delivered by the (W)MA filter with a window size of
5. The smoothness can further increase with an increase in the size of window size, however, it
will be less responsive towards the recent RSS observation.

Figure 3.7 shows the graphical representation of the observed RSS with the (W)MA filters. It
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can be observed in Figure 3.7 that the smoothing operation has reduced the spikes of raw RSS.
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Figure 3.7: The plot of smoothed RSS from (W) MA filters in different testbeds. (a) Computer
lab. (b) Corridor.
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3.3.2 Kalman Filter

A Kalman filter uses a series of measurements observed over time that contains statistical noise
to produce estimates of unknown variables that tend to more accurate than those based on single
measurement. The regular Kalman filter has been employed to filter the noisy RSS data in the
variously published literature [49, 50]. Since the Kalman filter is designed for a linear system, the

tag device is assumed static to simplify the filter. A simplified Kalman filter equation is shown as:

e Time update equations:

iy =3 (3.3)
P]; =P, 1+Q (3.4)
e Measurement update equations:
by
k= 7= (3.5)
P +R
&y =&, + Kp(Zp — &) (3.6)
Po=(1- Kp)P, (3.7)

Here, &, is priori estimate and £,_, is posteriori state estimate. Similarly, () is process vari-
ance, I is the measurement variance, and P, and P are priori and posteriori error variances. Ky,
is Kalman gain at time instant k& and Z, is the observed raw RSS.

A very small value is set to ) as 0.000001 whereas R and P are set as 0.1 and 0.001, respec-

tively. The observed filtered result is presented in Figure 3.8.
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Figure 3.8: The plot of smoothed RSS from Kalman filter in different testbeds. (a) Computer lab.
(b) Corridor.

3.3.3 Gaussian Filter

As seen in Figure 3.3 and 3.4, the statistical distribution of RSS can be thought of as a Gaussian
distribution. Therefore, as the Gaussian distribution can represent the randomness of RSS in a real
environment, Gaussian filter can be employed for estimating the value of RSS while constructing

the radio map in fingerprinting localization.
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The probability density function is formulated as:

f(RSS) = o~ (3.8)

= e o .

oV 2
where p and o2 are mean and variance of the Gaussian filter given as:
1
p= DRSS, (3.9)
n=1
1 N
2 2

= — RSS, — 3.10
0* =1 2::1 ( M) (3.10)

Particularly, the centralized RSS values that lie in the effective range of 4 — ¢ and p 4 o are
accepted as useful RSS data. The effective range consists of 68.20% of the total data, which is

then averaged to get a estimated RSS value.

3.3.4 Exponential averaging (EA) filter

The exponential averaging can be termed as a formalization of the simple learning process as it
yields the smoothed RSS as soon as two observations are available [32]. In general, EA filter can
be used in the testing phase of fingerprinting localization or in lateral-based localization methods.

The EA for an RSS data sample at an instant ¢ (RSSE4,) is given by the following relation:

RSSpa, = B x RSS,+ (1 — B) x RSSpa,_,, (3.11)

where ( is the smoothing factor whose value ranges from 0 < § < 1. Here, the larger value of 3
reduces the level of smoothing, whereas its value close to zero has greater smoothing effect that
is less responsive towards the recent RSS observations. Note that a moving average filter hold
for window-sized RSS observation whereas EA produces smoothing result with only the first two
RSS observations. Figure 3.9 illustrates the effectiveness of EA (with 5 = 0.5 to give equal

preference to previous and current RSS samples) filter compared to the raw RSS.
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Figure 3.9: The plot of smoothed RSS from EA filter in different testbeds. (a) Computer lab. (b)

Corridor.

As seen in Figure 3.9, the use of EA filter helps to reduce the sudden changes of raw RSS

value.
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3.4 Concluding Remarks

This chapter focuses on RSS data acquisition and estimation. Particularly, Wi-Fi and BLE signals
are used to understand the RSS characteristics. The statistical distribution of RSS data from Wi-Fi
and BLE suggests that RSS follows a Gaussian distribution. The parameters of the log-distance
path loss model for the indoor environment are calibrated for both the wireless technologies.

For RSS estimation, different RSS filtering algorithms are introduced where observed RSS
estimation result of BLE signal is reported. The filtering techniques like an averaging filter and
Gaussian filter can be employed in the training or offline phase of the fingerprinting localization.
Similarly, Kalman filter, EA filter, and moving average filter can be utilized for both the test phase

of fingerprinting localization and lateral-based localization techniques.
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Chapter 4
Improvisation Over Conventional

Fingerprinting Localization

In this chapter, two different novel fingerprinting approaches are proposed to improvise the con-
ventional fingerprinting localization. Particularly, the suggested approaches address the issues in
the offline and online phase of weighted k-nearest neighbor (Wk-NN) fingerprinting localization.
The first method helps to minimize the offline workload of Wk-NN fingerprinting localization by
combining it with WC localization. The next suggested method makes use of diverse fingerprint-
ing features and clustering to increase localization estimation accuracy and to reduce computa-
tional cost. The experimental results obtained by real field deployment are presented to show the

superiority of the proposed methods over the conventional counterpart.

4.1 Process Flow of WKk-NN Fingerprinting Localization

The Wk-NN fingerprinting is the deterministic-based fingerprinting localization method and has
two phases of operation. The first is the training or offline phase where radio map is constructed
whereas the second is the testing or the online localization phase. In Wk-NN, k& RPs are selected
based on the similarity of their fingerprints with the measured RSS [51]. The location is then
estimated as a weighted sum of the real locations of the £ RPs. A basic process flow of Wk-NN

is illustrated in Figure 4.1.
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Figure 4.1: Process flow of Wk-NN fingerprinting localization.

4.1.1 Offline or Training Phase

The offline phase is designed for RSS acquisition at each RPs across the testbed. At this stage,
RSS from all the APs is collected at each RP and stored in the database for future reference.
The offline phase is illustrated on the left side of Figure 4.1. In particular, the database contains
coordinates of the RPs and the average RSS from each AP that is measured individually at all
RPs. At an RP, RSS can be collected in four directions (0°, 90°, 180°, 270°) for better localization

accuracy as shown in Figure 4.2.
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Figure 4.2: The offline phase of fingerprinting localization. The green dots are the reference

points, RS.S, represents RSS value at 0° to the base direction.

4.1.2 Online or Execution Phase

On online or execution phase of typical fingerprinting localization, the observed RSS is compared
against the stored one in the database, and then the coordinate with the closest match is considered
as the estimated tag device location. However, in Wk-NN, nearest & RPs are selected and the
location is estimated as a weighted sum of their real location. The positioning distance (D;)

between the stored RSS and the online observed RSS at j** RP is given by:

B
D, =% \/ (RSS;, ... — RSSi ;)25 =1,2,...., N, (4.1)
=1

where ¢ is the number of APs ranging from 1 to B. The RPs are arranged with ascending order
of D; and the first & RPs with their known positions .J,, [x.,y.] are selected to estimate the final

location (T k— n ) using the following relation:

k
J. x W, 1
Towr Ny = Z:;—X where W, = — (4.2)
Zz:l WZ Dz
41

Collection @ chosun



4.2 Related Works

The development in the fields of modern smartphones and wireless communication technologies
such as Wi-Fi, UWB, and BLE have made it possible to implement IPS with a few meters of
accuracy. Mostly, fingerprinting is adopted for IPS development to achieve the required accuracy.

The nearest neighbor fingerprinting is the primitive kind of fingerprinting localization, which
estimates the location of the tag device as the location coordinate of the RP that has the closest
fingerprinting resemblance with the observed RSS vector. This approach of localization is impro-
vised by considering the nearest k¥ RPs where a certain weight is allocated to each selected RP
to yield better localization estimation. Variously published literature have put forward different

localization approaches to improvise the conventional fingerprinting localization.

4.2.1 WK-NN Fingerprinting Approaches

Pavel et al. present an IPS research work based on Wk-NN positioning method using BLE beacons
[52]. The k-nearest fingerprints are found in a radio map database by employing the Euclidean
distance between the observed RSS and the referred one from the database. This work further
compares the localization methods based on Wi-Fi and a combination of BLE and Wi-Fi. They
recommend that the combination of wireless technologies help to increase the localization accu-
racy. Next work based on BLE beacons using fingerprinting technique is reported in [31] where
a Gaussian filter is used to preprocess the received RSS. This work proposes a distance-weighted
filter based on the triangle theorem of trilateral relations to filter out the wrong distance value
caused by an abnormal RSS.

