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ABSTRACT

DEVELOPING AN INDOOR LOCALIZATION METHOD
FOR THE INTERNET OF THINGS (IoTs)

Husam Zaki Mohammed OTHMAN

Anadolu University
Graduate School of Sciences

Electrical and Electronics Engineering Program

January 2019

Supervisor: Assoc.Prof.Dr. Nuray AT
Co-advisor: Assist.Prof.Dr. Cihan TOPAL

In this thesis, a new indoor localization system that uses Raspberry Pi 3 In-
ternet of Things (IoT)-enabled devices is developed. In this context; first, an online
Radio Frequency (RF) fingerprinting positioning approach is proposed instead of
the traditional offline RF fingerprinting positioning. Using Wi-Fi received signal
strengths, and by employing K-Nearest-Neighbour (KNN) algorithm, the effective-
ness of the new approach is evaluated on a two-dimensional positioning system

through real-life experiments.

Next, the applicability and performance of the proposed online RF fingerprint-
ing localization approach is studied on a three-dimensional positioning system. To
this effect, seven distance metrics together with three location prediction methods
are tested in the KNN algorithm. Additionally, effects of channel interference on
both positioning accuracy and system robustness are investigated. The proposed
and implemented indoor localization method presented in the thesis is unique when
it comes to the approach, devices and the environment of deployment, and it is

successfully shown to yield promising results.

Keywords: Indoor positioning; RF localization; Wi-Fi fingerprinting; Received

signal strength; Internet of Things.
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OZET

NESNELERIN INTERNETI (IoTs) ICIN
IC ORTAM KONUMLANDIRMA
YONTEMI GELISTIRILMESI

Husam Zaki Mohammed OTHMAN

Anadolu Universitesi
Fen Bilimleri Enstitiisii
Elektrik-Elektronik Miihendisligi Anabilim Dah

Ocak 2019

Danisman: Dog.Prof.Dr. Nuray AT
Es-danigman: Dr.f)gr.iiyesi Cihan TOPAL

Bu tezde, nesnelerin interneti (IoT) uyumlu Raspberry Pi 3 cihazlar kul-
lanilarak yeni bir i¢ ortam konumlandirma sistemi geligtirilmistir. Bu kapsamda
ilk olarak, geleneksel ¢evrimdisi RF parmak izi konumlandirma yontemi yerine
cevrimici RF parmak izi konumlandirma yaklagimi énerilmistir. Onerilen yaklagimin
iki boyutlu konumlandirma igin etkinligi, en yakin K-komsu (KNN) algoritmasinda

Wi-Fi sinyal gii¢ degerlerinin kullanilmasiyla gosterilmistir.

Daha sonra, onerilen ¢evrimi¢i RF parmak izi konumlandirma yaklagim iig
boyutlu konumlandirmada i¢in uygulanabilirligi ve performansi incelenmistir. Bu
amacla, KNN algoritmasi yedi farkli uzaklik metrigi ve ti¢ farklikonum tahmin yon-
temiyle gerceklenmigtir. Kanal girigsiminin konumlandirma dogruluguna ve sistem
glirbiizliigiine etkileri ayrica gosterilmistir. Bu tezde onerilen ve gerceklenen i¢ ortam
konumlandirma yontemi, cihazlar ve ¢alisilan ortam goz oniine alindiginda 6zgiindir

ve umut verici sonuclar verdigi bagariyla gosterilmistir.

Anahtar Kelimeler: I¢ ortam konumlandirma; RF lokalizasyonu; Wi-Fi parmak

izi; Alinan sinyal giicii; Nesnelerin interneti.
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1. INTRODUCTION

1.1. Overview and Motivation

Internet of Things (IoT) phenomenon is just around the corner of becoming a real-
ity rather than a virtual promising theory. Along with the advancements in sensor
technology, a wide variety of intelligent and powerful positioning systems are be-
ginning to take part in the scope of our daily life. For instance, Global Positioning
System (GPS) has been used for a long period of time for positioning in outdoor
environments. However, since satellite signals cannot penetrate walls and roofs of
buildings, GPS cannot be used indoors. While people in general are spending more
time in indoor environments than outdoor, the need for robust indoor localization

methods is growing with great relevance in today’s world.

Indoor Positioning System (IPS) is the upcoming technology to be used inside
buildings to locate things or people. Its development considers a number of technol-
ogy stack components. These components or levels are aspects that contribute to
the improvement of localization accuracy, system robustness and cost effectiveness.

Figure 1.1 shows the main levels for developing an indoor positioning system starts

Technology Stack

Application level

¥ o 3 E "
Phone & § a . B8 @& K& Localization & .
Processor ‘ Sensors % § _g m  Android i0S = E % &]0 = P ritims Filters
‘ 3 =

Figure 1.1. Technology stack review for localization systems

from chip level. It is the level where chipset manufacturers, such as Qualcomm and
Broadcom in case of a smartphone, improve phone sensors for positioning purposes.

In the hardware level, different companies produce a wide variety of hardware sen-



sors, including Raspbbery Pi mini-computers, RFID tags, and Beacons. In the next
level, operating systems such as Google’s android and Apple’s i0S, follow differ-
ent approaches in location determination. Then, the technology level describes a
range of radio frequencies to be used according to the required deployment. Finally,
the highest level that makes use of all the previously mentioned components is the

application level.

The main differences between GPS and IPS systems are compared in Figure 1.2

GPS IPS

Outdoor navigation Indoor navigation

Satellites for positioning WiFi, UWB, BLE, ZigBee, RFID, LiFi...
Uses lateration techniques Uses lateration and fingerprinting techniques
Standardized No standard yet

Figure 1.2. GPS vs. IPS

Several positioning techniques are proposed in literature to improve localiza-
tion accuracy indoors. For instance, parametric techniques, such as trilateration and
triangulation, are used by many researchers who consider proximity detection via
radio signal propagation models [1]-[5]. Radio propagation models generally assume
that the signal has an isotropic behavior. This assumption is violated by the fact
that surrounding objects absorb, reflect, diffract and scatter the signal, which then
introduces a non-isotropic radio map affecting the strength of the signal. In other
words, geometrical distance estimation would fall short in these systems.

The geometry used in the trilateration technique is shown in Figure 1.3. This para-
metric technique basically derives equations P1,P2,P3 from the access points (in
case of WiFi positioning), and then estimates distances r1,r2,r3 accordingly. The
target location B is estimated to lie in the intersection area of the circles formed by

those three distances or radii.

