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Abstract

This dissertation addresses a bidirectional scheme of Ultra-Wideband (UWB)-based
localization system, which is generally overlooked in the literature causing its potential
overshadowed. The bidirectional scheme is one of the three design integration processes
usually applied in UWB-based localization systems. The key property of the bidirectional
UWB scheme is its ability to act as both navigation and tracking tasks within a single
localization scheme. Conventionally, the perspective of navigation and tracking in
wireless localization systems is treated separately, because distinct methodologies were
typically required in the implementation process. The ability to combine two unique
positioning perspectives (i.e., navigation and tracking) within a single scheme is, indeed,
a paradigm shift in the way location-based services are observed in the literature. Much
to the author’s surprise, there are no well-documented books or research articles related
to the bidirectional UWB localization system. Thus, this dissertation attempts to serve
as a complement to the mentioned gap in the literature.

In this dissertation, the bidirectional UWB localization scheme was tackled by divid-
ing the system implementation process into several sectors. Then, the methodologies
applicable in each sector were rigorously evaluated in order to give the readers insight-
ful knowledge, findings, and recommendations. Regarding this, the concept of the
bidirectional UWB localization scheme and its implementation process were thoroughly
explained by comparing it with the typical unidirectional schemes.
Concerning the ranging sector of the bidirectional UWB scheme, this dissertation

demonstrated the misconception widely practiced in literature in terms of the two-way
ranging technique. Moreover, the dissertation suggested a better method compared
to the conventional one, which could be used as a baseline or de facto standard
for comparing or bench-marking different two-way ranging schemes. The claim was
supported by the experimental results rigorously evaluated by using analytical methods,
numerical simulation, and real-world experimental data.
Moreover, the comprehensive benchmark of five location estimation algorithms for

the bidirectional UWB localization system was conducted in the dissertation. The
five algorithms were evaluated based on the Bayesian framework and the detailed
implementation process was regarded as an important aspect because the literature is
generally lacking it, especially for the use-case of the UWB technology. The evaluation
results showed that the linear positioning algorithms gave excellent performance in
scenarios such as static conditions under a direct path signal. In contrast, the nonlinear
techniques appeared to be better at resisting abrupt changes during measurements as
well as the scenarios in non-direct path signals.

Furthermore, the identification and mitigation of errors produced by non-direct path
signals in UWB were addressed. Concerning this, a novel mitigation technique was
proposed in the thesis whereas the feasibility of the identification process was evaluated
using machine learning methods. The classification procedure was considered as a multi-
class problem, which is opposed to the typical binary class approach in literature. The
results showed that the machine learning techniques are very promising compared to the
conventional ones for identification of the non-direct path signals in UWB localization.





Contents

1 Introduction 1
1.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Terminology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Outline of the Dissertation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 UWB for Indoor Localization: Overview and State of the Art 5
2.1 Overview of Indoor Positioning and Navigation . . . . . . . . . . . . . . . . 6

2.1.1 Measurement and Location Estimation Techniques in IPS . . . . . 6
2.1.2 Technologies of Indoor Positioning and Navigation in Excerpt . . 8
2.1.3 The Role of UWB Technology in IPS . . . . . . . . . . . . . . . . . . 11

2.2 Core Features of UWB Technology . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2.1 Brief History and Regulations . . . . . . . . . . . . . . . . . . . . . . 14
2.2.2 Basic Definition of UWB . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.3 UWB signal Characteristics in Brief . . . . . . . . . . . . . . . . . . . 16
2.2.4 Modulation Schemes for IR-UWB . . . . . . . . . . . . . . . . . . . . 17
2.2.5 UWB Standards and Trade Groups . . . . . . . . . . . . . . . . . . . 19
2.2.6 Potential Applications of UWB Technology . . . . . . . . . . . . . . 23

2.3 UWB-based Localization Schemes . . . . . . . . . . . . . . . . . . . . . . . . 24
2.3.1 Three Topological Aspects in UWB Localization Schemes . . . . . 24
2.3.2 Comparing the Features of Three UWB Systems . . . . . . . . . . . 26
2.3.3 The Potentials of a Bidirectional UWB System . . . . . . . . . . . . 28

2.4 Implementation of a Bidirectional UWB System . . . . . . . . . . . . . . . . 30
2.4.1 Hardware Components . . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.4.2 UWB Ranging or Distance Measurement Phase . . . . . . . . . . . 31
2.4.3 Identification and Mitigation of the Ranging Errors . . . . . . . . . 32
2.4.4 Location Estimation in UWB . . . . . . . . . . . . . . . . . . . . . . . 32
2.4.5 Filtering Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
2.4.6 Multiplexing Method for bidirectional UWB System . . . . . . . . 34

2.5 Thematic Aspect of the Dissertation . . . . . . . . . . . . . . . . . . . . . . . 35
2.6 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3 Delving into the Ranging Process of a Bidirectional UWB System 37
3.1 Background and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.1.1 Brief Introduction to Time-based Wireless Ranging . . . . . . . . . 39
3.1.2 State of the Art TWR Methods . . . . . . . . . . . . . . . . . . . . . . 40
3.1.3 Conventional TOF Error Estimation Approach . . . . . . . . . . . . 44
3.1.4 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.2 TOF Error Estimation Model (TEEM) . . . . . . . . . . . . . . . . . . . . . . 46
3.2.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

i



3.2.2 Novel TOF Error-Estimation Model (TEEM) . . . . . . . . . . . . . . 49
3.2.3 Extended State-of-the-Art TWRs for TOF Error Estimation . . . . 50

3.3 Comparison of TWR Methods by Analytical Studies . . . . . . . . . . . . . 53
3.3.1 Error-Model Classification in Three Types . . . . . . . . . . . . . . . 53
3.3.2 Comparison of TWR Methods in Ideal Case (Type I) . . . . . . . . 54
3.3.3 Comparison of TWR Methods in Special Case (Type II) . . . . . . 54
3.3.4 Comparison of TWR Methods in Typical Case (Type III) . . . . . . 55

3.4 Simulation and Experimental Evaluation Results . . . . . . . . . . . . . . . 56
3.4.1 Numerical Simulation Results . . . . . . . . . . . . . . . . . . . . . . 56
3.4.2 Experimental Evaluation Results . . . . . . . . . . . . . . . . . . . . . 60
3.4.3 Results Summary for Type II and Type III using TEEM . . . . . . . 68

3.5 Inspection of Ranging Error in TWR Techniques . . . . . . . . . . . . . . . 68
3.5.1 Ranging Error due to NLOS Scenario in TWR . . . . . . . . . . . . 69
3.5.2 Ranging Error due to Multi-path Scenario in TWR . . . . . . . . . 70
3.5.3 Ranging Error due to Closed LOS Scenario in TWR . . . . . . . . . 73