The traditional Wk-NN fingerprinting has also been realized with Wi-Fi signals. Reference
[53] elaborates recent advances on Wi-Fi fingerprinting localization. They overview on advanced
localization techniques and efficient system development utilizing Wi-Fi technology in their sur-
vey work. An improvisation over the conventional Wk-NN fingerprinting using Wi-Fi signals is
put forward in [54] and [55]. The former approach uses average RSS and standard deviation of
Wi-Fi signals at the RPs from the APs to construct a fingerprint radio map. Both the average
RSS and the standard deviation is processed to estimate a Euclidean distance on the online phase.
With the Euclidean distance, k RPs are selected to estimate a coarse location. Furthermore, a joint
probability for each RP is calculated, based on which the k RPs are selected to estimate another
coarse location. Later, both the coarse localization estimations are fused together employing a
shortest Euclidean distance and largest joint probability to yield a final localization estimation.
Meanwhile, the later approach proposes to use Manhattan distance instead of Euclidean distance

to compare the closeness of acquired Wi-Fi signal strength with the stored database.

42
Collection @ chosun



4.2.2 Hybrid Approaches

The RSS-based fingerprinting localization has been integrated with other techniques and tech-
nologies for better localization performance. Reference [56] integrates the fingerprinting with
motion sensor-based positioning where the latest position of the tag device is estimated by adding
the previous position estimate and the position displacement from sensor-based positioning with
the help of Kalman filter. Similarly, [57] suggests an approach of utilizing a user movement pattern
and feeding the information to RSS-based localization system. This work exploits the recurrent
neural networks to process RSS information to predict the user movement pattern.

The deterministic-based localization system can be enhanced by utilizing the true position
coordinate of the AP. Reference [58] uses pedestrian dead reckoning (PDR) together with BLE
beacons to estimate the user location. This work employs the proximity information of beacons for
correction of the estimated position of PDR. An approach in IPS utilizing the estimated distance
between the AP and the tag device along with the true location of the AP is put forward in [41].
Here, the acquired RSS is converted to distance using a propagation model where the estimate
distance and the AP’s location is sent to the server through a cellular or Wi-Fi network. At the

server, the received data is fed to an extended Kalman filter to estimate the final location.

4.2.3 Clustering Based Approaches

The performance of indoor fingerprinting positioning can be improved with RSS clustering [59].
An RSS clustering method chooses a set of cluster centers to reduce the sum of squared distances
between the RSS value and their corresponding centers. For example, a K-means clustering [60]
begins by choosing both the number of output clusters and the corresponding set of initial cluster
heads, where the clustering algorithm iteratively refines the output clusters to decrease the sum
of squared distances [61]. Hence, K-means clustering has a requirement of an arbitrary selection
of initial cluster centers whereas APs starts by assigning each RP the same chance to become a
cluster center. Reference [62] uses APC for clustering the testbed using Wi-Fi RSS data. Here,
the cluster-head is determined on the coarse localization and Wk-NN is used for fine localization.
In addition to APC and K-means, other clustering methods in IPS include fuzzy c-means and
hierarchical clustering strategy (HCS) [63, 64, 65, 66].

4.3 Proposed Method-I

In this approach, an improvement over the conventional WK-NN fingerprinting localization is
proposed by combining it with the WC localization. The suggested method uses the WC local-
ization in a pipeline in two steps of operations. In the first step, WC estimation and traditional

fingerprinting are realized individually where WC utilizes APs’ real position information and
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their estimated distance to the tag device and fingerprinting (£'Fj;4) utilizes the lightly popu-
lated RS. The first step yields a WC estimation and % nearest RPs, which are used in the second
step for the next WC estimation to estimate the final location of the tag device. The proposed
localization method reduces the total number of RPs over the localization surface that minimizes
the time required for reading radio frequency signals to construct the radio map. The radio map

data formed by a site survey in a Wk-NN fingerprinting technique is as follows:

RSS\(RP,) RSS,(RP\) ... RSSp(RP))
RSS\(RP,) RSSs(RPy) ... RSSp(RP)

Radio map = ] ) ) . 4.3)
RSSy(RPy) RSS»(RPy) ... RSSp(RPx)

where RSS1(RP;) is the RSS from an AP at RP; with B and N being the total number of
deployed APs and total RPs on the testbed, respectively. Depending on the size of B and N,
the size of the radio map dataset varies accordingly. The proposed method tries to minimize N,

keeping the localization accuracy similar to the existing system.

4.3.1 Process Flow of the Proposed Positioning Approach
RSS Filtration

RSS exhibits high variability in space and time owing to several noise factors and attenuation.
Therefore, it is important to estimate the correct RSS value that eventually reduces the localization
estimation error. In this approach of IPS, the Gaussian filter is used to estimate RSS values in the
training phase and the moving average filter is used for smoothing the real-time RSS in the online
phase. The discussion on Gaussian and moving average filter are elaborated in Section 3.3 of
Chapter 3.

Working Procedure

Similar to the conventional fingerprinting localization, the proposed approach has two phases of
operation. On the offline phase, estimated RSS values from the deployed APs are collected at
each RPs as shown in Figure 4.2. Note that the total number of RPs for the proposed method is
lesser compare to RPs required for Wk-NN fingerprinting. The total number of RPs and the space
between them in the proposed method is strategically chosen as illustrated in the experimental
setup section of this chapter. The tag device was kept in the M essaging/texting position in both
the training and execution phase. The working procedure of the suggested method is illustrated in
Figure 4.3.

At first, the acquired raw RSS is smoothed with moving average filter (the window size for

this experiment is 10) to minimize the sudden changes in RSS value. The APs are then arranged
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in descending order according to their estimated RSS value. Among these APs, first, m APs are
selected for the first WC localization operation (W C}). The distance between the tag device and
the AP is estimated using (3.2) to estimate W C1 (2, Yw) given by (2.3). Simultaneously, F Py;gp,
is realized to estimate k — NN RPs (xs;,y), wherel € 1,2,... . k.

RSS smoothing with moving average filter

v

Selection of APs with high RSS (nearest APs) and estimation of
distances to these APs

1% estimation |
step v
Estimation of tag location using WC localization (Xy,Yw)

v

Estimation of tag coordinates using fingerprinting with lightly
populated reference points (xg,yn), where 1=1,2... .k

v

Estimation of euclidian distances (d;) between (Xu,Yw) and (Xq,Ysn)

2nd
estimation -
step Run of WC localization again using the coordinates (xq,ys) and
their differences (d;)
v

Decision of final tag
location P(x,y)

End

Figure 4.3: Working procedure for the proposed fingerprinting localization.

In the second estimation step, Euclidean distance (d;) between the £ — NN RPs and (x,, y.,)

is estimated as below:

dy = \/(xw —251)% 4+ (Y — Y11)? (4.4)

where (24, ¥,y) and (x ¢;, y5;) denote coordinates obtained from W' and F Py; g5, respectively.

For example, let the estimation locations by W C' and F Py;gpt (K = 3) be (T, Yuw)s (X1, Yr1),
(T f2,%r2), and (x r3, 2 r3), respectively as presented in Figure 4.4. Now, in the second estimation
step, the three calculated distances (marked by the dotted red arrow in Figure 4.4) are converted

to their respective weights (w1, ws, and w3) using degree (g).
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Figure 4.4: Localization estimation of the proposed method.

The estimated weights and the location coordinates of the k& RPs are further utilized for W

operation to yield the final location estimation of the proposed localization method as shown in

(4.5).

k k

—1Tf1 X Wy —1 Yr1 X wp 1

Playy) = (2= iy o= 4.5)
Dl Wi Doim1 W l

The overall process flow in the proposed method is summarized in Figure 4.5.

RSS smoothing using moving average N WC, positioning for
filter . P (X Yw)
Selectk r;e:f:_rence using .| Distance (K distances) calculation
Database Flo ) betiween P(x,, ) and F(x, )

Decision of weight

A

WG, positioning for P(x, y)

Figure 4.5: The process flow of the proposed localization method.
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4.3.2 Experimental Setup

The proposed method was experimented in two different testbed environments. The first testbed
is a hallway corridor and next is a fully furnished computer lab. The APs (BLE beacons in this
experiment) was deployed in a rectangular fashion with an orientation towards their opposite
walls at the corridor whereas, in the lab, the APs were deployed at the four corners and center of
the room. The experimental conditions for the evaluation of the proposed fingerprinting method
are tabulated in Table 4.1 and 4.2:

Table 4.1: Experiment conditions for the evaluation of the proposed fingerprinting method at the

corridor.
Parameters Value
Total number of APs (B) 14
Space between two adjacent APs 45m
Breadth of corridor 2.5m
The height of AP deployment 2.5m
AP transmission power +4 dBm
AP advertisement interval 300 milliseconds
Tx-Rx devices Estimote beacons, iPhone-4S
A[dBm] -60.85
Path loss exponent (n) 1.3
Degree (g) in WC estimation 0.5
No. of reference points (N) 12, 19, 26, and 36
47
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Table 4.2: Experiment conditions for the evaluation of the proposed fingerprinting method at the

room.
Parameters Value
Total number of APs (B) 5
Length breadth of the room 7.28 m x 7.24 m
The height of AP deployment 2.7m
AP transmission power +4 dBm
AP advertisement intervalr 300 milliseconds
Tx-Rx devices Estimote beacons, iPhone-4S
A[dBm] -64.97
Path loss exponent (n) 1.6
Degree (g) in WC estimation 0.5
No. of reference points (N) 20 and 32

As the two opposite walls confine the corridor, it is divided into 62 uniform girds of length
1.25 m and breadth 0.9 m, forming 62 fingerprinting RPs. For analysis of the proposed method
with different numbers of RPs, different sets of RPs are considered. At first, 12 RPs were taken
such that there was an RP in between two APs along the corridor. Later, the number of RPs were

uniformly increased over the testbed to 19, 26, and 36, as illustrated in Figure 4.6.
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Figure 4.6: Testbed conditions for fingerprinting positions of (a) 12, (b) 19, (c) 26, and (d) 36

reference point distribution pattern over the testbed where red stars represent reference points.