Instead of deriving radio propagation equations, non-parametric models learn
the surrounding structure of the environment by collecting reference measurements [6].
Fingerprinting technique is such a non-parametric process. Traditionally, it consists
of two phases: an offline phase where a radio map is constructed through manual

collection of received signal strength indicator (RSSI) measurements of specific ref-



Figure 1.3. Trilateration parametric model

erence points (RPs). And, an online phase where an unknown location is mapped
and estimated. This process can be seen in Figure 1.4. RSSI is considered as a
power-based model which may be unreliable when compared to synchronized time-
based methods including Time of Arrival (ToA) [7] and Time Difference of Arrival
(TDoA) [8] models. However, it is of low complexity and it is available in most

wireless communication devices.
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Figure 1.4. Traditional RF fingerprinting localization model

Currently implemented RSSI-based localization algorithms mainly rely on ei-
ther a probabilistic approach or on a machine learning approach. Most implementa-
tions of the fingerprinting technique employ machine learning algorithms to map the
unknown location to an already constructed radio map. This is because when com-
pared to other approaches, it provides a good trade-off between less computational

time and reasonable accuracy.



The general motivation of this thesis is to improve fingerprinting-based local-
ization and to evaluate real-life data with the help of IoT devices. Thanks to IPv6,
there is much room for things to be assigned internet protocols (IP). Hence, objects
would be enabled to connect with humans through dynamic yet sophisticated net-
works. This approach allows big stores to equip their warehouses with a smart and
dynamic localization system. It can also be applied to libraries for book categoriza-
tion, and in institutions for archive monitoring. There would be no need for the
tedious work of neither manual assignment of paper labels, nor manual fingerprint
collection. An automatized online fingerprinting-based localization system will be a

key factor for successful location-based services (LBS).

1.2. Thesis Outline

The thesis is outlined as follows:

Chapter 2 overviews the background for indoor localization techniques, categoriza-
tions and technologies that are used in literature. Chapter 3 introduces online fin-
gerprinting, system hardware and software setup, localization algorithms and met-
rics used in the study. Chapter 4 provides a study of 2D indoor positioning and
discusses the effectiveness of the proposed online fingerprinting approach through
real-life experiments. Chapter 5 evaluates the performance of a 3D localization sys-
tem, implements several distance metrics and location prediction methods and also
discusses the effect of interference on localization accuracy and system robustness.

Chapter 6 concludes the study and provide suggestions for future work.



2. RELATED WORK

Indoor positioning systems have been designed to be used in many active
environments and for different purposes in our life. For instance, it is used for way
finding on campus [9], hospitals [10], by cognitive impaired people [11] and also in
museums [12]. It can even be used for monitoring purposes like watching elderly [13]
as well as infant behaviors. It can further be used for analyzing the behavior of
employers inside highly confidential places specifically institutions, organizations

and banks and for advertising purposes.

A decent number of indoor positioning schemes were proposed using various
technologies such as Wi-Fi [14], Bluetooth [15], RFID [16], ultra-wideband [17] and
ZigBee [18], all of which are short-range wireless communication technologies with
low power consumption [19]. LED [20], Audialbe Sound [21] and Virtual Finger-

printing [22] are also technologies that could achieve promising results.

RADAR [23] and MOTETRACK [24] are two of the earliest works that im-
plemented the fingerprinting technique in a centralized and a distributed manner
respectively. They both used K-Nearest Neighbor (KNN) algorithm as a positioning
algorithm. RADAR provided an accuracy of about 2-3 meters. However, MOTE-
TRACK being a distributed system was more robust in terms of node breakdown
errors and provided an accuracy of about 1-1.7 meters. The method in [25] has taken
environmental changes into account by constructing a matrix of not only RSSI fin-
gerprints but also temperature, ambient noise and humidity measurements obtained
by different sensors. This could also further improve the results of RADAR in some

cases.

SmartSLAM [26] used available cellular phones as RSSI fingerprint collectors
for building up a radio map in the server. The map in the server is then used
for online positioning [27]. In [28], a Wi-Fi fingerprinting-based system was intro-
duced that used the Euclidean distance as a similarity metric with weighted KNN
(WKNN). In [29], another system called ZIL was proposed using ZigBee technol-
ogy which provided its best accuracy using the Manhattan distance as a similarity

metric with WKNN.

Fusion of data obtained from the different sensors of a smartphone such as
barometer, accelerometer, and gyroscope, has been adopted in some studies [30]-
[33]. For instance, a multi-story experimental study in [30] implemented 2D particle
filter and has achieved a sub 1.22 meters of positioning accuracy. Results were
further improved by introducing a 3D particle filter in real-time [31]. However, both

studies used radio propagation models to estimate locations. Not only fusion of



data, but also fusion of different technologies such as Wi-Fi and Bluetooth has been

considered to refine Wi-Fi positioning accuracy [34].

In [35], a general model for categorizing localization system requirements
demonstrates the multiple factors to take into account when designing a position-
ing system. An extended version of this model has been given in this thesis as in

Figure 2.1.

Localization

Scenario Mobility

Indoor Mobile

Outdoor Static

Anchors Device

Anchor-based Device-based

Anchor-free Device-free

Range Calculation

Range-free Centralized
Range-based Distributed

Cluster-based

Dimensions Coordinates

D Relative

ol L Ml [k
ittt

D Absolute

Figure 2.1. Categorization of localization systems

Localization systems can be categorized according to different factors. First
of all, the indoor and outdoor scenarios are represented by IPS and GPS tech-
nologies respectively. Target coordinates can either be absolutely estimated using
propagation behavior (parametric models) or relatively referenced to some known
coordinates (fingerprinting models). These targets might rely on static objects for
positioning [36] or they can be mobile [37]. They can be active radio devices (device-
based) or they can be passive humans (device-free) [38]. Some localization systems
need to know the preconfigured positions of anchor devices to rely on during po-

sitioning (anchor-based) and some others use the interaction between local anchor



devices to estimate their locations and don’t rely on manual measurements of their
physical locations (anchor-free) [39]. Centralized localization takes place in a cen-
tral computer [23], whereas distributed localization is done by nodes themselves [24].
In the cluster-based localization [40], a representative cluster is calculated for each
subset of data by performing local location estimations. Range is also a factor that
determines precision of a system. Positioning systems that require a hardware range
measuring tool like RSSI in a wireless device, are called range-based. On the other
hand, a range-free approach is considered in systems where each node determines its
position by calculating a centroid depending on cooperative connectivity with other
nodes [41].