3.6 Chapter Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . 75

4 Benchmarking Position Estimation Algorithms for UWB Localization 79
4.1 Background and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.1.1 Brief Background Knowledge of the Study . . . . . . . . . . . . . . 80
4.1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
4.1.3 State of The Art . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
4.1.4 Chapter Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4.2 True-range Positioning Algorithms in UWB . . . . . . . . . . . . . . . . . . . 85
4.2.1 Trilateration: Geometric Technique . . . . . . . . . . . . . . . . . . . 85
4.2.2 Multilateration: Closed-form Least Squares . . . . . . . . . . . . . . 87
4.2.3 First-order Taylor Series: Non-linear Iterative Method . . . . . . . 89
4.2.4 Standard Kalman Filter: Continuous Tracking Mechanism . . . . 91
4.2.5 Extended Kalman Filter: Recursive Positioning Technique . . . . . 93
4.2.6 Unscented Kalman Filter: Statistical Positioning Method . . . . . 94

4.3 Implementation of Bayesian-based Filters for IPS . . . . . . . . . . . . . . . 96
4.3.1 Dynamic or Motion Model for UWB Localization . . . . . . . . . . 97
4.3.2 Measurement Model for UWB Localization . . . . . . . . . . . . . . 102
4.3.3 Integration of the Dynamic and Measurement Models . . . . . . . 103

4.4 Comparative Experimental Evaluation Results . . . . . . . . . . . . . . . . . 107
4.4.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
4.4.2 Performance Comparison based upon a Static Scenario . . . . . . 109
4.4.3 Performance Comparison based upon a pure LOS Scenario . . . . 110
4.4.4 Performance Comparison based upon a NLOS scenario . . . . . . 113
4.4.5 Qualitative Score and Computational Aspect . . . . . . . . . . . . . 115

4.5 Chapter Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . 117

5 Identification and Error Mitigation of Non-direct Path Signals in UWB 121
5.1 Background and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

5.1.1 Problem Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

ii



5.1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124
5.1.3 State of the Art . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
5.1.4 Considered the Multi-class Approach and Contributions . . . . . . 129

5.2 A Generic NLOS Mitigation Technique for UWB . . . . . . . . . . . . . . . . 129
5.2.1 Formulation of the considered Mitigation Technique . . . . . . . . 130
5.2.2 Explanatory Integration Process of the Mitigation Technique . . . 132
5.2.3 Exemplary Implementation on Closed-form Methods . . . . . . . . 133

5.3 Setup and Data Preparation for Identification Process . . . . . . . . . . . . 134
5.3.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134
5.3.2 Data Labeling and Feature Extraction . . . . . . . . . . . . . . . . . 136
5.3.3 Data Collection Process for Two Independent Test Scenarios . . . 137
5.3.4 Data Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

5.4 Machine Learning Models for Identification of the Non-direct Path Signals139
5.4.1 Naive Bayes Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . . 140
5.4.2 Support Vector Machine Classifier . . . . . . . . . . . . . . . . . . . . 140
5.4.3 Random Forrest Classifier . . . . . . . . . . . . . . . . . . . . . . . . . 140
5.4.4 Light Gradient Boosting Machine Classifier . . . . . . . . . . . . . . 141
5.4.5 Multilayer Perceptron Classifier . . . . . . . . . . . . . . . . . . . . . 141

5.5 Experimental Evaluation Results . . . . . . . . . . . . . . . . . . . . . . . . . 142
5.5.1 Performance Comparison based on Accuracy and F1-Score . . . . 143
5.5.2 Comparative Analyses based on ROC Curve . . . . . . . . . . . . . . 144
5.5.3 Evaluation of the Results Using Confusion Matrix . . . . . . . . . . 146
5.5.4 Computational Time Comparison . . . . . . . . . . . . . . . . . . . . 148
5.5.5 Detailed Summary of the Classification Results . . . . . . . . . . . 150

5.6 Chapter Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . 151

6 Conclusion and Outlook 155

Lists 159
Abbreviations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159
Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167

Bibliography 169
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
Author’s publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 185
Co-supervised Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 186

Appendices 189
A Derivations of AltDS-TWR in TEEM . . . . . . . . . . . . . . . . . . . . . . . 189

A.1 Derivation of AltDS-TWR in TEEM for Type I Case . . . . . . . . . 189
A.2 Derivation of AltDS-TWR in TEEM for Type II Case . . . . . . . . . 190
A.3 Derivation of AltDS-TWR in TEEM for Type III Case . . . . . . . . 191

B Detailed Tables: Ranging Errors due to close LOS and MP Conditions . . 192
C Detailed Classification Results: Confusion Matrices and ROC curves . . . 193

iii





1 Introduction

Location information is a fundamental human need because many of our decisions in
daily life are influenced by the knowledge of our location. Suppose that the supports
from positioning systems (e.g. satellite-based positioning system, digital interactive
map, etc.) are suddenly disappeared in our modern life for some fictitious catastrophic
reasons, it would be really hard to imagine our daily lives nowadays. It is undeniable
that we heavily rely on the location information in many aspects of our lives including
transportation, logistics, industrial asset tracking, environmental monitoring, medical
services, robotics, etc. Global Navigation Satellite System (GNSS) such as Global Posi-
tioning System (GPS) from the US, Galileo from EU, GLONASS from Russia, BeiDou
from China, etc. has been hugely impacted on the world we live now. However, GNSS
systems are basically insufficient and in some cases unusable in indoor environments,
because the radio waves were blocked by physical barriers, such as multi-floors storage,
walls, furniture, etc.. Moreover, the indoor environments are generally crowded with
closely located dense objects, which are movable including people as well as fixed ones.
Those make it impossible to achieve the direct Line-of-Sight (LOS) between the target
device and the base station or satellite, which plays the central part in the location esti-
mation process of the GNSS. Another crucial fact is that almost all of the applications in
indoor environments generally require the mean accuracy at the decimeter level [140,
142], which cannot be achieved by currently available surveillance rate GNSS.

Therefore, alternative technologies specifically designed to meet the requirements
of indoor environments, a.k.a Indoor Positioning Sytem (IPS), have been profoundly
sought for many years. As a result, there are remarkably large numbers of IPS in litera-
ture and many others are still under research to emerge (Chapter 2.1). Among them,
the Ultra-Wideband (UWB) technology, which is the primary focus of this dissertation,
has been regarded as one of the most promising IPS [7]. Even within the UWB-based IPS,
there are mainly three system implementation processes as concisely discussed in Chap-
ter 2.3. The dissertation was devoted to one specific implementation process among
the mentioned three types of UWB-based localization systems. Specifically, the imple-
mentation of a bidirectional UWB-based localization scheme is rigorously addressed in
this dissertation. The intention is to give the readers a clear view of the implementa-
tion process with concrete and rigorous analyzes from different perspectives so that
newcomers, as well as experts in the fields, will achieve some insight knowledge after
reading each corresponding chapter presented in the dissertation.