Figure 4.7 shows the graphical representation of the testbed (corridor).

Figure 4.7: Experimental environment: beacons deployed in the corridor where measurement

places are marked on the floor as A, B, and C.

However, the computer lab is not constrained by two opposite walls as in the corridor; it is

divided into a uniform grid with 65 RPs of length and breadth 0.9 m. For the evaluation of the

proposed method, the size of the RP grid was increased to 1.35 m and 1.8 m forming 28 and

(“!Collection @ chosun
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16 fingerprinting RPs. In addition, to mitigate the high localization error of WC estimation near
the walls, one more RP was added in the middle of each wall in the room. Hence, the proposed

method is evaluated using 20 and 32 RPs in this testbed.

The graphical representation of the computer lab testbed is shown in Figure 4.8.

Figure 4.8: Panoramic view of the computer lab where measurement places are marked with white
arrows (A, B, and C).

4.3.3 Experimental Results and Discussion

Considering the deployment of APs in a rectangular fashion, four APs were selected for WC
operation. Moreover, researchers usually recommend different values for & such as k = (2) [52]
and k = (3,4) [67]. In the proposed approach, it was observed that for larger values of k (eg. 4
or 5), the RPs located far from the original tag position also was selected (owing to larger space
among the RPs) that increased localization error. The least localization error was observed with
k = 3, hence the value of £ was set to 3 in this experiment. Note that in a traditional fingerprinting
localization, large space between RPs reduces granularity or accuracy of the positioning system
and small space increases accuracy. However, the small space does not increase the probability of

correctly matching the fingerprints owing to similar fingerprinting of the close RPs [68].

The Decision of Degree of Weight

The degree of weight (g) in (2.3) can be adjusted for best positioning result in WC localization. If
g is kept high, the WC estimation moves to the closest AP real coordinate. On the other hand, very
low value (near to zero) may yield the WC estimation as a centroid point of the APs. Hence, the
localization estimation error by WC procedure was evaluated with varying ¢ (0.4,0.5,0.8, and

1.2) in the testbed (hallway corridor). Considering the properties of WC estimation as illustrated
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in Section 2.4.2 in Chapter 2, different regions across the corridor were chosen for the decision
of degree of weight. Hence, the measurements were taken both at the border of the rectangular
polygon formed by the deployed APs and at central regions of the polygon. Moreover, at any
region, measurements were taken at three distinct places such as away from the wall (A), midway
of the corridor (B), and near the wall (C'), as shown in Figure 4.7. At a measurement place, 100
measurements were taken and the localization estimation error was averaged. The obtained result
is presented in Figure 4.9.

As seen in Figure 4.9, the performance of WC estimation with the APs deployment scenario
at degree 0.5 is better compared to others. Therefore, WC is operated with a degree of 0.5 for
the evaluation of the proposed method. The same value of the degree is used in computer lab too,
owing to the fact that the AP deployment height is similar at both testbeds and distance from the

tag device to the beacon is in a similar range during the positioning operation.

error [111]

Mean

(a)
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Figure 4.9: Average location error at different measurement places (A, B, and C) in the (a) central

and (b) border regions of a rectangular polygon with a respective degree of weight.

Cumulative Distribution Function

The CDF of localization estimation error at a fixed point in both the testbeds by various position-

ing methods are given in Figure 4.10a and 4.100.
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Figure 4.10: CDF of localization estimation error where PF denotes the proposed fingerprinting
method. (a) Corridor. (b) Computer lab.

Here, the performance of the proposed method (with 36 RPs in the corridor and 32 RPs in
the computer lab) is comparatively similar with the Wk-NN fingerprinting (with 62 RPs in the
corridor and 65 RPs in the computer lab). The performance of Wk-NN with the reduced number
of RPs is degraded drastically.

Average Localization Error

For an exhaustive study, localization error was estimated at three regions at the corridor: (z) the
center of the polygon formed by APs, (¢7) the border of the rectangular polygon, and (ii¢) the
edge of the corridor or end of AP deployment as shown in Figure 4.11.

At each region, the localization estimation error is measured at three different places (A4, B,
and C'), as shown in Figure 4.7. Moreover, since the computer lab is not bounded by opposite walls
as in the corridor, the measurements were taken at three different measurement places inside the
computer lab (A, B, and C') as shown in Figure 4.8. At each measurement place, 200 samples of
localization estimation error were taken, with 50 samples in each direction (0°, 90°, 180°, 270°).
The obtained results at different measurement regions of the corridor are presented in Figure 4.12,
4.13, and 4.14.
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Figure 4.11: Location error measurement regions in the corridor where any four adjacent APs
form a rectangular polygon (for example, the rectangle formed by APs a, b, c, and d). The red,
blue, and green lines indicate the border of the polygon, the center of the polygon, and the edge

of the corridor, respectively.
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Figure 4.12: Average location error at different measurement places at the edge of the testbed

corridor: (a) measurement place A, (b) measurement place B, and (c) measurement place C. PF:

proposed practical fingerprinting; Wk-NN: weighted k-nearest neighbor; WCL: weighted cen-

troid localization; RP: reference points.
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Figure 4.13: Average location error at different measurement places at the border of the rectan-

gular polygon: (a) measurement place A, (b) measurement place B, and (c) measurement place

C. PF: proposed practical fingerprinting; Wk-NN: weighted k-nearest neighbor; WCL: weighted

centroid localization; RP: reference points.
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Figure 4.14: Average location error at different measurement places in the center of the rectan-

gular polygon: (a) measurement place A, (b) measurement place B, and (c) measurement place

C. PF: proposed practical fingerprinting; Wk-NN: weighted k-nearest neighbor; WCL: weighted

centroid localization; RP: reference points.

59
{“/Collection @ chosun



In Figure 4.12, 4.13, and 4.14, the average localization error of the proposed localization
method in different measurement places is compared with Wk-NN fingerprinting and WC local-
ization. As shown in Figure 4.12, the proposed method with less number of RPS (12 and 19)
or high space among the RPs results to a high localization estimation error. At the edge of the
corridor, the selected k — NIV RPs (for 12 and 19 RPs) are far away from the measurement place,
where localization result of WC estimation is better than the proposed one. However, the proposed
approach with 36 RPs yielded similar localization error compared to Wk-NN fingerprinting.

Figure 4.13 and 4.14 show the localization result at the measurement places in the border and
center region of the rectangular polygon, respectively. Here, the proposed approach with 36 RPs
has almost similar or lesser localization estimation error to Wk-NN (62 RPs) fingerprinting. In
all regions of the corridor, the localization estimation error is lower at the midway (measurement
place B) and larger near the walls. This condition has less effect on real IPS applications because
people tend to walk down the mid-way of the corridor and normally avoid the places near the
walls. The implementation of the proposed method in corridor testbed helps to reduce the number
of RPs by 41.49%.

Similarly, the localization estimation result at the computer lab is presented in Figure 4.15.
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Figure 4.15: Average location error at different measurement places in the room: (a) measure-

ment place A, (b) measurement place B, and (c¢) measurement place C. PF: proposed practical

fingerprinting; Wk-NN: weighted k-nearest neighbor; WCL: weighted centroid localization; RP:

reference points.
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Here, the localization estimation error is higher owing to a fully furnished testbed condition.
At the center of the room (measurement place A), the localization error of WC estimation is the
least due to the presence of an AP just above the tag device and all other four APs in equidistant
to this place. The proposed method with 32 RPs closely follows the average localization error of
WK-NN everywhere. Similar to the corridor, the localization estimation error is increased as we
move towards the wall of the room. The proposed method reduced the number of RPs by 49.23%

in computer room testbed.