In this study, we propose an online fingerprinting-based localization model
(published work see [42]). Unlike the offline fingerprinting-based localization model,
the whole localization process is performed within a single phase. Wi-Fi RSSI mea-
surements collection and localization algorithm are executed straightforwardly in
real-time. The advantages of our approach on the localization accuracy are ana-
lyzed through real-life experiments. Then, a performance evaluation of a 3D online
fingerprinting-based localization system has been considered. The effect of different
similarity metrics and location prediction methods on the positioning accuracy is
analyzed, finally the effect of co-channel interference on both localization accuracy

and system robustness is examined through realistic experiments.



3. SYSTEM SETUP

3.1. Online Fingerprinting-based Localization

Advances in technology have lead to today’s ease of implementation of light-weight
sensors. They have become cheap yet much more powerful, efficient and easy to
program. Many people tend to appreciate technological improvements that can fa-
cilitate their lives. By this study, we aim to improve fingerprinting-based indoor
localization. Instead of collecting RSSI data at reference points manually, we pro-

pose an automatized system that is able to promote indoor localization process.

In this work, a 3D sensor network grid is designed to enable obtaining real-
time RSSI fingerprint maps of the environment in few seconds. Unlike offline
fingerprinting-based systems, our approach suggests to exclude the traditional offline
phase by obtaining an online RSSI radio map whenever a target requests information
about its position. Note that offline phase is a time-consuming stage. Moreover,
shadowing effect caused by human body during the construction of an RSSI radio
map due to manual measurements made by the user cannot be at high accuracy.
Finally, outdated radio map is another issue when it comes to the dynamic en-
vironment conditions (displacement of objects, moving people and/or the opening
and closing of room doors). The proposed online fingerprinting-based localization

scheme is illustrated in Figure 3.1.

Online RF Map
RyRS, RS RE (X, 2)
R, R85, LRy,RSS T RE (X, 2)
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Figure 3.1. Proposed online RF fingerprinting-based localization model

Advantages of online fingerprinting can be summarized as follows:



e Online (real-time) radio maps that enable fast localization.
e Automatized collection of RP RSSIs (no user involved shadowing).

e Dynamic approach (updatable radio maps for temporal variations).

3.2. System Hardware

The system consists of six Access Points (APs) located on the top of two opposite
walls in a 9.5x6.1 meters room. Inside the same room, a 4x3x3 grid of Raspberry
Pi 3 (Pi3) devices are mounted on metal shelves as seen in Figures 3.2 - 3.4. Each
set of nine Pi3s are connected to a single switch via Ethernet ports. Switches are
connected in a serial manner through a single router. Router is accessed from the

server wirelessly.

Figure 3.2. Mounted Pi3 device

Online fingerprinting locations (fixed reference points) are distributed as a grid
that covers the whole area where shelves lie. They are about 1.3 meters apart in
X-axis, 1.9 meters apart in Y-axis and about 1.1 meters apart in Z-axis as seen in
Figure 3.5.

Therefore, 36 Pi3s are connected as reference points in a 3D physical space



Figure 3.3. Pi3 network grid in the lab

through a router to a server computer. Pi3s scan the area for available Wi-Fi net-
works, generate their respective run-time RSSI measurements received from access
points, and then send these values to the server. The whole process of constructing
RF map of the environment is performed within few seconds. In the server side, an
application is handling a TCP/IP connection. At displays an average RSSI reading

of last five seconds, for each Pi3, and for all associated APs.

O Reference Point
//\ 1\\ .
|~ Access Point

® Random Object

Figure 3.4. Pi3 network grid illustration of the lab
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Figure 3.5. Detailed description of the system

3.3. System Software

3.3.1. Technical configuration

In this study, a Wireless Local Area Network (WLAN) is used to connect the Pi3
devices to the server computer in the lab. Pi3 devices scan the whole area in the
2.4GHz wireless band (using Pi3 built-in wireless antenna) and get the RSSI readings
of all the available access points. The server application receives and filters only the
six TP-LINK brand APs that are mounted in the lab. Note that TP-LINK wireless
device transmission power is adjustable. During experiments, they are fixed to a
minimum value due to the small-scaled lab environment. APs are configured to be

in separate channels as in Figure 3.6 to avoid potential co-channel interference.

AP1 AP2 AP4 AP3 APS AP6 Access Point
CH1 CH2 CH3 CH4 CH5 CH6 CH7 CH8 CH9 CH10 CH1l CH12 CH13 CH14  Channel
2412 2417 2422 2427 2432 2437 2442 2447 2452 2457 2462 2467 2472 2484 Center Frequency

(GHz)

22 MHz

Figure 3.6. WiFi channel configuration of the APs
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3.3.2. Application setup

As soon as Pi3s are launched, an application written in Python acts as a client
that runs on boot to scan for available APs and sends the RSSI measurements once
they are obtained by the Pi3 driver. It is important to note that the Pi3 built-
in antenna driver has some software drawbacks. It only supports a single band
wireless communication and it allows receiving only one RSSI vector per second.
On the other side, a C# application handles the TCP/IP connection in the server
computer. A snapshot of the server application can be seen in Figure 3.7. Note that

in the case of a Pi3 breakdown, it can be fixed by the user remotely from the server

computer.
a5l TCP-SERVER - o bed
Eoe Rasp.No.  IP Address WMAC Address Rasp. Status  Comm. Freq.  Wi-FiCoumt TPLINK-1 TPLINK2 TPLINK3 TPLINK4 TPLINKS TPLINKG ~
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Figure 3.7. A snapshot of the server application

3.4. Localization Algorithms

3.4.1. K-Nearest Neighbor (KNN)

KNN is a simple yet an efficient classification algorithm for localization. It is based
on classifying data points by majority voting according to the nearest neighbor data
points’ count. K is the number of nearest neighbors. Nearest neighbors are deter-
mined according to a similarity measurement (distance metric). Then, the target
location is generally estimated by calculating a centroid using the locations of the

nearest points. The algorithm is basically as follows:
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Algorithm 1: KNN localization algorithm
Data:

K : the number nearest neighbors in signal space.

s : the number of nearest neighbors in physical space.

THESS : RSSI vector of a target point (query point).

TL : estimated location (%,9, %) of the target point.