Surprisingly, the bidirectional UWB scheme specifically addressed in this dissertation,
i.e., one out of the three topological schemes in UWB (Chapter 2.3), was usually
overlooked, and its potential in the field was overshadowed in literature. The key
feature of the bidirectional scheme is the ability to provide both navigation and tracking
scenarios (see the terminology in section 1.2) within a single platform, which has the
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1 Introduction

ability to serve as the generic solution provider for diversified indoor application areas.
In simple terms, the nature of navigation and tracking in a localization system is
fundamentally very different from each other. Therefore, the two scenarios generally
need to implement separately. The ability to combine the mentioned two unique
natures into a single core system is, in fact, a paradigm shift in the way localization
systems are observed in literature. The reason is that it opens up a diverse field of
application areas in the GNSS-denied indoor environments by banding the navigation
and tracking system as one common process. Therefore, the dissertation pinpointed the
potentials of the bidirectional UWB localization system. Moreover, there are no well-
documented books or research articles that address each available methodologies in
the implementation flow of UWB-based localization systems. This dissertation attempts
to fulfill the mentioned gap of the UWB-based localization in literature. Regarding this,
the implementation process of the bidirectional UWB localization system was divided
into several sectors (i.e., ranging part, location estimation phase, error identification
and mitigation section, etc.). Then, the rigorous evaluations of different methodologies
typically applied in each divided sector were carried out in the dissertation. The aim is
to give the readers insightful knowledge, findings, and recommendations in each sector
of the implementation process in UWB-based positioning and navigation system (i.e., a
bidirectional UWB-based localization system in this dissertation).

1.1 Contributions

To the best of the author’s knowledge, this dissertation can be served as one of the earliest
written documents in a complete form that clarifies the overall concept of bidirectional
UWB-based localization scheme in literature, i.e., apart from the brief description
given in our previous work [175]. Besides, parts of the ideas and concepts presented
in this dissertation were previously published as academic papers in international
conferences [172, 175], workshop [171], and as journal articles [130, 177]. Thus, the
main contributions made in this dissertation are as follows:

• This dissertation itself is one of the first written documents that specifically
explained and addressed the bidirectional UWB-based localization system.

• There was a misconception in UWB-based Two-Way Ranging (TWR) process (i.e.,
Symmetric Double-Sided Two-Way Ranging (SDS-TWR) was conventionally re-
garded as a de facto standard for comparing the performance of TWR methods
since its inclusion in IEEE 802.15.4-2011 standard [33]). Our previous work
in [172] was one of the earliest that pointed out the pitfalls of SDS-TWR. Regard-
ing this, the analytical model described in this dissertation (Chapter 3.2) and
proposed in our previous work [130, 172] demonstrated a systematic flaw of
SDS-TWR and suggested a better TWRmethod for UWB ranging system namely Al-
ternative Double Sided Two-Way Ranging (AltDS-TWR). Accordingly, AltDS-TWR
was adopted as the default double-sided TWR technique for UWB in the latest
amendment of IEEE 802.15.4z-2020 standard [98]. It can be stated that our
work was involved in one of the driving forces to this amendment.

2



1.2 Terminology

• The literature generally lacks the proper implementation steps for Bayesian-based
location estimation algorithms, especially in the use-cases of UWB. This, in turn,
leads to confusion in the system integration process among many practitioners.
Chapter 4.3 disclosed the implementation of the Bayesian-based algorithm in
detail so that newcomers in the field can easily understand and implement it.

• The feasibility of identifying the non-direct path signals in UWB ranging sys-
tems as a multi-class problem was validated in this dissertation using machine
learning methods (Chapter 5), i.e., in contrast to the typical binary classification
approaches and the close-form techniques.

• A novel generic mitigation technique applicable in a multi-class problem for
UWB-based localization system was proposed in this dissertation (Chapter 5.2).

• Majority of the essential source codes and research data utilized for presenting
results in this dissertation were provided publicly as an open source.

1.2 Terminology

For clarity, the core terminologies used in this dissertation are defined as follows:

• Positioning refers to the determination of a specific location of an object based
upon the known reference points or landmarks regardless of its velocity [79].

• Navigation refers to the guidance of a moving object to reach a certain dedicated
target location by providing a position and/or velocity information to the said
object with respect to known reference points [79].

• Tracking or surveillance differs from navigation in the sense that the position
and velocity information are obtained by a central server or a third party.

• Localization is the determination of a position for a given object within a certain
network or known reference points [24]. In this dissertation, localization is
used as a general terminology for a positioning system that is capable of either
navigation or tracking as well as both perspectives mentioned above.

1.3 Outline of the Dissertation

In general, the contents of the chapters discussed in this dissertation are self-contained
to a considerably large extent. In general, the majority of the chapters in the disser-
tation (Chapter 3, 4, and 5) can be read independently, i.e, in conjunction with the
Chapter 2 indeed. This implied that a sequential reading of the whole dissertation is
not necessary in order to understand the discussed contexts (Chapter 3 to Chapter 5).
Though, that might help some readers a better understanding of the overall concepts.
Moreover, the diagrammatic expression regarding the particular focuses of the chapter
based on the entire big picture was given at the beginning of each chapter (Chapter 3,
4, and 5). The main goal is to remind the readers where the current discussion in the
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1 Introduction

chapter belongs to which parts of the big picture. That being said, the dissertation was
organized and structured as in the following.
In Chapter 2, the state of the art IPS was firstly described by giving brief expla-

nations for each available technologies in literature (Chapter 2.1). Then, the core
features of UWB technology for the use-case of indoor localization system was ex-
plained (Chapter 2.2). The particular focus was made on describing the regularization
and standardization of UWB signal as well as the data communication flow used in
all available UWB standards by the time of writing this dissertation. There are three
types of topology regarding UWB-based localization scheme and the three topologies
are compared by highlighting the potentials of a bidirectional scheme (Chapter 2.3).
As this dissertation is all about bidirectional UWB system, the overall implementation
process of it was explicitly described in Chapter 2.4. After that, the thematic aspect of
the whole dissertation in terms of block diagram was depicted (Chapter 2.5).
Chapter 3 specifically addressed the ranging phase of a bidirectional UWB system.

Regarding this, the overview and background knowledge were addressed in Chap-
ter 3.1. An error estimation model for TWR based on our previous work has been
explained in Chapter 3.2. The core motivation was to demonstrate the misconception
widely practiced regarding TWR technique in literature. Accordingly, rigorous compar-
ative analyses of four widely known TWR techniques were addressed using analytical
formulation (Chapter 3.3), numerical simulation (Chapter 3.4.1), and experimental
real-world data evaluation (Chapter 3.4.2). Additionally, the inspection of ranging error
in TWR techniques has been studied (3.5). Then, the chapter closes with a discussion
and conclusion, which were based on the evaluation results (Chapter 3.6).