4.4 Proposed Method-II

The conventional Wk-NN fingerprinting is also called flat Wk-NN where all the RPs on the
testbed are considered for final localization estimation. The flat Wk-NN can be improvised into
two-step Wk-NN by employing clustering where RPs are divided among the clusters. The second
approach on improvising the traditional Wk-NN fingerprinting uses multiple features to repre-
sent an RP’s fingerprint and utilizes clustering method, which enhances the localization accuracy,
reduces the physical size of the radio map database, and minimizes the computational complexity.

The suggested method uses a propagation model to convert received RSS of APs to distance
and estimate weight the WC of nearby APs. The estimated WCs, along with RSS and rank of
nearby APs are stored in the server database for localization instead of average RSS from all
deployed APs. Here, the rank of the APs refers to a sorted list of APs in descending order where
first u APs in the sorted list is used for WC estimation. First, the proposed method makes use
of diverse fingerprinting features to increase positioning accuracy that also decreases both the
physical size of the database and the amount of data communication with the server in the online
phase; second, APC minimizes the searching space of RPs and reduces the computation time;

third, EA is utilized to smooth the noisy RSS.

4.4.1 Affinity Propagation Clustering

The APC joins all of the points in the large space and makes each point node (RP in this study)
a potential exemplar. The points launch responsibility message and receive availability message
constantly that continue to extend the gap between the exemplar and supplementary points until

the exemplar is decided. The radio map (¥ pgg) is represented as follows:

i1 Y2 ... PN

o1 22 ... Yon

Wrss = ; (4.6)

Y1 VB2 ... YBN

62
Collection @ chosun



where 9y, ; = yi*byj (b =1,2,3,..8B;7=1,2,3, ... ,N) is the mean RSS of the b*" AP (AP,)
signal at the j** RP (RPj). At j*" RP, the RSS fingerprint from the deployed APs is v, =
T
(¢17j,¢2’j, .......... 7¢B,j) .
Let ¥; and ¥; denote the mean RSS vectors of any two RPs, the similarity between the RPs

indicated by sim (i, j) is given as:

sim(i, j) = —||@; — 9|1, Vi, 5 € (1,2, ccco., N) (4.7)

The similarity values form a N x N similarity matrix Z, where N is the total number of
RPs to be clustered. The value sim (j, j) on the diagonal of the matrix Z is called self-similarity,
is used to judge whether RP; can become the exemplar. The self-similarity is also known as a

preference (Pref) given as:

Pref = median{sim(i,j),w,j €1,2,....... , N} 4.8)

The responsibility and availability messages transmitted by RPs are denoted as r(i, j) and
a(i, J ) , respectively. Note that both of them are set to zero initially. The responsibility message
represents the confidence level of RP; as an exemplar of RP;, which is update by the following

relation:

r(i,g) = sim(i, ) = %5 {ali. ") + sim(i. ')} (49)
The availability message represents that RP; selects RRP; as the confidence center of its ex-

emplar, which is update by the following relation:

a(i, j) = mz’n{o, r(i,§") + Y max{0, r(z‘ﬂj’)}} 4.10)
i' i,
Moreover, a(j, j) is a self-availability message, which represents the cumulative evidence for

RP; as the exemplar that is calculated as follows:

a(j,j) = Zmax{ovr(ilvj)} .11
i #j
In order to avoid the possible ringing oscillation while updating (4.9) and (4.10), a damping

factor v € [0.5, 1) is exploited resulting into the following equations:

ro(i ) = 7 #ee1(i,§) + (1 =) %74, ) (4.12)

at(i’j):V*thl(iaj)—’_(l_’Y)*at(ivj) (4.13)

Here, 4 and a; corresponds to the value of responsibility and availability of the current itera-

tion, respectively. Similarly, ;1 and a;_; are the value of responsibility and availability of the
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last iterations. The exemplar is updated according to the value of (4, j)+a(i, j). If (¢, j)+a(i, )
is largest, it denotes that R P; is the exemplar of RP;. Else, RP; will be selected.

4.4.2 Process Flow of the Proposed Method

The proposed method has two phases of operation; training, and testing. In the training phase,
the testbed is divided into uniform /N imaginary grids where the center of each grid represents
an RP. Hence, the testbed contains N RPs in locations L,.(r € 1,2,...,N) and the RSS data
of B APs are acquired at 7" RP g times; that is: AP, = {ap(,1), ap(r,2), ------, aP(r, B) } » Where
ap(ry = Avg (ap%’i, apf’i, ...... ,ap? l)

The acquired RSS data of B APs are used for APC and only v APs (v < B) that are se-
lected based on the largest RSS value are used for fingerprinting information. Here, the RSS
data is acquired from four directions at an RP as shown in Figure 4.2 with a tag device in
texting /messaging position.

Figure 4.16 illustrates the localization estimation procedure of the proposed system. The ob-
served testing RSS data at the unknown location r’ can be represented as:

AP, = {ap 1), ap(r 2y, -, AP By §» Where ap,r ) = Avg(ap}«,,i, apZs i eer apg,ﬂ-).

Here, ¢ is the time instant and EA is the exponential averaging given by (3.11). Let H be the
set of cluster head and N’ (V' < N) be the number of RPs that are members of the cluster head.

The cluster-head (R Py ) is determined in the following way:

RPy = argmingecpy |[WC — WC,,||, 4.14)

where WC,. and WC,, denote online observed weighted centroid from nearby u’ beacons at
unknown place 7’ and the stored weighted centroid of m*" cluster-head RP, respectively. Note
that u and u’ are seen APs (BLE beacons) of same size at training and testing phase, respectively.
When the cluster-head RP is chosen, Euclidean distances are calculated based on online-observed

fingerprinting data and the stored fingerprinting data for N’ RP as given below:

Dwe, = ||WC —WCy||,p € N'andl = (1,2,3, ..., N') (4.15)

Drssi = > \/ (apv —apyy)®,p € N'and = (1,2,3, ..., N') (4.16)
b=1

where p is a member of the selected cluster head.
The member RPs (N’) grouped under the chosen cluster-head are arranged with ascending
order of D,,., and the first & RPs with their known positions J, [z, y.] are selected to estimate

Twc as follows:
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k
. J.G 1
—Zz_kl Wo. ,where Gwe, = .
> .1Gwe. Dwe.

The similar process is repeated using Drgs, (v in (4.15) is the stored AP at the RP for least

Twe = 4.17)

Dyw ¢,) to estimate Trss using the following relation:

E
J.G 1
Trss = —Ez:kl 2S5 phere Grss, = . (4.18)
>.:—1Grss. Drss.
BLE beacons deployment
{AP:{ap,1,apr2,...,aprs}r=1,...,N}
! e
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beacons
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Figure 4.16: Process flow of the proposed fingerprinting IPS.

Hence, the final location is estimated utilizing the following relation:
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T =(1—a)xTrss +a x Twe, (4.19)

where o« = “T” Note that u” represents the total number of matched APs, i.e., number of online

observed beacons at location 7’ that matches its rank to the stored ones for the RP with least

Dwc,.

4.4.3 Experimental Setup
The Testbed

The APs were deployed in the rectangular fashion on the ceiling at 2.7 m height. The advertise-
ment interval of the APs (BLE beacons) was set as 300 ms (three beacon packets per second),
and the tag device (iPhone) scans APs with a 1-second interval on average. The distance between
the two adjacent APs was 6.8 m and the testbed was divided into girds of size 1.35 m length and
breadth. The calibrated values of parameters (A and n) of the propagation model given by (3.1)
were —62.91dBm and 1.45, respectively. Note that the parameters were calibrated with repre-
sentative data from all testbed environments and used uniformly in all the testbed environments
owing to the fact that the same set of parameters are employed to compare offline and online WC
in the proposed method. Furthermore, based on the deployment of APs in rectangular fashion and
distance among the adjacent APs, the value for the degree (g) and a number of nearby APs (u) in
WC estimation was assumed as 0.7 and 4, respectively for training and testing phases.

The testbed representing a research lab and the hallways are presented in Figure 4.17.

(a)
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©

Figure 4.17: Testbeds where the yellow dots represent BLE APs. (a) Left the center of the corridor.

(b) Right from the center of the corridor. (¢) Panoramic view of a fully furnished computer lab.

Figure 4.18 illustrates the graphical representation of the testbed.
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Figure 4.18: Graphical representation of the testbed.

RSS Clustering using APC

The APC operation was run after acquiring the RSS data at all the RPs from all the deployed
APs. Since the damping factor is introduced in (4.11) and (4.12) while updating the message in
APC, the APC operation was analyzed by varying the damping factor () € [0.5,0.9] to obtain

the minimum number of iterations. The obtained result is presented in Figure 4.19.
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Figure 4.19: Variation on a number of iterations with respect to the damping factor.