RESS: RSSI vector of the mth reference point (online fingerprint).
RL : physical location (z,y, z) of the mth reference point.

d : distance metric.

n : number of access points (WiFi feature vector length).

m : number of reference points.

if TESS 4s empty then
| return

end

m < 1

while RESS belongs to R™P(RESS RL) do
dm < CalculateSimiliarity( RESS | TRSS)

m<«m+1
end

sort(d,, R (RESS RL))
R, < select Kminimum Distance Locations( K, d,,,, R™*®(RESS RLY)
TL = CalculateCentroid(Ry)

return 7'¢

3.4.2. Location Prediction Methods (LPM)

1. Arithmetic Average (LPM-1)
In this method, each of the K nearest points has an equal probability in the

prediction (equally likely points), and the location is estimated as follows:
1 (K K K

2. Weighted Average
An extension of KNN is Weighted K-Nearest Neighbor (WKNN) where clas-

sification is performed by majority voting according to the nearest neighbor
data points’ weight, instead of count. W stands for weights giving nearest

points more contribution to the location prediction than farther points.

The weights can take different forms as follows:
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e LPM-2
In this method, the weight is the inverse of distances where d is the
distance metric (similarity measurement).

T Sh (i 5

i=1 Y 4

Q.|&>
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) (3.2)

e LPM-3
Here, weight is the inverse of the squared distances.
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3.5. Similarity Metrics

The similarity measurement or metric is a distance function that finds a relation
between two points. It is used in fingerprinting localization technique to find the
similarity between a reference point in the radio map and an unknown target point
in signal space. Target point is then KNN classified according to the nearest K

points in physical space.

The following similarity measurements are used in this study:

1. Euclidean Distance Metric

It is the most commonly used distance metric in indoor localization algorithms.
It is basically a straight-line type of distance that measures the difference
between vectors. It is also referred to as L, norm or Ruler distance and is

given by:

i=1

dEV = J S [TRSS (i) - RESS (i) (3.4)

2. Manhattan Distance Metric

Also called L; norm, Taxicab norm, Rectilinear distance or City Block dis-

tance. It is another straight-line type metric in which the distance between

14



two vectors is the sum of the absolute differences of their values. It is given
by:

@ = ST G) - RES () (35)

. Chebyshev Distance Metric

This is also known as the maximum distance metric or Lo, norm. It is where
the distance between two vectors is the largest absolute differences of their

values. It is formulated as:
A5 = maz [T799 (i) - RESS (i) (3.6)

. Canberra Distance Metric

The Canberra distance is a weighted version of the Manhattan distance [43],

where the weight is the sum of the absolute values of vectors. It is given by:

0 =3 [T550) - RES ()
" S TS () [RESS ()

i=1

(3.7)

. Bray-Curtis Distance Metric

Also known as Sgrensen distance. This type of distance is mostly used in
ecology and environmental studies to find similarities/dissimilarities between
species [44]. When it is used for comparing two vectors, it can be nothing but

the normalized Manhattan distance. It is given by:

L R TES() - REEEG))
dBr = -

= ; (3.8)
Y TR + X |RES5 (0))]
=1 =1

. Correlation Distance Metric

Also called Pearson correlation distance. It is related to Pearson’s correlation
coefficient [45]. The Pearson distance finds the possibility of fitting a scatter
plot of THSS and RESS vectors into a straight line. Accordingly, if all points
of the scatter plot fits on the straight line, Pearson correlation coefficient
is considered to be +1 if the line’s slope is positive, or -1 if negative [46].

Moreover, we say there is no linear relationship between the vectors TS5
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and RS9 if their Pearson correlation coefficient is zero. Pearson correlation
distance is then nothing but one minus the Pearson correlation coefficient.
Therefore, the slope of the straight line in Pearson distance falls within the
interval [0, 2] instead of [-1, 1].

It is defined as:

M=

| (TRSS(Z') — TRSS)(RESS (i) — RRSS)

d7Cr’Lr =1= i=1 (39)
Y (TESS(3) = TRSS)2 1 [ 32 (RESS(;) — RRSS)?2
i=1 i=1

where TESS and RESS are the sample means given by:

TRSS — % ZTRSS(i), RRSS — %ZRRSS(Z) (310)
i=1

i=1

. Cosine Distance Metric

Also known as the angular distance. Coming from cosine similarity, this type
of distance employs the orientation of vectors instead of the straight line mag-
nitude by trying to find the cosine of the angle between the two vectors [47].
Thus, if they have the same orientation the cosine similarity is +1, if they are
at 90 degrees, similarity is zero, but if they oppose each other, then similarity
is -1. Hence, cosine distance is nothing but one minus the cosine similarity

and defined as:

> TRSS (i) RESS (i)
=1

dC’os =1-

JE@msa s [Lasoy

i=1

(3.11)
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4. TWO-DIMENSIONAL ONLINE LOCALIZATION

4.1. Experiment Testbed

The testbed for this experiment is a two-dimensional one that consists of a 3x4 grid of
Pi3 devices. To reduce complexity of offline data collection in the traditional model,
RSSI readings of the horizontal plane in the middle of the previously constructed

system are used.

Online fingerprinting locations are 1.3 meters apart in x-axis and 1.9 meters
apart in y-axis. To show the effectiveness of the proposed system, the traditional
RF fingerprinting localization is also performed. The offline fingerprinting locations
are mostly about 65.5 centimeters apart in x-axis and about 62 centimeters apart

in y-axis (excluding the locations where online Pi3s exist) as seen in Figure 4.1.

AP4| ) R = I - P - (( |aP3
e e e
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o | ° | . |
S S SR S S D "
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® ® e
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_ ‘ 65.5cmh:
x-axis < £
B Online Fingerprint < 1.3m
* Offline Fingerprint g
AP6 _,)) e Test Point ((:- AP1

Figure 4.1. 2D testbed of the experiment

Therefore, 12 Pi3s are connected in a two-dimensional physical space. A snap-

shot of the online fingerprinting process is seen in Figure 4.2.

An online fingerprint map consists of RPs averaged RSSI readings of last five
seconds, and for all their respective APs. A test point’s averaged RSSI readings
are taken at the same time while online map is constructed. Test point’s physical

location is also measured in order to calculate mean errors. That is, after estimating
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Figure 4.2. A snapshot of the online fingerprinting

a test point’s location using KNN algorithm, we compare it to the measured coor-
dinates and obtain the mean error as an accuracy measure. The same process is
repeated for 18 test points located in between the fingerprints. Then, all test points’

mean errors are averaged for each K value.