Chapter 4 corresponded for addressing the positioning phase of a bidirectional UWB
system by rigorously benchmarking the location estimation algorithms applicable in
UWB. The chapter started with the motivation behind the comparative study of the
positioning algorithms and state-of-the-art evaluation process (Chapter 4.1). Then,
basic theories of the location estimation algorithms bench-marked in the chapter were
explained (Chapter 4.2). All the algorithms were evaluated based on the Bayesian
framework. Accordingly, the detailed implementation process of the said Bayesian-
based system for UWB localization was expressed in a way that newcomers in the
field can easily understand it (Chapter 4.3). Indeed, such an implementation process
is generally lacking in literature to the best of the author’s knowledge. Then, the
interpretations of the experimental results were described in Chapter 4.4, which was
followed by the discussion and concluding remarks of the chapter.

In Chapter 5, the identification and mitigation process of non-direct path signal was
specifically addressed. A generic mitigation technique for UWB has been proposed
in Chapter 5.2. Machine learning algorithms (Chapter 5.4) were evaluated for the
identification process and the corresponding measurement setups and data prepro-
cessing methods were explained in Chapter 5.3. The evaluation results based on the
experimental real-world data were presented in Chapter 5.5, which was again followed
by the discussion and conclusion remarks (Chapter 5.6).

Finally, the concluding remarks and summary regarding the whole dissertation were
addressed in Chapter 6, in which the author’s perspective regarding the outlook of
UWB-based localization system as well as the IPS as a whole was also discussed.
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2 UWB for Indoor Localization: Overview
and State of the Art

Since many centuries ago, people tried different methods to solve the problem of
location estimation in unknown places. The subject of determining the position of stars
by using the triangulation method was one example that explains how positioning was
of great interest in ancient times [68]. As time went by, a lot of efforts and research have
been conducted in these fields, and we were witnessed with several major advances
throughout history. The most obvious example is the GNSS. Nowadays, we have reached
sufficient accuracy for navigation systems inside the whole world thanks to the GNSS.
This makes the GNSS become the de facto standard for positioning, navigation, and
localization systems in outdoor environments. Nevertheless, there are still ongoing
efforts to make a more precise, reliable, and ubiquitous system in the field of GNSS.
The main challenge for GNSS is that it cannot be observed with sufficiently and

reliably in indoor environments (i.e. inside buildings). This is because the radio signal
propagation in indoor environments is, in general, obstructed by a lot of obstacles
which cause several multi-paths and signal blockage situations. This makes it impos-
sible to achieve the direct LOS between the mobile device and the base station or
satellite, which is the central part of the location estimation process in GNSS as already
mentioned in Chapter 1. Similarly, GNSS systems suffer from signal attenuation and
distortion in application areas such as underground mining, deep sea mining, under-
water exploration, etc. [140]. For that reason, numerous dedicated techniques based
on a multitude of diverse technologies have been proposed for localization system in
GNSS-deprived areas (Section 2.1). Among available technologies for IPS in literature,
UWB has been regarded as one of the most promising systems. One of the core reasons
is the ability of UWB to provide a decimeter-level accuracy. In fact, there are three types
of UWB-based localization system, and the dissertation was devoted to one specific
implementation among the three in order to give more insightful details to the readers.
In addition, this chapter corresponds to wrapping up the sectional focuses addressed in
each chapter of the whole dissertation defined in Section 2.5.
Accordingly, the chapter is structured as follows: Section 2.1 gave the state of the

art IPS by giving brief explanations for each available technology from the perspective
of measurement and positioning techniques. Then, the properties of UWB technology
for the use-case of indoor localization was discussed in Section 2.2 followed by the brief
comparison of three typologies available in the UWB-based IPS. As this dissertation
addressed a specific topology namely bidirectional UWB system among the three,
the generic implementation process was explicitly described in Section 2.4. Finally,
the thematic aspect of the whole dissertation was explained in Section 2.5 and the
summarized discussion regarding the chapter is given in Section 2.6.
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2.1 Overview of Indoor Positioning and Navigation

The technological progress in outdoor localization system has shaped our lives in a great
deal of goodness in recent years. Meanwhile, the research on indoor localization is also
steadily improving. It is expected that similar trends of outdoor localization for indoor
scenarios will be witnessed in the coming near future [40]. Indeed, indoor localization
is crucial because it is the place where people spend more than 80% on average
of their lives according to the report in [117]. However, the indoor environments
are very challenging for location estimation based on wireless communication and
signal processing perspective because several objects in the environment have impacts
differently on the measurement. As a result, a large variety of technologies have been
proposed specifically for IPS in recent years. This leads to the situation where there is
no a de facto standard for IPS or even an approach compared to its counterpart the
outdoor scenario likes GNSS-based system.

Therefore, this section categorized the mentioned technologies for IPS in terms of the
signal or data measurement and the underlying positioning techniques in Section 2.1.1.
Subsequently, the technological perspectives for each of the IPS were separately ex-
plained in Section 2.1.2, which was followed by the role of UWB technology in IPS.

2.1.1 Measurement and Location Estimation Techniques in IPS

This section addresses the brief overview of IPS from the perspective of measurement
and positioning techniques. In general, all the available technologies in IPS were built
upon these two fundamental techniques. Figure 2.1 depicted the block diagram of
general IPS based on the perspective of measurement and positioning techniques. By no
means, this is not the only way to classify the IPS. Indeed, IPSs were classified in several
ways, especially in survey literature [58, 142] such as device-free vs. device-based
system [219], passive vs. active approach [160] and so on.
In general, the localization process of all IPS can be categorized into two phases

namely the signal measurement phase and the positioning phase (Figure 2.1) [34, 130].
The techniques used in the former phase correspond to provide the information such
as distances between two nodes in range-based IPS and the received signal strengths
in range-free methods [142]. In the later phase, the actual location of the interested
nodes was determined by the IPS based on the knowledge gained from the former case
(i.e., the ranging phase) and by using relevant positioning algorithms.

For the signal measurement phase in IPS, six techniques can be basically defined based
on the survey papers in the field [142, 222](the upper part of Figure 2.1). However,
only four techniques are commonly applied in practice when jointly deployed with the
technologies utilized in IPS namely Time-of-Arrival (ToA), Time Difference of Arrival
(TDoA), Angle-of-Arrival (AoA), and Received Signal Strength (RSS) techniques. For
the sake of brevity, the excerpts of signal measurement techniques in IPS are described
in this section as follows and details can be found in the cited references:

1. ToA technique: measures the arrival time of radio or audio signal sending from
a transmitting device by recording the absolute time instant at its receiving
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Figure 2.1: Block diagram regarding the overview of the signal measurement and positioning
techniques in IPS. The image was inspired by the work in [222] and it was modified from it.

node. In cooperation with the exact time instant from the transmitting device,
ToA techniques can be used to estimate the distance between the mentioned
two transceivers by calculating their Time-Of-Flight (TOF) based on the known
propagation speed of the signals (i.e., the speed of light in the air for the radio
wave and 343 m/s for sound wave using air as propagation medium) [33, 98].
In ToA, the two transceiver devices are not necessary to be in a synchronized clock
(see more details about ToA in chapter 3). The bidirectional UWB localization
system addressed in this dissertation used the ToA in the ranging phase.