Figure 4.19 shows that the damping factor of 0.6 performs the RSS clustering with the least
number of iterations. Since least number of iteration results in the least computational cost, v =

0.6 was used for APC operation in the experiment.

4.4.4 Experimental Result and Discussion
Size of Database with Proposed Fingerprinting Positioning

In a conventional fingerprinting positioning, a small default RSS value (<-90 dBm) is assigned
to the undetected APs that are normally referred to as invalid data [69]. This kind of invalid data
is entirely omitted in the radio map database of the proposed method that helps to minimize the
size of the database. Moreover, as compared to typical fingerprinting localization, the RSS from
B — u (B as a total deployed APs) APs at the RPs are redundant in the suggested method. Figure
4.20 shows the columns of the tables inside the database where each row in the database table

contains the fingerprinting data of an RP.
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Figure 4.20: Columns of tables inside the fingerprinting database. (a) Typical RSS-based finger-
printing. (b) Proposed fingerprinting method.

The Oracle Database 10g Express was used to store the radio map data in the proposed system
[70]. Each cell in the database table is specified using numeric datatype. The physical memory
size occupied by the radio map database was obtained using SQ)L query as illustrated in Table
4.3.

Table 4.3: Physical memory occupied by fingerprinting database.

Parameter [m] Typical method | Proposed method
Avg. size of an RP 158.9 bytes 48.2 bytes
Size of fingerprinting database 32,413 bytes 9,830 bytes

It can be seen from Table 4.3 that the physical size of the radio map database of the proposed
method (u = 4) can be reduced by 69.7% compared to the conventional fingerprinting method
(B =37).

Localization Performance of the Proposed Method

The proposed approach of IPS is evaluated and compared in terms of positioning time (pro-
cessing time required for positioning) and the localization estimation error. To calculate the pro-

cessing time, the objects of N.SDate [71] were declared called positioningStartTime and
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positioning FinishTime at the beginning and end of the positioning application, respectively.
Later, N.STimelnterval is utilized to calculate the positioning time as the proceed time between
the positioningStartTime and the positioninFinishTime in seconds. Figure 4.21 illustrates
the positioning time of the proposed method compared to existing methods with the positioning
time of the proposed method represented in ¢ seconds.

Figure 4.21 shows that the positioning time of the proposed method is lesser compared to
the time taken by Wk-NN with APC (Wk-NN+APC). It concludes that the proposed method
is computationally effective compared to Wk-NN+APC because the proposed method not only
implements clustering, it also significantly reduces the number of APs for positioning. In addition,
the positioning time of Wk-NN and NN fingerprinting is very large compared to the proposed
method and Wk-NN+APC. Moreover, it is noted that the positioning time incurred by Wk-NN is
slightly larger than the NN fingerprinting.

30t

25t

20t -

15t

Time [secs]

10t

5t

L
0
Proposed Wk-NN+APC Wk-NN
Positioning methods

Figure 4.21: Performance comparison between the positioning methods in terms of positioning

time.

The presented positioning time result can be verified in terms of Big — O notation [72] too.
The computational complexity of the conventional fingerprinting or flat-based fingerprinting lo-
calization grows with the radio map size (number of RPs across the testbed). Considering N RPs

on the testbed, the computational complexity of the typical fingerprinting localization or linear
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matching process is O(N) [73, 74]. Meanwhile, the complexity of the cluster-based fingerprint-
ing where every cluster (H being the total number of cluster-centers) have a uniform number of
RPs is O(N/H). However, in the proposed method, the RPs under a cluster head N'(N’ << N)
can vary and has a computational complexity of O(N"). That is, the coarse localization stage
of the suggested method minimizes the area of interest from N RPs to N/ RPs that reduces the
number of fingerprints to be compared for fine localization and finally reduces the computational
complexity of the IPS.

As seen in Figure 4.18, the testbed consists of a long hallway/corridor and a computer lab
where elevators, stairs, vending machine, and lavatories are present at the hallway. Hence, it can
be inferred that the human movement at the center of the hallway is more frequent compared to
another part of the corridor. Therefore, the experimental testbed was categorized into three areas;
the well-furnished computer lab, the center of the hallway, and the remaining part of the corridor.
In Figure 4.18, red, black, and green boundaries represent the computer lab, hallway/corridor,
and the center of the hallway, respectively. For the best positioning result, £ was set to 3 in all
experiments. The evaluation of the proposed method in terms of localization error by considering

three cases in the testbed is as follows:

1. Hallway/Corridor: The CDF and average localization estimation error of the proposed

method compared to existing methods is presented in Figure 4.22.

Here, the proposed method has a probability of 63% that the localization error is below 1m.
Similarly, the Wk-NN with and without clustering have a probability of 55% and 22.5%
for the same 1m positioning error condition, respectively. It clearly shows the effectiveness
of RSS clustering in IPS. Moreover, the average error of localization estimation of the
proposed method, Wk-NN+APC, Wk-NN only and NN are 1.06 m, 1.63 m, 3.59 m, and

4m, respectively.

2. Center of the Hallway: The presence of different public amenities at the center of the hall-
way may result in different RF attenuation compared to another part of the hallway. In
addition, the center of the corridor (marked by a green boundary line in Figure 4.18) is
wider and crowded. The localization result at the center of the hallway is presented in Fig-
ure 4.23. The average localization estimation error is slightly increased as compared to the
other parts of the corridor. The proposed method and Wk-NN+APC have 1.32 m and 2.46

m of error, respectively.

3. Computer Lab: The third case of the experiment is the computer lab. As the computer lab is
well furnished, more RF attenuation is expected as compared to the corridor. The CDF and
the average localization estimation error is illustrated in Figure 4.24. The CDF and the aver-
age error of localization estimation clearly show the advantage of using clustering in IPS. It

is seen that the localization accuracy of Wk-NN and NN fingerprinting are significantly de-
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teriorated whereas Wk-NN+APC and the suggested approach yielded an acceptable result.
Note that the proposed method has a probability of 2.5% that the localization estimation
error is above 2.5 m. It can be due to RF attenuation in the room and the wrong choice of

exemplar on the testing phase.
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Figure 4.22: Localization estimation result at the hallways in the testbed. (a) Cumulative proba-

bility function. (b) Average localization estimation error.
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Figure 4.23: Localization estimation result at the center of hallways in the testbed. (a) Cumulative

probability function. (b) Average localization estimation error.
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Figure 4.24: Localization estimation result at the computer lab in the testbed. (a) Cumulative

probability function. (b) Average localization estimation error.

4.5 Concluding Remarks

This chapter elaborates two different improvisation approaches on conventional Wk-NN finger-
printing. The first approach is intended to address the problem of the time-consuming offline
phase of typical Wk-NN fingerprinting localization. However, the second suggested method helps

to reduce the physical size of the radio map database, minimizes computational complexity of the

Collection @ chosun
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positioning system, and increases localization accuracy.

The proposed method-I combines the traditional Wk-NN fingerprinting with the WC estima-
tion in a pipeline such that the system has similar localization accuracy with reducing the number
of RPs as compared to Wk-NN fingerprinting. This approach uses Gaussian filter to estimate RSS
in the offline phase whereas on the online phase it uses a moving average filter as a low pass
filter. The obtained result by real filed deployment shows that the suggested method can reduce
the number of RPs by 40% as compared to the Wk-NN fingerprinting for similar localization
estimation error.

The proposed method-II proposes to use multiple features to represent the fingerprint of an
RP. Particularly, this approach uses the WC estimation, the rank, and the signal strength of nearby
APs that are at the vicinity of the tag device. Moreover, this method also uses APC for RSS
clustering where the testbed is clustered into many groups where each group of RPs has a cluster-
head. On the online/testing phase, the fingerprinting features are wisely utilized to yield better
positioning result. In addition, as the fingerprinting data consists of features extracted from the
signal strength of few APs, it helps to significantly reduce the physical size of radio map that

eventually minimizes the amount of data communication with the server.
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Chapter 5
The Practical Fingerprinting

Localization

5.1 Probabilistic Approach of Fingerprinting Localization

The fingerprinting localization technique is predominantly realized in IPS applications owing to
its high reliability. However, the learning methodology of radio signals in fingerprinting localiza-
tion is costly in terms of time-consumption and workload. The Wk-NN fingerprinting localization
helps to improve the localization accuracy of the conventional NN fingerprinting localization;
however, the problems with learning procedure persists. Meanwhile, the fingerprinting technique
can also be implemented using a probabilistic approach that yields better localization result com-
pared to deterministic-based or Wk-NN fingerprinting localization. The probabilistic approach
of fingerprinting yields localization information by estimating a probability distribution over the
RPs. Here, a matching probability is calculated between the online-observed RSS readings and
the pre-stored fingerprinting data in the radio map database.