For offline fingerprinting, the map consists of RP averaged RSSI reading of
last ten seconds. Collection of RSSI measurements is performed manually as the
traditional model suggests. These measurements should be affected by shadowing
due to presence of human body. One Pi3 device is used to collect the test point
measurements at the 18 different locations. Mean errors are then obtained in a

similar manner to that of online fingerprinting for all test points.

4.2. Evaluation and Results

The most common similarity measurement used for 2D indoor localization, that is
the Euclidean Distance given in equation (3.4), is used once with LPM-1 given in
equation (3.1) which represents the basic KNN algorithm, and another time with
LPM-2 given in equation (3.2) which represents the extended WKNN algorithm.

4.2.1. Offline fingerprinting
In this scheme, the minimum mean error achieved for all the 18 test points was 1.29
meters using KNN algorithm with a total of 37 RSSI measurements and a lookup

of the nearest five RPs (K=5). However, when applying WKNN algorithm with the

same parameters, the minimum mean error achieved was 1.3 meters as summarized
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in Table 4.1.

Table 4.1. Offline Fingerprinting Results

Test Parameters

Fingerprinting Scheme - -
Total Fingerprints | K | Mean Error(m)

Offtine(KNN) o - 1.29
Offline(WKNN) 1.30

4.2.2. Online fingerprinting

In online fingerprinting scheme, the minimum mean error achieved for all the 18 test
points was 1.04 meter using WKNN algorithm with a total of 12 RSSI measurements
and a lookup of the nearest four RP fingerprints (K=4). However, when applying
KNN algorithm with the same parameters, the minimum mean error achieved was

1.11 meter as seen in Table 4.2

Table 4.2. Online Fingerprinting Results

Test Parameters

Fingerprinting Scheme - -
Total Fingerprints | K | Mean Error(m)

Online(KNN) 12 A 1.11
Online(WKNN) 1.04

4.2.3. Online vs. Offline fingerprinting

When the two schemes are compared, we can clearly see the effectiveness of online
fingerprinting. The results are improved using both KNN and WKNN algorithms
and with different K neighbors as seen in Table 4.3.

Figure 4.3 shows clearly how online fingerprinting results are significantly bet-
ter than those of offline fingerprinting as K increases. This is due to real-time scene
learning of the surrounding environment along with surpassing the human shadowing
effect. These temporal variations and shadowing effects can theoretically degrade
the performance of any wireless-based system. It is obvious in our case, that they

affected wireless-based indoor localization results.
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Table 4.3. Comparison of Fingerprinting Schemes

K Mean Errors(m)

Online(WKNN) Offline(WKNN) Online(KNN) Offline(KNN)

1 1.752 2.110 1.497 1.876
2 1.209 1.478 1.223 1.431
3 1.120 1.352 1.170 1.326
4 1.039 1.351 1.106 1.335
5 1.092 1.301 1.184 1.289
2_2 ] T T T T I T T T T I T T T T I T T T T I T T

- T

I - = Online(KNN) -

£ T —+—Online(WKNN) 1

S 154 -
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1 2 3 4 5
Number of nearest RP(k)

Figure 4.3. Online vs. Offline fingerprinting

4.3. Contribution

Proving superiority of online fingerprinting over offline fingerprinting can pave the
way towards a dynamic world of IoT projects and smart systems. It allows real-time
radio mapping through on ground always existing reference measurements. The up-
to-date radio maps are obtained at any time and by a single click at the server.
These up-to-date fingerprint maps of the environment helps the system to remain

relevant no matter how the structure of the environment changes.

Moreover, online fingerprinting improves fingerprinting-based localization tech-
nique by producing more accurate and efficient systems. A wide variety of cheap
devices can be employed with this approach and make such an affordable system.

According to the experimental results, the following comments can be made:

e Despite the fact that offline fingerprints are closer to the test points in our

experiment, online fingerprints improved the accuracy by 19%-23%.
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Online fingerprints being an instant-based scheme provide more dynamic solu-
tion that can adapt to even the small environmental and surrounding structure

changes.

In literature, taking more fingerprints is always recommended. However, in
this study, online fingerprints (only 12 fingerprints) provided more accurate
results than the very dense offline fingerprints (37 fingerprints). The reason
could lie upon different factors. One of which is the consistency of the online

system due to the previously mentioned advantages.

Online fingerprinting is an automated approach while offline fingerprinting
needs manual collection of dense fingerprints which is a tedious work and
takes much more time. Moreover, when a person collects the offline fingerprints

shadowing effect influences the measurements, hence, the localization accuracy.

Online fingerprinting cope with the future of IoT development and provide a

smart solution for business platforms.

21



5. THREE-DIMENSIONAL ONLINE LOCALIZATION

5.1. Wireless Channel Interference

5.1.1. Introduction

Channel interference is a challenging phenomenon in wireless communication. It
affects wireless systems by forming either constructive or destructive signals at the
receiver. In other words, when two or more signal waves meet, they tend to interact
by constructing a wave with either a higher signal strength or a lower signal strength

than the original signals.

There are two main types of channel interference:

e Adjacent Channel Interference
This happens when signals are occupying adjacent channels so that they par-

tially overlap in the frequency domain.

e Co-Channel Interference
This happens when signals are occupying the same channel frequency band-

width so that they totally overlap.

5.1.2. Hypothesis

In wireless networking, co-channel interference causes network performance slow-
down. Whereas, adjacent channel interference causes packet corruption or loss.
Since our application is about measuring power (RSSI) and does not include packet
transfer between APs and Pi3s, adjacent channel interference might not play a big
role in degrading the performance of the system. However, co-channel interference
could have some effect on the power reading procedure, thus, the system robustness.
According to [48] and [49] it is evident that co-channel interference has a greater

impact on signal strength than adjacent channel interference.
5.1.3. Quantifying the interference
The measure we used to quantify channel interference is the variance of mean errors.

For each target point, RSSI measurements are obtained at six different time intervals.

The variance of target localization mean errors achieved in those six time intervals
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is then calculated. This variance value can determine how consistent the system

would be. That is, the less the variance value the more robust the system will be.

5.2. Experiment Testbed

Here we used the full constructed testbed that consists of a 4x3x3 grid of Pi3 devices,
i.e. 36 Pi3s are connected as reference points in a three-dimensional physical space.
Online fingerprinting locations are about 1.3 meters apart in X-axis, 1.9 meters
apart in Y-axis and about 1.1 meters apart in Z-axis.
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Figure 5.1. 3D testbed of the experiment
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Figure 5.2. Test point grid illustration

During experiments, six Pi3 devices are added within the grid to act as test
devices. They are used in different rows as a set of test points. For each set, an

online fingerprint map consisting of RSSI measurements that are averaged in five

seconds for the 36 RPs is uniquely constructed.