2. TDoA technique: is somewhat similar to ToA but a bit different in measurement
perspective. TDoA requires at least two reference devices and a target mobile
device to estimate the difference of distances among them (i.e., distances between
target and references). This is accomplished by calculating the difference of signal
arrival time at the reference devices by using hyperbolic function [198, 230].
In TDoA, a clock synchronization at the reference devices is mandatory.

3. AoA technique: generally estimates the position of a target device by observing
the angular direction measured at a reference device, which is typically equipped
with directional antennas or antenna arrays in radio-based system [146]. The
mentioned direction is usually calculated based on the phase difference of the
arriving angles in each element of the antenna array.

4. RSS technique: uses the measured power presented in the received signal of
a radio wave to compute the distance between the transmitter and receiver
according to the path loss formula or Frii’s equations [59]. The nice thing
about RSS technique is that the signal strength can be easily extracted in any
existing radio frequency-based systems such as Wi-Fi, Bluetooth Low Energy
(BLE), UWB, etc without the need to use any additional hardware. In general,

7



2 UWB for Indoor Localization: Overview and State of the Art

the received power level is getting smaller as the distance increases. However,
the accuracy of the RSS-based system can be deficient easily due to shadowing
effects, multi-path, Non-Line-of-Sight (NLOS), the orientation of the device, etc.

5. Othermeasurement techniques: do exist for localization purpose including Round-
trip Time of Arrival (RToA) and Channel State Information (CSI). Though they
are rarely used in IPS [142]. Besides, a proximity detection based positioning
algorithm can be applied in Radio-frequency identification (RFID) and Cell-ID-
based 5G technology for broadband cellular networks. Moreover, hybrid methods
such as a combination of ToA, AoA and RSS techniques on fingerprint-based
positioning algorithm was also applied in IPS [222].

Regarding the positioning techniques in IPS, it is possible, in general, to categorize
them into four namely the Lateration method, the triangulation, the fingerprinting, and
proximity detection methods (Figure 2.1). Often the time, the positioning techniques
are closely tied with the underlying location technologies (see Section 2.1.2) used in
the IPS. For the ToA and TDoA signal measurement techniques, the Lateration method
was commonly used as its positioning algorithm (Figure 2.1). Generally speaking,
a Lateration is known as Trilateration when three distances are used in its location
estimation process whereas it is called as Multilateration if more than three distances
are involved in the mentioned localization process. Indeed, Lateration method can also
be indirectly obtained from other location-based algorithmic patterns such as iterative
and/or recursive approaches, state-space method, etc. (c.f. chapter 4). Similarly, the
angulation method is commonly applied for dealing with the IPS-based technologies
that use AoA technique in its distance measurement phase.

Besides, there exists a fingerprinting technique (a.k.a scenes analysis in some papers)
as a location estimation algorithm for the technologies that use the RSS in the distance
estimation phase (Figure 2.1). Fingerprinting technique is widely used in the Wi-
Fi and BLE-based technologies, i.e. the current most influential IPS in literature.
Fingerprinting estimates the location of a mobile device by looking for the closest
match in a pre-collected fingerprint database, also known as a radio (or) coverage map.
The core advantage of the fingerprinting technique is that it can exploit and naturally
mitigate the multi-path effects within the pre-collected environments to produce quite
a high accuracy. However, the disadvantages include time-consuming and tedious
processes of offline data collection for the fingerprint database and maintenance of
the produced radio map. Moreover, the environmental changes within the radio map,
e.g. the removal or misplacement of the furniture in the measured database, can cause
a strong effect on the accuracy of the overall IPS. Proximity detection as a location
estimation algorithm was rarely used in IPS compared to the other three techniques,
and they are mentioned here for the sake of a complete picture.

2.1.2 Technologies of Indoor Positioning and Navigation in Excerpt

This section briefly describes the technological perspectives of available IPS in literature.
For the sake of brevity, while attempting to cover the whole IPS landscape as much as
possible, the excerpt for each IPS technology was presented by using a maximum of

8



2.1 Overview of Indoor Positioning and Navigation

four sentences omitting the technical details. The cited references in each presented
technology gave such specific information. Thus, the technologies for IPS are briefly
expressed in an abstract level as follows [5, 116, 139, 140, 142, 203, 221, 222]:

1. WiFi-based IPS: is the most popular technology in the field of indoor localization
because it is the default technology in Wireless Local Area Network (WLAN) as
well as its availability in the modern smartphone [144, 218]. WiFi, based on
the IEEE 802.11 standard for WLAN, operates on the 2.4 GHz and 5.0 GHz using
typical channel bandwidths of 20 MHz, 40 MHz, and 80 MHz. The main applied
signal measurement technique is RSS method (i.e. CSI is still in its early stage
and ToA and AoA are seldom used) and the most applied positioning technique
is Fingerprinting method (i.e. Lateration is usable but rare) [14, 144]. The core
challenge in WiFi-based IPS is that the radio frequency signals are suffered from
several sources of disturbance and alternation in the indoor environment while
most of the WiFi-based IPSs rely on the existing infrastructures, which are mainly
deployed for communication purposes instead of a localization [142, 225].

2. BLE-based IPS: is the second most popular technology, after the WiFi-based
system, in indoor positioning and navigation system. BLE generally operates
on 2.4 GHz with 2 MHz bandwidths and uses frequency hopping technique for
data communication [57, 101]. For signal measurement method, RSS is mostly
utilized similar to the WiFi technology and Fingerprinting technique is the most
commonly applied location estimation method in BLE-based IPS [161]. In general,
the achievable accuracy in BLE is normally higher than the WiFi though the
coverage area of BLE is quite small, i.e. usually less than 20 m.

3. Light-based IPS: uses a light source (such as Light-Emitting Diode (LED)s for Vis-
ible light communication (VLC), Infra-red (IR) LEDs or IR lasers for IR-based
system) to transmit data at the transmitter and photo-detector (i.e. for VLC),
and IR photo-diode or an IR camera are typically used in the receiver [136]. As
a signal measurement technique, RSS, ToA, and TDoA methods are generally
used in light-based IPS whereas Lateration (for VLC and IR laser system) and
angulation (for IR-camera system) technique are usually applied as the position-
ing method [4, 10]. Most of the light-based IPSs require LOS situation (i.e.,
otherwise the accuracy suffers significantly) and they are acknowledged to be in
the early stage of development in the field [2, 136, 142].