As it is observed in Figure 3.3 and 3.4 that the statistical distribution of RSS at a particular
RP can be thought of as a Gaussian probability distribution, the RSS values should obey the
normal distribution N (11, 02) where i and o2 are mean and variance of RSS data [75]. Now, the

likelihood function (L(u, 0?)) is given by the following relation:

CE | _@ss—w?
)= T e 5
2mo

=1 5.1
9_,(RSS;— 2)
(2ma?) =l emp( 27 il w
We can obtain the logarithmic equation of (5.1) as follows:
g &
2y _ 1)
log[L(p,0%)] = —flog(2q) - flog ~ 5.3 Z (RSS; — (5.2)
Hence, the likelihood equations can be written as:
dlog[L(u,0*)] _ 1 < 2
oy = 52 2 (RS =0
SloglL(s, %) 1 w7 (5.3)
o9 g L N2
o2 202 + 204 ;(RSSZ =0
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From (5.3), we get,

q
pux = RSS = % > RSS; (5.4)
=1
1 q
¥2 p > (RSS; — p)? (5.5)

The unique solution (1*, 0*?) of the likelihood equations should also be a local maximum

point. In other words, when |u| — oo or o2 2

— oo or 0° — 0, the non-negative function
L(u,0%) — 0. Hence, the maximum likelihood equation of z and o2 will be (5.4) and (5.5),
respectively.

Hence, with this idea, the average of RSS reading and its corresponding variance from each
AP is calculated for the construction of radio map in the offline phase of the probability-based fin-
gerprinting localization. Later, in the online phase, after acquiring new RSS readings (RSS;,i =
1,2,3,..., B) at an unknown location from B APs, we can estimate the probability of the RP
(, y) with respect to it" AP (P;(x,y)) as follows:

1 —(RSS;—w)?

ex 2 (5.6)
V2ro; P

where p; and o2 are the stored average RSS and its corresponding variance from the i‘" AP,

Pi(z,y) =

respectively. This way the probability of each RP can be established where tag’s location could
be located at the RP that has maximum probability.

5.2 Problem Statement

Although the positioning accuracy of fingerprinting localization improves with a probabilistic

approach, this approach suffers from two major problems:

1. The radio map needs to be updated from time to time to achieve good localization estima-
tion owing to the dynamic and unpredictable nature of the radio channel and changes in
the surrounding environment [76]. On top of that, the construction of every set of the radio

map is time-consuming and labor-intensive.

2. The positioning result of probability-based fingerprinting is better than deterministic based
fingerprinting (Wk-NN); however, the computational complexity of the probabilistic ap-
proach of fingerprinting is higher than the deterministic approach [59].

These issues on fingerprinting-based localization intensify practical limits and challenges in

realizing a reliable and scalable IPS to meet the required accuracy of practical IPS.
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The use of regression is proposed to predict the signal strength of the deployed APs at loca-
tions with no prior measurements. For computational complexity, the use of clustering is proposed
that helps in minimizing the searching space of RPs on the execution phase.

In particular, the use of Gaussian process regression (GPR) as a signal estimation or regression
component and APC as a clustering component are proposed. The motivation for using GPR for
regression and APC for RSS clustering in this work stems from the facts that GPR not only
predicts the mean RSS but also infers the variance at each location and initialization-independent

property of APC, respectively.

5.3 Related Work

Although fingerprinting localization yields good localization estimation, an up-to-date radio map
database is expected for practical fingerprinting localization. In the conventional fingerprinting
localization, radio map was updated by manually collecting the RSS data. The manually acquiring
of RSS data increases the human workload and consumes more time. Various approaches have

been proposed to reduce the offline workload of fingerprinting localization.

5.3.1 Offline Workload Reduction without Regression

The simultaneous localization and mapping (SLAM) endeavors to eliminate the effort to build
the radio map [77, 78]. However, localization estimation error by SLAM (generally 6.7 to 8 m)
is not good enough for practical IPS. The study in reference [79] employs a self-guided robot
armed with an inertial measurement unit (IMU) sensors to explore the testbed and acquired RSS
data. This approach is able to reduce the human workload; however, it is not practically feasible.
Other approaches to reducing offline workload are crowdsourcing and a fusion of similarity-based

sequence and dead reckoning [80, 81].

5.3.2 Offline Workload Reduction with Regression

The prediction of RSS across the testbed with little training data helps to significantly reduce
the human workload. Reference [76] presents a GPR-based fingerprinting IPS using indoor Wi-
Fi APs. This work uses a few data points to train the GP where the firefly algorithm is used to
estimate the hyperparameters of the GP. Moreover, it also shows that the probabilistic-based lo-
calization performs better compared to deterministic-based localization using the predicted radio
map. Liu et al. proposed a GPR plus method with Bluetooth transmitters using a naive Bayes
algorithm [82]. They compare their method with [76] and claim that their method is computa-
tionally cheaper. Another example of GPR-based fingerprinting is put forward in [83]. This work
estimated the hyperparameters by using subspace trust-region method and shows that location es-

timation with a radio map built using GPR is better than that of Horus [84] fingerprinting method.
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5.3.3 Computational complexity reduction with APC

The conventional fingerprinting is also termed as flat fingerprinting and can be converted to two-
step fingerprinting using RSS clustering. As the name suggests, the two-step fingerprinting is
realized with coarse localization step and fine localization step. Clustering helps to reduce the
searching space of RPs on the online phase of fingerprinting, which eventually reduces the com-
putational cost of the system. Moreover, it also helps to reduce the localization estimation error by
removing the outliers. APC has widely used clustering technique in IPS owing to its initialization-
independent and better cluster head selection characteristics. Many kinds of literature on IPS have
employed APC for RSS clustering where their fine localization is either probabilistic-based or
deterministic-based [62, 69, 85, 86]. Irrespective to their fine localization methods, all of this lit-
erature uses closest RSS distance as a metric to decide the cluster head in their coarse localization

step.

5.4 Gaussian Process Regression

A GP is a collection of random variables f(x)|x € x where any finite subset of realizations of the
process f = { f(x:) }j:l is jointly Gaussian distributed [87]. It is also a generalization of normal
multivariate distribution into a finite dimension where it defines a distribution over functions
from the view of function space [76, 87]. The GP is fully specified by its mean function m(x) =
E[f(x)] and covariance function k (X, X, ) = E[(f(Xim) — m(Xm)) (f (X)) — m(x,))]. The set x
is the index set of possible input values and E(.) is the expectation operator.

The GP is utilized to model the relationship between the observed RSS data (y) and RPs

locations coordinate (x) considering the following observation model:

y=fx)+v, (5.7)

where v denotes an independent and identically distributed Gaussian noise with zero mean and
variance (02), summarized as v ~ N(0,02). So the regression problem consists of constraining
the non-linear function f(.) from noisy observations that surfaces from o2. The interference of

f(x) corresponds to estimating the Bayesian posterior distribution given as:

(ylf (x), X)p(f(x))
p(ylx)
where p(y|f(x), X) denotes the probability of obtaining the y given the function f(x), which is

p(f(X)ly, X) =2 : (5.8)

also known as the likelihood function. Note that p(f(x)) represents the prior distribution of the
latent function and itself is a GP. The GPR utilizes the covariance of neighboring RSSs to predict
the RSSs at arbitrary locations. The covariance functions are based on kernel functions. The

kernel function decreases with increased distance of the input points and peaks when the distance
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in input space is minimal. Some of the common kernel functions are Gaussian, Laplacian, and
Exponential where localization accuracy is relatively insensitive to the choice of these functions
[84]. The dissertation uses the most commonly adopted squared exponential kernel in this study:

E(Xm,Xp) = a;exp ( — Xm2l_2xn|>, (5.9
where aj% is the signal variance and [ is the length scale parameter. Let us denote the covariance
matrix of all pairs of training targets as K (X, X). Owing to the noisy RSS observations, the
covariance function of the prior distribution k(y) = K(X, X) + o021, where I is an identity
matrix.