Those measurements are then fed to the KNN algorithm to map with the

physical locations and mean errors are calculated. 24 sets, i.e. 144 test points are
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chosen on shelves as seen in Figure 5.1 and Figure 5.2. Test points are about 0.53

meters apart in Y-axis.

5.3. Selection of K Number of Nearest Neighbors

In literature, K is usually chosen to be small (K = 1,...,5) in order for the KNN
algorithm to discard far points. This could be the case in 2D scenarios due to
their application in large scale areas. However, in our 3D localization setup, rather
a small scaled area is considered. Hence, larger K values should be examined to
determine the most suitable K integer value. In this 3D experiment, we examined
all the possible values of K, i.e. from 1 up to 36. Then, we have demonstrated in
Table 5.1 the most relevant results (K = 2,...,14).

5.4. Similarity Metrics Analysis

Several distance metrics are used in this work to provide an extensive study on our
3D localization system. Similarity metrics can interpret the relation between data
points in different ways. Some by finding the straight-line distance such as in the
case of Euclidean distance, others by finding angles between vectors as in the case of
Cosine distance, and many more ways. For the algorithm to to learn an environment
properly, it needs to be employed with the suitable distance metric. It has been
found through the experiments that Correlation and Cosine distances with LPM-1,
LPM-2 at K=9, K=13 respectively have the least minimum mean errors (MMEs)
of 1.371m and 1.377m, respectively as seen in Table 5.1. Other distance metrics
MMEs are relatively high. For instance, Euclidean distance’s MME is 1.444m when
K=12 with LPM-3 as seen in Figure 5.3. Manhattan, Chebyshev, Canberra and
Sorensen distances show quite similar MME results around 1.460m. Generally, the

best results seem to appear at K=12 for most of the distance metrics.

Performance of Correlation and Cosine distances for different K values can be
seen in Figures 5.4 and 5.5. The figures show an inversely proportional relationship,
that is, as K increases, mean error decreases. This behavior appears at all LPMs.
However, this changes when number K reaches a certain value as seen in Figure 5.4,
where the critical value occurs at the value of 9 with LPM-1; the best performing
method for correlation distance. Whereas for cosine distance, there are two critical
values: one at 8 when the mean error of LPM-1 starts to increase, and another one
at 13 with LPM-2 which is the best performing method in this case.

Figures 5.6 and 5.7 show the cumulative distributions of localization mean
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Figure 5.3. Mean Errors for different distance metrics and LPMs

errors for correlation and cosine distances. Cumulative distribution describes the
overall similarity metric performance of the system by providing percentages. For
instance, in Figure 5.6 it shows that almost 26% of the mean errors are less than 1
meter, and more than 85% are less than 2 meters. Whereas in Figure 5.7 about 23%

are less than 1 meter, and about 90% of them are less than or equal to 2 meters.

It is also noted that the system’s minimum localization mean error of a single
test point that has been recorded during experimentations happened to be 0.2m.
Therefore, overall results of the analysis are promising and indicate a valid system.
Fusing Wi-Fi data with other technologies such as Bluetooth can even produce a

more accurate system [24].

5.5. Effect of Interference Evaluation

To demonstrate the effect of interference, a subset of 24 test points is considered
from the 144 test points that were previously used for similarity metric analysis.
For each point of the subset, averaged RSSI measurements are taken at six different

time intervals as described in Table 5.2.

The goal here is to examine the effect of interference. Therefore, first, all
the six APs were configured to lie in the same channel (Configurtion 1) as seen in
Figure 5.8. Then, the experiment was repeated when they were placed in separate

channels (Configurtion 2) as in Figure 5.9.

It is noticed that during the distance metric analysis, Correlation and Cosine

25



1.88
1.84
1.80
1.76
T172
\gl.68
= 1.64
Ué 1.60
< 1.56
S 1.52
1.48
1.44
1.40
1.36

1.80
1.76
1.72

o168

164

21.60

W 1 56

S 152

2148
1.44
1.40
1.36

~LPM-1 =LPM-2 «LPM-3

N

3 4 5 6 7 8 9 10 11 12 13
Number of nearest RP (K)

Figure 5.4. Performance of Correlation distance

~LPM-1 =LPM-2 «LPM-3

14

N

3 4 5 6 7 8 9 10 11 12 13
Number of nearest RP (K)

Figure 5.5. Performance of Cosine distance

14



1.1
1.0
0.9
0.8
0.7
% 0.6
005
0.4
0.3
0.2
0.1

0.0
0002040608101214161820222426283032343638
Mean Error (m)

Figure 5.6. Cumulative distribution of mean errors for Correlation distance using
LPM-1
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Figure 5.7. Cumulative distribution of mean errors for Cosine distance using LPM-2
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Table 5.1. Positioning accuracy expressed by mean errors and their respective standard
deviations. For each LPM, the minimum achieved mean error is written in bold

Mean Errors(m) of LPM-1

K  Euclidean Manhattan ~ Chebyshev Canberra Bray-Curtis ~ Correlation Cosine

2 1.766£0.747 1.764 £0.835 1.753 £0.741 1.747 +0.836 1.743 £0.811 1.741 +0.736  1.740 +0.766
3 1.593 £0.698 1.638 £0.755 1.614 +0.727 1.669 +£0.757 1.521+0.521 1.545 +0.649  1.579 +0.648
4 1.557 £0.703 1.598 £0.724 1.543 +0.638 1.576 £0.702 1.573 +0.688 1.500 +0.623  1.493 +0.631
5 1.515 £0.662 1.546 +0.683 1.511 +0.627 1.541 +0.675 1.530 £0.674 1.427 +0.638  1.425 +0.620
6 1.516 £0.616 1.516 +0.640 1.520 +0.589 1.522 +0.624 1.520 +0.645 1.379 £0.635 1.419 +0.574
7 1.501 £0.592 1.514 £0.602 1.528 +0.566 1.501 +0.579 1.521 +0.575 1.377 +0.626  1.410 +0.561
8 1.502 £0.593 1.511 +0.580 1.533 +0.558 1.476 +0.573 1.495 +0.568 1.385 +0.626  1.398 +0.527
9 1.492 £0.578 1.503 £0.569 1.520 +0.547 1.486 +£0.566 1.514 +0.572 1.371 +0.586 1.402 +0.523
10 1.481 +0.568 1.506 £0.557 1.520 £0.543 1.490 £0.563 1.501 £0.576 1.381 £0.566 1.416 +£0.512
11  1.470 £0.561 1.493 £0.525 1.510 +0.531 1.498 +0.543 1.499 £0.548 1.378 +0.537  1.411 +0.494
12 1.466 +0.552 1.494 +0.526 1.505 £0.531 1.484 +0.528 1.489 +0.525 1.373 £0.514 1.406 +0.483
13 1.473 £0.522 1.490 £0.515 1.509 +0.527 1.474 +0.517 1.481 £0.510 1.379 +0.487 1.406 +£0.475
14 1.483 £0.521 1.492 +0.512 1.492 £0.502 1.475 +0.506 1.477 £0.502 1.383 £0.489  1.436 +0.474