4. Computer Vision-based IPS: typically uses the visual odometry technique (i.e.,
estimating the position of target based on the associated camera images) (or)
Vision-based Simulteneuous Localization and Mapping (SLAM) (i.e., SLAM is
also applicable in laser, sonar, and odometry data other than Vision) to estimate
the location of interesting objects within the Field of View (FoV) of the applied
cameras [8, 115]. There are generally two approaches namely device-based
and device-free systems: the former uses markers or printed QR codes to locate
the target objects whereas the latter typically utilized the information gathered
from several cameras in the environment for location estimation [1, 95]. The
main challenges in Vision-based IPS include the occlusion of objects, lighting
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conditions, computational cost, shadows from other objects, etc [1, 9]. Vision-
based localization system has several future potentials in IPS wheres its current
applications mainly lie in autonomous driving and visual reality fields [142].

5. Sound-based IPS: relies on acoustic signal (i.e., based on ultrasound or audible
frequencies) to acquire the information necessary for location estimation of
objects in indoor environments [183, 205]. In the signal measurement phase,
the ToA, TDoA, and RSS techniques are typically applied in sound-based IPS
depending on the concrete system setup. Accordingly, Lateration or Fingerprinting
techniques are usable as positioning algorithms. In general, LOS condition is
mandatory in sound-based IPS and the accuracy can also be varied due to the
changes in temperature and humidity in the environment as those can impact
the speed of sound in its communication medium (i.e., air) [142].

6. Magnetic Field-based IPS: uses the changes in strengths of magnetic fields
measured by a measuring device to estimate the position of intended targets [42,
158]. To accomplish this, a database that records several variations of themagnetic
field strengths for the intended environment is necessary to be created, and
Fingerprinting algorithm can be used to compute specific location estimations
of the targets [88, 151]. The strengths of the magnetic field can be affected by
moving objects that contain ferromagnetic materials and electronic devices. As a
result, the estimated location accuracy can be deteriorated [129].

7. Inertial Measurement Unit (IMU)-based IPS: uses measurement data gathered
from multiple sensors (typically three: namely accelerometer, gyroscope, and
magnetometer) to estimate the location of the interested object using Dead
Reckoning (DR) and sensor fusion techniques [145, 157]. DR, a.k.a Padestrian
Dead Reckoning (PDR) for pedestrian target, is a method that estimates the
current position of a moving target based on the previously known location
(usually called as a fix) and the estimate of its incorporated measurements from
the mentioned three sensors regarding the motion of the target [102, 104]. IMU-
based IPS commonly suffers from cumulative errors, but can be reduced if the
current estimation is not too far away from the last known fix [3].

8. UWB-based IPS: typically uses impulse radio technology [211] for location
estimation, in which the technology inherently possess properties such as large
bandwidth, high time resolution, and low power consumption due to a very short
pulse, robustness against multi-path, ability to penetrate walls, high data rate due
to large bandwidth, etc [72, 170]. For the signal measurement technique, the
most commonly applied methods in UWB-based IPS are ToA and TDoA (i.e., AoA
and RSS are seldom used due to higher complexity and poorer performance
issue compared to the other two methods) whereas the Lateration method is the
common choice for its positioning algorithm [126, 175, 198]. The coverage area
(i.e., typically less than 60 m) and the cost were usually reported as the main
hurdle in UWB system. However, it is expected that the recent incorporation of
the UWB chip into smartphones by Apple and Samsung will further boost the
technical progress and system use-case of UWB in IPS.
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9. Other Technologies in IPS: do exist and their contributions to the field are enor-
mously important though they were seldom addressed in detail in the literature.
It is expected that new technologies specifically for IPS may still emerge in the
near future and the list is, by no means, complete, rather the most commonly
used ones. For brevity, the rest of technologies applicable in IPS can be named
as: RFID-based IPS and near field communication based IPS [71], positioning
algorithms built upon the Fifth Generation (5G) or Sixth Generation (6G) cellular
network [202], radio technology such as Zigbee and Radar [143, 196], pseudolite
system which is designed to produce GPS signal into its deprived areas [7], hybrid
systems (a.k.a signal of opportunity approach) that attempt to combine several
technologies into one common framework [143], etc.

2.1.3 The Role of UWB Technology in IPS

The most commonly applied technologies in IPS to date are Wi-Fi and BLE-based
system [116, 142] as previously mentioned in above. One of the main reasons why the
mentioned two technologies are so popular in IPS is that they are, by default, available
on modern smartphones. Though the IPS are diversified into many technical approaches
as discussed in Section 2.1.2, the IPS based on the radio wave technology [116], i.e.
wireless communication system, are generally more prominent in practice and academic
research compared to the other approaches. For instance, the LOS condition is not
mandatory for location estimation in radio waves-based systems compared to the light
and sound-based systems. Similarly, major challenges faced in the Vision-based system
such as occlusion, lighting conditions, and shadows of objects are not counted as issues
at all in radio-based positioning systems.

The interesting fact is that the most popular technology in IPS namely Wi-Fi and BLE
are, indeed, rooted from the wireless communication technology similar to the outdoor
de facto standard GNSS or GPS-based system. It can be stated that the tremendous suc-
cess of wireless-based positioning systems in outdoor environments (i.e.GPS and GNSS)
has more or less several inspirations on the technical investigation process for IPS. Apart
from the Wi-Fi and BLE, one of the most viable and potential wireless technologies
for IPS is UWB. Therefore, this section addresses the technological trend of radio
frequency-based IPS from the perspective of academic publications and focuses the role
of UWB technology in IPS.

UWB has been intensively explored for the use-case of location service in the last two
decades and showed several crucial achievements in terms of location accuracy, data
transfer rate, immunity to multi-path, capable of penetrating walls and other materials
typically used in indoor environments, etc. compared to other available radio-based
technologies dedicated to IPS. For brevity, Figure 2.2 (a) illustrates the comparison of
technological trends regarding WiFi, BLE, and UWB in academic publications within
the last decades based on the WoS database, one of the most renounce information
archives for many academic disciplines. The graph showed that the interest in the three
technologies was on an upward trend during the last decade. It can also be seen that
WiFi has been addressed more frequently than UWB and BLE since 2013 (Figure 2.2).
However, it should be noted that the presented graph was based on the name of
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Figure 2.2: Illustration of the trend of technologies in academic publications: (a) comparison
of UWB, WiFi, and BLE in academic publications during the last decade based on the Web of
Science (WoS) database, (b) UWB technology in academic publications from 2000 to 2020.

technologies used in the academic publications, which were not specifically targeted for
the use-case of positioning systems. Additionally, the first integration of BLE technology
on consumer electronic devices was begun only in 2009.
Regarding UWB technology, Figure 2.2 (b) depicted the trend in academic publi-

cations based on the WoS and Scopus databases in the last 20 years. Since the first
approval of UWB signal to be used in the unlicensed frequency band between 3.1 GHz
and 10 GHz by Federal Communications Commission (FCC) in the USA, the interest
on the technology was sharply risen until 2013 (Figure 2.2). There were a couple of
years that the interest on technology seemed a bit of declination (somewhere around
in 2015) and then it is remarkably climbed up again since 2016 to date. The author
would emphasize that the second wave of interest on UWB technology has been greatly
boosted by the availability of UWB hardware in the market manufactured by Decawave
(Qorvo) in 2013 as well as other vendors such as Ubisense.