The target values (y) of the training data are correlated among each other, as they are also
correlated with any random target values. It enables to predict RSSs as y* = f(X*). Since GP
modeling assumes that the data can be represented as a sample from a multivariate Gaussian
distribution, the joint Gaussian distribution of target values assuming zero mean prior distribution

is given as:

(5.10)

*

Y N(O K(X,X)+ 02l K(X,X%) )
y IOK(X*,X) KX X9/
where K (X, X*)is a N x N* matrix containing the covariance between all pairs of y and y*.
Here, y and y* are N training and N* test RSS data, respectively. The conditional probability of

y*|y is computed as:

P(y'ly) ~ N (K(X*, X)[K(X, X) + 021] "), o
K(X*,X") = K(X*, X)[K(X, X) + 021] K (X, X7)) '

Note that, P(y*|y) indicates how likely a prediction y* is, given the training data y. From

(5.11), the mean function and the covariance function can be inferred as follows:

y* =KX X)[K(X,X)+ 01"y (5.12)

var (f(X)) = K(X*, X*) — K(X*, X)[K(X,X) + o21] ' K(X, X*) (5.13)

The principle structure of the GP model is determined by the mean and covariance functions,
however, to fit the observations properly, the function’s optimal hyperparameters, 8 = [o,[] in
(5.9) need to be established. There are various ways of inferring the GP hyperparameters such as
marginal likelihood, Bayesian optimization, and cross-validation [88, 89, 90]. Marginal likelihood
is the optimal and computationally efficient when the data truly follows the GP model. In addition,

marginal likelihood is implemented with approaches like Maximum a Posteriori estimator and
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Minimum Mean Square Error estimator. The logarithmic form of the marginal likelihood function

for Gaussian distributed noise is as follows:

1 -1
log(p(y|X,0)) = —5y" {K(X,X)Jraff} y = 5log|K(X, X) + o} 51
—%log27r7

where T" denotes the matrix transpose. The optimization problem was solved employing the lim-
ited memory BFGS-B algorithm (LM-BFGS) [91, 92]. Note that LM-BFGS is an optimization
algorithm in the family of quasi-newton methods, which approximates the BFGS [93] algorithm
using the limited amount of system memory. In addition, LM-BFGS is the widely used algorithm

for parameter estimation in machine learning.

5.5 Proposed Practical Fingerprinting Method

The suggested practical fingerprinting method is a lightweight workload fingerprinting localiza-
tion that uses APC for clustering and GPR for regression. The proposed approach uses very little
training data to model the GP that estimates the RSS at locations without prior measurements.
The prediction of RSS data across the testbed helps to significantly reduce the time consumption
and workload for construction of the radio map database. In addition, the fingerprinting database

constructed by limited training data is further divided into sub-areas or clusters applying APC.

5.5.1 Process Flow of the Proposed Practical Positioning Approach

The framework of the proposed method that illustrates the operations at offline and online phases

is presented in Figure 5.1.
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Figure 5.1: Framework of the proposed positioning method.

At first, the training data from a few sparse S RPs (that are subset to the total N RPs on
the testbed, S C N and S < N) are collected on the offline phase. The RSS of B APs (B
BLE beacons on the testbed) are acquired at the r*"* RP (r € (1,2,...,N)) ¢ times, that is
AP,= (apy.1,apr.2,apr3, ..., apy, B), Where ap,1 = Avg(ap} ;,ap? ;.. ., ap; ;). Here, the av-
erage value of ¢ RSS readings are utilized to minimize the time varying fluctuation of the RSS
data. The acquired training data is used to model the GPR framework. The predicted mean RSS
data from the GPR is further preprocessed with APC to cluster it into different cluster-centers.
Hence, the radio map consists of the predicted mean RSS, its corresponding variances, and the
clustering information.

On the online phase, the observed RSS data at an unknown location inside the testbed can
be represented as: AP, = (aps1,apsa, .. .,apsp). Here, each RP is assigned with a probability
computed as the probability of RP,,, given the online RSS observation vector AP,.

Pr(AP.|RP,,)P-(RP,,)
SN | P.(AP.|RP,)P.(RP,)’
where Pr(AP.|RP,,) is the likelihood defined by the following relationship:

P.(RP,|AP,) = (5.15)
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B ( |APb2 “bl)
r(AP,|RPy, H egcp 207 (5.16)

Note that relation (5.16) is derived from (5.6) owing to the fact that the RSS information from
the deployed APs is independent of each other. Moreover, /i, and o7 in (5.16) are the predicted
mean RSS and its corresponding variance of AP b signal at the RP location, respectively.

Let us define A and N’ as the set of cluster-centers and the number of RPs that are grouped
under a cluster center, respectively. Here, N’ may vary with the cluster, where N’ < N. At first,
coarse localization is performed to find the exemplar (cluster-head) RP. The exemplar RP (RFP;)

is determined in two different ways in the proposed approach as follows:

RP. = argmax,, [P (RP,,|AP,)], m € A (5.17)

wr— w1r7¢2ra---7w3r] (518)

RP, = argminmea ‘

where zz and zb_m> are the stored and online observed RSS vectors, respectively. In (5.17), given
the online-acquired RSS data, any RP in A that has the largest posterior probability is chosen as
the cluster head, whereas in (5.18), the RP in A that has the least RSS distance with the online-
observed RSS data is determined as the cluster head.
Finally, the fine localization estimation is estimated as a weighted sum of N’ RPs with their
respective probabilities as follows:
N
E= ZPT(RPi\AP*) x Rp; (5.19)

i=1
5.5.2 Experimental Setup

The training data were obtained on the third floor of the IT building, Chosun University. The
testbed is an academic area with frequent movement of people along the hallways. The graphical

representation of the testbed is illustrated in Figure 5.2.
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Figure 5.2: Graphical representation of the testbed.

Six APs (BLE beacons) were deployed to cover the whole range of the testbed area where
each AP was set to have an advertisement interval of 300 ms and transmission power of +4 dBm.
The testbed was divided into hypothetical uniform grids with side measurements of 0.9 to
form 203 RPs. An iOS application on iPhone — 6S was used to acquire the RSS data from

the deployed APs. The training data were collected at 11 randomly selected sparse locations
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(S = 11) where 10-time samples of RSS in four different directions (¢ = 40) were recorded at
each measurement location. For the locations with undetected APs or null reading from the BLE

beacons, a default value (invalid data) of —95 dBm was used [69, 76].

5.5.3 Experimental Results and Discussion
RSS Prediction using GPR

The GPR was employed to build the posterior mean RSS and its variance at each of the RPs on the
testbed. To compare the accuracy of the predicted RSS data, RSS data was manually measured
across all the RPs on the testbed. Figure 5.3 presents the predicted mean RSS as well as the
manually recorded RSS data of AP, (see Figure 5.2) at the testbed. Similarly, Figure 5.4 presents

the corresponding standard deviation of the predicted mean RSS.

Actual Measurement
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Figure 5.3: Comparison of predicted and manually measured RSS of AP, at the measurement

locations.
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Figure 5.4: Corresponding standard deviation of the predicted RSS of AP, at the measurement

locations.

The comparison of the predicted and manually acquired RSS shows that the predicted RSS is
almost similar to the real measured data. In particular, the mean difference between the predicted
and manually measured RSS data was 6.50 dBm. The surface plot of the predicted RSS of AP,
on the testbed is shown in Figure 5.5. The surface in red on Figure 5.5 depicts the region on
the testbed close to the true location of APj. Similarly, the surface plot of the corresponding
standard deviation is presented in Figure 5.6. The surface in blue color in Figure 5.6 indicates that
the measurement (training) data are available in the surroundings whereas the red/yellow surface

indicates the lack of measurement data around it.

87

Collection @ chosun



RSS prediction [dBm]

y-coordinate 0 o x-coordinate

Figure 5.5: Surface plot of the predicted RSS of AP, on the testbed.
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Figure 5.6: Surface plot of the corresponding standard deviation of the predicted RSS of AP, on
the testbed.

The proposed method is able to minimize the time-consuming and labor-intensive problems of
conventional fingerprinting localization. For an instant, the GP model was trained using training

data from 11 measurement places to populate the radio map database for the entire testbed (203

RPs) environment.
88
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RSS Clustering using APC

The predicted mean RSS obtained from the GPR operation was fed to the APC for RSS clustering.
The results of the APC operation with varying numbers of APs on the testbed is presented in

Figure 5.7 and 5.8.
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Figure 5.7: The variation on the number of iterations with respect to the damping factor.
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Figure 5.8: The variation on the number of clusters with respect to the damping factor.

The minimum number of iteration was observed at v = 0.6 for six APs. Since the minimum
number of iterations also signifies the minimum computational cost, v with the lowest number of
iterations was chosen for each size of APs deployment.

Note that the computational complexity of conventional probabilistic approach of the finger-
printing method is O(N B), where N is the total number of fingerprints to be compared and B is
the total number of deployed APs in a given indoor environment. It shows that the computational

complexity increases with the size of N. However, in the proposed method, the coarse localiza-
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tion stage reduces the area of interest from N RPs to N'(N’ << N), which reduces the total
number of fingerprints to be compared for fine localization. The computational complexity of the
proposed method becomes O(N’B) owing to APC clustering that minimizes the searching space

of RPs and reduces computational complexity.