Mean Errors(m) of LPM-2
2 1.767 +0.747 1.766 £0.829 1.748 £0.734 1.746 £0.828 1.745 £0.803 1.787 +£0.745  1.747 £0.777
3 1.595 £0.696 1.630 £0.755 1.602 +0.714 1.658 £0.757 1.624 +0.752 1.619 +0.674 1.603 +0.668
4 1.546 £0.700 1.590 £0.718 1.533 +0.635 1.571 £0.702 1.568 +0.692 1.555 +0.637  1.523 +0.631
5 1.503 £0.663 1.537 £0.685 1.495 +0.627 1.535 +0.681 1.525 +0.678 1.499 +0.626  1.465 +0.611
6 1.499 £0.626 1.510 £0.646 1.499 +0.589 1.515 +£0.632 1.512 +0.651 1.453 +0.612  1.438 +0.583
7 1483 £0.600 1.503 £0.614 1.503 £0.573 1.492 £0.592 1.507 £0.590 1.441 £0.596 1.415 £0.574
8  1.480 +£0.594 1.496 +0.590 1.508 +0.562 1.468 +0.583 1.483 +0.579 1.427 +0.596 1.396 +0.551
9 1470 £0.580 1.489 +0.575 1.495 +0.548 1.475 +0.572 1.498 +0.577 1.409 £0.577  1.392 +0.547
10 1.463 +0.566 1.492 +0.562 1.494 +0.545 1.476 +0.566 1.485 +0.578 1.408 +0.562  1.391 +0.531
11 1.452 +0.559 1.477 £0.536 1.486 £0.535 1.480 £0.549 1.482 £0.553 1.402 £0.544  1.383 £0.519
12 1.450 +0.548 1.478 +0.530 1.483 +0.532 1.468 +0.533 1.474 £0.532 1.390 +0.532  1.378 +0.509
13 1.455 £0.526  1.474 £0.521 1.485 £0.528 1.461 £0.522 1.467 £0.517 1.386 +£0.522 1.377 +0.499
14 1.462 +£0.523 1.477 £0.515 1.471 +0.508 1.461 +0.509 1.464 +0.508 1.382 +0.520  1.389 +0.497
Mean Errors(m) of LPM-3

2 1.782 +0.749 1.782 £0.831 1.758 £0.737 1.759 £0.828 1.762 £0.805 1.853 £0.771  1.788 +0.801
3 1.613 £0.703 1.641 +0.762 1.609 +0.709 1.665 +0.763 1.635 +0.762 1.732 £0.729  1.671 +0.712
4 1.556 £0.704 1.602 £0.722 1.543 +0.640 1.586 +0.710 1.582 +0.705 1.679 +0.707  1.605 +0.674
5 1.513 £0.670 1.547 £0.696 1.499 £0.635 1.548 £0.692 1.538 £0.692 1.643 +0.698  1.565 +0.651
6 1.502 £0.643 1.522 £0.662 1.496 +0.603 1.523 £0.652 1.522 +0.668 1.615 +0.683  1.537 +0.633
7 1.483 +0.619 1.508 +0.638 1.494 +0.592 1.498 +0.618 1.511 £0.617 1.603 +0.675 1.512 +0.625
8 1.474 £0.610 1.497 £0.613 1.498 +0.579 1.475 £0.608 1.487 +0.604 1.591 +0.669 1.496 +0.612
9 1.462 £0.595 1.491 +0.597 1.484 +0.564 1.478 £0.594 1.497 +0.598 1.578 +0.660  1.489 +0.606
10 1.456 +0.579 1.490 £0.584 1.481 £0.559 1.475 £0.587 1.483 £0.596 1.574 £0.651  1.481 +0.595
11 1.446 +0.571 1.473 £0.565 1.474 £0.550 1.473 £0.574 1.478 £0.577 1.569 +£0.642  1.474 +0.588
12 1.444 £0.561 1.474 £0.555 1.471 £0.545 1.463 £0.560 1.469 £0.559 1.561 +0.636 1.468 +0.583
13 1.447 +0.542 1.469 +0.547 1.472 £0.539 1.457 +0.548 1.463 £0.545 1.556 +0.633  1.464 +£0.577
14 1.451 +0.537 1.471 £0.539 1.459 £0.525 1.456 £0.534 1.461 £0.534 1.552 £0.631  1.466 +£0.574
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distances happened to be the best distance metrics for the obtained data. They
produced quite similar results. According to the previously performed similarity
analysis, the best K value for the Correlation distance was 9 with LPM-1, whereas
the best K value for the Cosine distance was 13 with LPM-2.

By using the information achieved in similarity analysis, the experiment of
channel interference was established. As in Table 5.2, the process is repeated for

each point of the 24 test points used for this interference experiment.

Results show an improvement in both accuracy (in terms of mean error) and
robustness (in terms of variance) for the APs being in separate channels over the
APs in the same channel. For instance, Correlation distance with LPM-1 has an
improved accuracy by 7.3% and an improved robustness by 32.6% as seen in Ta-
ble 5.3. Whereas, Cosine distance has even a better improved accuracy by 12.3%

and an improved robustness by 38.9% as in Table 5.4.