For a better comparative analysis based on an abstract level point of view, Figure 2.3
demonstrated the spider chart for four radio-frequency based positioning technologies
in terms of eight important features. The presented properties in the figure are crucial
for system deployments, technical choices for the integration process, assessment of
the technology, and its applications in practice. The presented scores marked with 0 to
5 (i.e., 0 is the worst and 5 is the best) in Figure 2.3 are based on the typical reported
data as well as information given in the survey papers [7, 140, 142] and data-sheets
of the vendors [44]1. The ideal case in the figure represents the best achievable score
in each presented category. Moreover, GPS was utilized as a baseline system in the
presentation since it is the state-of-the-art de facto standard for wireless positioning
systems in outdoor environments (Figure 2.3).
It is exciting to see that UWB technology stands out to be very efficient in every

aspect except for the property regarding the availability on modern smartphones and

1https://www.decawave.com/technology1/
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Figure 2.3: Spider chart comparison for four radio frequency-based positioning technologies in
terms of eight core features. The information score represented with 1 (worst) to 5 (best) on the
image are based on the typical reported data in survey papers and data-sheets of the vendors.

existing infrastructures compared to WiFi and BLE (Figure 2.3). In specific, UWB
outperformed BLE and Wi-Fi with great margins in terms of accuracy, latency effi-
ciency (i.e., the processing time needed to provide each location data at a given time),
reliability (i.e., the ability to provide location data in consistent manners), coverage
area, and scalability (Figure 2.3). Compared to GPS, the UWB also showed a better
performance with regard to the accuracy, latency efficiency, and reliability. Regarding
power and cost efficiencies, it is notable that UWB is comparable to BLE technology,
which is regarded as one of the most power efficient and low-cost devices in IPS next to
the RFID devices. Based on these observations, we can conclude that UWB technology
will be emerged as one of the key technologies for indoor environments in the near
future, which also has the potential to surpass other viable existing technologies in IPS.
Even in the current state, UWB technology was the core choice for IPS if accuracy is
the main concern in the system deployment and application [139, 142].
Concerning the availability of the UWB technology in modern smartphones, Apple

implemented its first UWB chip on its iPhone 11 in 20192. Subsequently, Samsung
has also integrated UWB chip on its Galaxy S21 series and Galaxy Z Fold3 5G model3.
To date, many companies from different industries are on the progress of integrating
the UWB technology into their products [35]. It is expected that a lot of other vendors
will start to use the UWB technology in consumer electronic devices in the near future.
This will surely boost the rise of UWB in diverse application areas not specifically to
the positioning use-cases in the near future.

2https://www.apple.com/ca/iphone-11/specs/
3https://insights.samsung.com/2021/08/25/what-is-ultra-wideband-and-how-does-it-work-3/
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2.2 Core Features of UWB Technology

In this section, the core features of UWB technology are addressed in a short and
abstract view so that readers without prior knowledge in the field can understand.
Therefore, the in-depth theoretical details are omitted and only the necessary concepts
for practical implementation of the UWB technology are tackled in an essay manner.
For the readers who need more details in theory regarding UWB technology, the author
would refer to read the books in [72, 154, 156, 170] and the papers in [70, 134, 212].

2.2.1 Brief History and Regulations

The term UWB was first used in a study undertaken for accurate ranging in radar appli-
cations by the US Defense Advanced Research Projects in 1990 [66]. However, the core
idea of UWB signal by generating very short pulses was not new. The first UWB signals
in history were generated by Heinrich Rudolf Hertz while conducting his experiments
in 1887 [210]. It is noteworthy that the first radio in history realized by Guglielmo
Marconi in his early wireless communications using spark gap transmissions in the late
1890s was actually based on the UWB technology. However, the dawn of UWB arrived
for several years as the emphasis and interest on wireless communication systems were
shifted into the Narrow-band (NB) systems, where a carrier is generally necessary for a
signal transmission. The interest on UWB was started again only in the 1990s due to
the improvement in digital signal processing and the introduction of impulse radio in
time hopping system [210, 211].

The development of the UWB technology intensified when FCC in the US announced
in 2002 that the frequency band between 3.1 GHz and 10.6 GHz can be applicable
for the unlicensed operation of UWB under a certain restriction of Effective Isotropic

Figure 2.4: Illustration of UWB spectrum mask regulation in US, EU, Japan, and China. The
representation style of four regulatory bodies on an image was inspired by the work in [230].
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Radiated Power (EIRP) [154]. Subsequently, other countries such as European Union
(EU), Japan, China, Canada, Russian Federation, etc. approved similar regulations
on UWB operation. For demonstration purpose of spectrum restriction in different
countries, Figure 2.4 illustrates the comparison of EIRP mask for UWB regulated by
four regulatory bodies namely FCC in US, European Telecommunications Standards
Institute (ETSI) in EU, Japan, and China. The detailed spectrum restriction of UWB for
the rest of the countries in the world can be found in [32, 48].
It is interesting to see that the four presented regulators has a common maximum

permissible EIRP in UWB with −41.3 dBm at the frequency spectrum between 7.25 GHz
and 8.5 GHz (Figure 2.4). To be more specific, the maximum allowable UWB emission
power in China is −41 dBm (i.e., 0.3 dBm greater than other three illustrated regulatory
bodies). Indeed, the maximum allowable EIRP for UWB in other countries not listed
in Figure 2.4 is roughly the same (−41.3 dBm) in that specific interval of the frequency
spectrum (i.e. 7.25 GHz to 8.5 GHz).
Moreover, it should be highlighted that the frequency spectrum between 6.0 GHz

and 8.5 GHz is generally allowed to use the maximum EIRP for UWB in US, EU, China
and the rest of the world except for Japan according to [32](Figure 2.4). To avoid
the inference and to ensure the coexistence with other radio technologies such as BLE
operated in 2.4 GHz frequency band and Wi-Fi operated in 2.4 GHz and 5 GHz, the
permissive power of UWB is restricted with remarkably low in that specific regions
especially in EU, Japan, and China compared to US (Figure 2.4).