Localization Performance of the Proposed Method

The proposed method is evaluated under the deployment of different numbers of APs on the
testbed (4, 5, and 6 APs). For the deployment scenarios of four and five APs in the testbed, (AP,
APs) and (APs) were removed from the testbed, respectively (see Figure 5.2). Both decision
rules were implemented for the cluster-head estimation given by (5.17) and (5.18). The suggested
method was compared with a typical GPR-based probabilistic method [83] and the Hours method
[75]. Note that the Horus method estimates the location of the tag device that has the largest
posterior probability through Bayesian interference [94]. In addition, the Horus method uses a
clustering module where any cluster is a set of RPs sharing a common set of Wi-Fi APs. In the
experiment, APC was applied to the manually measured RSS data for the Horus method where
(5.18) determines the cluster-head. Figure 5.9 presents the CDF of the localization estimation
error where only the Horus method uses the manually constructed radio map database and other
methods under comparison use the predicted RSS data.

As presented in Figure 5.9, the proposed method using RSS distance as the cluster-head de-
cision rule has a probability of 48% that the localization error is below 2 m. Similarly, for the
typical GPR and Horus method, the corresponding probabilities are 15% and 34%, respectively.
The proposed method utilizing the RSS distance given by (5.18) as the exemplar decision rule per-
formed better compared to the largest posterior probability given by (5.17). The use of (5.18) is
recommended for the proposed method, whereas (5.17) can be used when (5.18) is not available.

Furthermore, note that approximately 7.5% of the localization estimation error in above 4.5

m in the proposed method owing to the following reasons:

1. Wrong exemplar estimation in the online phase: Due to the random fluctuation in the re-
ceived RSS, the positioning system may lead to the estimation of an RP as an exemplar that
is physically far away from the real position of the tag device. Since the RPs grouped under
the cluster-head are responsible for the final localization estimation, the wrong estimation

of the exemplar eventually adds some localization estimation error.

2. The outliers at the preprocessing in the offline phase: Although APC has initialization-
independent property, the clustering algorithm might lead to an RP that belongs to a cluster
but is physically away from the cluster-head [62]. This problem can be minimized by con-
sidering the benefit of the known position of each RP where each outlier RP can be forced
to join the cluster characterized by the exemplar at the minimum distance from the outlier

itself.

90
Collection @ chosun



1.0+ I
0.9— = _’," __./:’;’
[ T - -~ /‘/ ,1
g 0.8 T
£ 0.7] A
E . ] _ | ‘/, I.r/
b 0.64 ) '// ’!_r
= ; e 4
8 05 R i
o ] i i
P — - / I.’
8 0.4 v y
1 | ;
= 0.3 G
® ] v Proposed method with (5.18)
E 0'2__ |"‘|/ ,./ —-—-- Proposed method with (5.17)
3 0.1 g - - - Horus+ APC
T A e e e e e Typical GPR
OO T T T T T T T T T T T T T T T T T T T T T T 1
O 1 2 3 4 5 6 7 8 9 10 11 12

Localization estimation error [m]

Figure 5.9: Cumulative probability function of the localization estimation error.

The average error of localization estimation with different numbers of APs deployment on the

testbed is shown in Figure 5.10.
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Figure 5.10: Average localization estimation error from different positioning methods at different

AP density scenario.
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Figure 5.10 shows that the decrease in AP density at the testbed environment increases the
localization estimation error. The suggest IPS approach outperforms the existing methods in terms

of localization accuracy and computational complexity.

5.6 Concluding Remarks

This chapter proposes the practical fingerprinting localization technique that is able to solve the
two major problems of the conventional probabilistic fingerprinting localization system. First, the
suggested method proposes to use a regression approach to predict the RSS information for the
whole testbed utilizing very little training data. It helps to reduce the workload of the painstaking
offline procedure. Second, it suggests using clustering in order to reduce computational complex-
ity. Hence, the regression and clustering approaches are combined in IPS to address the real issues
of the conventional fingerprinting localization.

The GPR was implemented as a regression component and APC as a clustering component.
GPR predicts not only mean RSS but also the corresponding variances that are helpful in the
probabilistic approach of fingerprinting localization. In addition, APC is initialization indepen-
dent and performs better clustering results. Hence, the APC algorithm was used along with a
machine learning approach of fingerprinting localization.

The mathematical model of GPR and APC are elaborated and their respective results of RSS
prediction and clustering are illustrated and analyzed in this chapter. The positioning result of
the proposed method was compared with an existing probability based fingerprinting methods.
Furthermore, the positioning methods were evaluated with different numbers of AP deployment

environment.
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Chapter 6

Conclusions

In this dissertation, some novel approaches are presented to improvise the conventional finger-
printing localization and solve the real issues of fingerprinting localization system. Since GNSS
cannot perform at indoor, various alternative technologies have been used for IPS development.
The BLE beacons are utilized to realize the proposed approaches owing to the fact that it con-
sumes less energy and is embedded in many latest smartphones and tablets. Although the finger-
printing method has become a prime choice in the design of IPS owing to its good localization
accuracy, its offline workload and online computational complexity grow with the size of the
testbed area. The proposed methods address these problems and minimize the practical limits in
realizing reliable IPS. In what follows, a summary of those approaches in the order they appear
in the dissertation.

In Chapter 4, the process flow of the conventional Wk-NN fingerprinting localization is pre-
sented. The working procedure at the online and offline phases of the Wk-NN fingerprinting
localization are illustrated in detail. The first proposed method is intended to reduce the offline
workload of a typical Wk-NN fingerprinting approach. The suggested method takes advantage of
WC localization and uses it twice in a pipeline to perform localization estimation. The major con-
cept of this approach is to use less number of RPs with large space between them, yet yielding the
localization result comparable to Wk-NN fingerprinting approach. For this, the method estimates
the WC of the nearby APs and k-NN RPs (lightly populated RPs). Now, second WC estimation is
performed utilizing the first WC estimation and the k-NN RPs. Hence, the proposed approach is
able to minimize the number of RPs on the testbed that eventually reduces the offline workload.
The experimental results with real field deployment at two different indoor environments show
that the proposed method reduces the total number of RPs by 41.49% at the corridor and 49.23%
at the computer lab.

The second proposed technique in Chapter 4 tries to address the problems at the online phase
of the typical Wk-NN fingerprinting localization. The suggested method improves the localization
accuracy, minimizes the computational cost, and reduces the physical size of the fingerprinting
radio map database. To achieve this improvisation, it uses multiple features to define a fingerprint
of an RP and employs RSS clustering. This approach also takes advantage of WC localization
as in the first approach but uses it like a fingerprint. Hence, the fingerprint information at an RP
contains the WC estimation from nearby APs and the ranks and signal strength of those APs. Note
that the fingerprint information is generated from the signals from the nearby APs only. Hence,
it helps to significantly reduce the physical size of the radio map database. On the online phase,

coarse localization is performed to determine the cluster-head. Here, the online WC estimate is
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compared with the stored one to decide the cluster-head. The proportional weight is given to the
WC-based and RSS-based Wk-NN approaches for the final localization estimation. The observed
experimental results show that the proposed method can reduce the database size by 69.7% in the
testbed environment. The proposed method also outperforms the existing Wk-NN fingerprinting
in terms of localization accuracy and computational time.

Finally, in Chapter 5, the third contribution of the dissertation is presented. The fingerprint-
ing localization can also be realized using a probabilistic approach. Here, the mean RSS and its
standard deviation of each at the RPs is stored in the radio map database. On the online phase, a
probability distribution over the RPs is estimated employing the observed RSS and stored RSS
and variance. The localization estimation by probabilistic-based fingerprinting localization is bet-
ter than the deterministic-based or Wk-NN fingerprinting localization. However, the computa-
tional complexity increases in the probabilistic approach of fingerprinting. Therefore, using the
probabilistic approach of fingerprinting localization helps to improvise the localization accuracy
with an increased online computational cost. Furthermore, the major issue with the conventional
fingerprinting localization is the effort seeking offline radio map construction phase. A novel po-
sitioning method is proposed that not only reduces the offline workload but also minimizes the
computational complexity of the probabilistic-based fingerprinting method.

The use of regression is proposed for prediction of RSS data at the locations without prior
measurements. In particular, very little training data is used to train a GP model, which is able to
predict the RSS and its variance at all the RPs on the testbed. For the computational cost, APC
is used to extract the RSS clustering information as in Chapter 4. Hence, a combination of GPR
and APC is proposed to solve the real issues that are cemented on the conventional fingerprinting
localization. The proposed method is evaluated along with the typical GPR-based method and the
Horus with APC through real field deployment. The experimental results show that the proposed
method can minimize the offline workload and increase localization accuracy with a decreased

computational cost.
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