Overall performance comparison of the system with Configuration 1 and 2 can

be seen in the Figures 5.11 - 5.14. It is obvious that the system can operate more

AP1,AP2, .
AP3,AP4, Access Points
AP5,AP6

CH1 CH2 CH3 CH4 CH5 CH6 CH7 CH8 CH9 CH10 CH11l CH12 CH13 CH14 Channel

2412 2417 2422 2427 2432 2437 2442 2447 2452 2457 2462 2467 2472 2.484  Center Frequency

[ (GHz)

22 MHz

Figure 5.8. Channel assignments of the APs: Configuration 1

AP1 AP2 AP4 AP3 AP5 AP6 Access Point
CH1 CH2 CH3 CH4 CH5 CH6 CH7 CH8 CH9 CH10 CH11l CH12 CH13 CH14 Channel
2412 2417 2422 2427 2432 2437 2442 2447 2452 2457 2462 2467 2472 2.484  Center Frequency

(GHz)

22 MHz ‘

Figure 5.9. Channel assignments of the APs: Configuration 2
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Table 5.2. Sample Test Point Results

Time Tnterval | COTreiaton (LPM-1) at K =9
Mean Error(m)

to 1.978

b 1.203

ta 1.888

ts 1.010

Z 0.572

ts 1.061
Mean 1.171
Variance 0.437

Table 5.3. Correlation distance with LPM-1 Results

Test Parameters

Channel Configuration - -
Test Points | K | Mean Error(m) | Variance(m)

Configuration 1 04 9 1.233 0.095
Configuration 2 1.143 0.064

accurately and with better consistency with the APs assigned to separate channels

that when they are at the same channel.

To further observe the reason behind this phenomenon in our experiment, a
RSSI analysis has been established at one of the Pi3 receivers seen in Figure 5.10.
100 RSSI values are examined within 100 seconds during both configurations as seen
in Figure 5.15 . It is observed that assigning APs to the same frequency channel
(Configuration 1) causes more fluctuations in the RSSI measurements. For instance,
RSSI values measured from AP1, AP4 and AP6 during Configuration 1 are varying
in a wider range around -20dBm. Whereas in Configuration 2, they are usually more
consistent within a range around -10dBm. It is expectable because of the nature of

the experiment that forcing the Pi3s to measure RSSI values that are coming from

Table 5.4. Cosine distance with LPM-2 Results

Test Parameters

Channel Configuration - -
Test Points | K | Mean Error(m) | Variance(m)

Configuration 1 04 13 1.210 0.072
Configuration 2 1.061 0.044
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multiple APs in the same frequency channel to cause interference issues. Note that
fluctuations can also be a consequence of non-WiFi interference caused by devices
operating in the same 2.4GHz spectrum. However, they have not been established

in this experiment.

Reference Point (RP)
o RSSI analyzed RP

Figure 5.10. The Pi3 at which RSSI analysis has been established

5.6. Contribution

3D localization is a challenging task yet an important step for the future of smart
and IoT systems. Taking into account different setup parameters and configurations
can help improve the system’s accuracy and robustness. Experimental results led

us to the following conclusions:

e Co-channel interference can affect both accuracy and robustness of localization
systems. This occurs when many wireless devices use the same channel. Hence,
access points have to be assigned to certain channels so that they do not share

with other wireless systems.

e The best accuracy results have not been achieved by implementing the most
commonly used distance metrics in 2D localization - the Manhattan and the
Euclidean distances. Correlation and Cosine distances provided the minimum
mean errors. This indicates that similarity measurements are highly recom-

mended to be taken into account when choosing the proper algorithm, as they
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Figure 5.11. Interference effect on accuracy for Correlation distance (LPM-1)
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Figure 5.15. Comparison of RSSI variations from the 6 APs at one Pi3
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can contribute to the enhancement of 3D positioning systems.

Weighted average location prediction methods can provide further improve-
ment when used with certain similarity metrics such as in the case of cosine
distance weighted by its inverse. However, their contributions are not es-
tablished since some metrics -eg. correlation metric- a simple mean average

provided quite satisfactory results.

Selection of K value for the KNN algorithm has to be more than 3 in 3D lo-
calization systems. Especially in small scaled environments. It is because in
small areas signal strength values are quite similar to each other. This intro-
duces complexity in the localization algorithm to predict the correct location

when a small K number is given.

3D indoor localization based on online fingerprinting cope with the future of
[oT development and provides a smart and automatized solution for business
platforms along with being a more dynamic solution that can adapt in even
small environmental and surrounding structure changes, and can be used to

surpass the human shadowing effect.

35



6. CONCLUSION

6.1. Research Conclusions

The main objectives of the study were:

1. to demonstrate the effectiveness of our proposed online fingerprinting approach

over the traditionally used offline fingerprinting.

2. to establish, implement and develop a 3D indoor localization system for the

[oT industry based on online fingerprinting.

The motivation for this work was to provide a solution for warehouse object lo-
calization, library book categorization, or institution archive finding. Starting with
proposing online fingerprinting-based experimentation, passing by similarity metrics
analysis, and ending with observing the effect of interference for a 3D online localiza-
tion system, extensive experiments have been established and an indoor positioning

system has been evaluated.

Performance evaluation of the proposed system relied upon different measures.
Mean error, standard deviation, probability density, cumulative distribution and
variance. Most of them are widely used in indoor localization literature. However,
we introduced variance of mean errors during certain time intervals as a measure of

robustness.

Moreover, experiments show improvements in many aspects. For instance, on-
line fingerprinting-based localization has shown up to 23% improvement over offline
fingerprinting mapping. Co-channel interference degraded the accuracy of the sys-
tem by up to 12.3% and an its robustness by almost 40%. Thus, assigning APs
into separate wireless channels improved both system’s accuracy and consistency.
Distance metrics, location prediction methods and number of K nearest neighbors

are also factors that played important roles in improving the system’s accuracy.

6.2. Future Work

To build on this project, there are several ideas that can be applied to improve the

performance of the system. They can be listed as follows:

e Using filtering algorithms.
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Filtering algorithms include Kalman and Bayesian-based filters, e.g. particle
filters. They are algorithms used to represent the posterior distribution of the

random and noisy data. However they require more computational effort.

Using deep learning algorithms.

It is evident that deep learning algorithms can often train the data better than
simple machine learning algorithms. They take into account more parameters
and sophisticated processes. Decision trees and convolution neural networks

are some of the approaches that are used in literature for localization purposes.

Using ToA or TDoA instead of RSSI.

As RSSI measurements are not very reliable and cannot produce an optimal
accuracy. Therefore, a better approach may be to use time-based measure-
ments which include synchronizations that can improve system’s accuracy as

a pay-off of more complexity.

Employing Bluetooth.

Raspberry Pi 3 devices have built-in Bluetooth modules. Bluetooth proximity
RSSI measurements can provide information that indicate a local region of
the target within the system. When fused with WiFi maps, it can reduce the
computational effort and improve KNN algorithm by limiting the look up for

nearest neighbors to a local region.
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