2.2.2 Basic Definition of UWB

In general, UWB refers to a radio technology that takes advantage of having a very
large bandwidth on a frequency spectrum with a very low energy level compared
to its counterpart conventional NB signals. For the illustration purpose, Figure 2.5
compared the Power Spectrum Density (PSD) of UWB and NB in frequency domain.
Historically, the first concrete definition of UWB was specified by FCC in 2002 [210],
and it is generally accepted by default in UWB-based regulations and standards in
many disciplines. According to the FCC, a signal is defined as an UWB if it possesses
either an absolute bandwidth greater than (or) equal to 500 MHz (i.e. based on the
measurement of −10 dB) or a fractional (relative) bandwidth greater than 20% (i.e.
0.2). The mentioned absolute bandwidth (BW ) and the fraction bandwidth B f for UWB
signal can mathematically be defined as follows (Figure 2.5) [154]:

BW = fH − fL

B f =
BW
fC

=
2( fH − fL)

fH + fL
(2.1)

where fH and fL are the upper and lower frequencies of the signal, BW is the absolute
bandwidth, and B f is the frictional bandwidth respectively.
In theory, the large bandwidth utilized in UWB signals can cause interference with

other existing radio-based communication systems. Therefore, the regulatory bodies as
discussed previously enforce very strict restrictions on the UWB emissions (i.e. EIRP) in
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Figure 2.5: Power Spectrum density of UWB vs. NB signals in frequency domain [30, 50]. UWB
is defined as absolute bandwidth BW ≥ 500 MHz or fractional bandwidth B f > 0.2. The repre-
sentation of the image was inspired by the one depicted in [164].

order to avoid interference and ensure the coexistence in harmony with existing radio
technologies (Figure 2.4). This allows the UWB technology the ability to coexist with
other radio technologies such as BLE, Wi-Fi, and cellular communications without any
interference in the same applicable environments.

2.2.3 UWB signal Characteristics in Brief

The use of large bandwidth in wireless communication systems enables several benefits
due to its natural characteristics [209, 210]. The five main advantages of UWB are
highlighted in this section. First, UWB provides high channel capacity, i.e., the maximum
data rate that information can be reliably transmitted over a wireless channel, due to
its high bandwidth. Second, decimeter level ranging accuracy, i.e. extremely accurate
wireless distance measurement for positioning system, is achievable because of the high
temporal resolution due to very short pulses in UWB. This is crucial for time-stamping
the signal arrival time at the receiver. Third, the low transmission power (i.e., less
than −41.3 dBm) in UWB enables immunity to interference, resistance to jamming,
and coexistence with other NB wireless systems. Fourth, UWB provides robustness to
multi-path effects and propagation fading due to the short time duration of the UWB
pulses’ transmission. This short temporal time allows the arrival time of the UWB
pulses at the receiver to be easily split up and filtered out as necessary compared NB
systems. Finally, UWB signal has the ability to penetrate obstacles such as walls and
other materials by using the lower frequency components part of its signal. Though, it
should be noted that the signal can be attenuated, delayed or even dispersed when it
propagates through the mentioned obstacles.

Despite its promising characteristics mentioned above, the generation and processing
of UWB signal are challenging and this section briefly discussed the common state-
of-the-art techniques. In general, UWB signal generation can mainly be divided into
two: (i)Impuse Radio Ultra-Wideband (IR-UWB) approach and (ii) multi-band UWB
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technique. A good resource of UWB signal generation can be found at the chapter 2 of
the Ph.D. dissertation in [230] whereas more concrete detail in [72, 156].

• IR-UWB: transmits information by using very short pulses, which are in the order
of nanoseconds. These extremely short pulses in time domain enable a large
bandwidth in the frequency domain that could be spread up to several GHz. The
typical pulse shapes used in IR-UWB are the family of Gaussian pulses [230].
The good thing about IR-UWB signal is that it can be directly generated from the
base-band Gaussian pulses without using carrier signal or frequencies.

• Multi-band UWB: divides the whole available UWB spectrum (e.g. 3.1− 10.6
GHz in US) into multiple smaller sub-bands with each contains a minimum of
500 MHz bandwidth. This enables the available spectrum to be used efficiently
by switching the mentioned sub-bands for different devices. Regarding the
modulation technique for multi-band UWB, many types can be adopted though
the most popular one is Orthogonal Frequency Division Multiplexing (OFDM)
technique and is usually named as the multi-band OFDM.

In recent years, the focus of UWB research has been shifted into the IR-UWB. In
general, IR-UWB system posses more significant advantages compared to the multi-
band systems in terms of simplicity in design, potentially lower cost and lower power
consumption, and the ability to generate UWB pulses from the base-band signal (i.e., no
carrier signal is separately necessary for UWB channel model). This enables the IR-UWB
to support many basic modulation schemes discussed in the next section. Due to these
characteristics, IR-UWB was regarded as very attractive in many system aspects and was
adopted in Institute of Electrical and Electronics Engineers (IEEE) 802.15.4 standard
in 2002. The amendments and regulations regarding IR-UWB are constantly updated,
and it is currently the most applied UWB-based technology in practice and commercial
markets. Therefore, the overview of IEEE 802.15.4 standard and its defined operational
flow for the wireless channels are briefly described in Section 2.2.5.

2.2.4 Modulation Schemes for IR-UWB

Modulation is a process of encoding information to be transmitted (e.g. a digital signal
representing a sequence of binary digits) into its carrier frequency. It should be noted
that the base-band signal itself can be used as the carrier frequency in the case of IR-
UWB system as previously mentioned. In this section, only the necessary concepts of
the modulation are described in a short and concise way for a better understanding
of the UWB technology. The complex technical details and theories are omitted since
those can be easily found in academic books and publications. For the readers who need
a concrete theoretical concept, the author would refer to the book in [187] for general
modulation techniques in wireless communication channels and the books in [72, 156]
for UWB specific signal modulation techniques. In short, there are, in general, four
modulation schemes for UWB-based signal processing (see the visual demonstration of
each concept in Figure 2.6) as follows [156]:
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Figure 2.6: Demonstration of four typical modulation techniques used in UWB system. The UWB
pulse shape used in the Figure is based on the Gaussian doublet waveform.

1. On-Off Keying (OOK) modulation scheme: coveys the digital information based
on the presence (i.e., logical 1) or absence (i.e., logical 0) of binary data stream
in its input waveform (Figure 2.6 (b)). In simple terms, the UWB pulses are
transmitted via wireless channel in OOK scheme only when the digital information
includes logical ‘1’. Otherwise, no signal transmission is conducted meaning the
binary information is encoded with a logical ‘0’.

2. Binary Phase Shift Keying (BPSK) modulation scheme: uses two phases, which
are separated with 180◦ to each other, to represent information encoded in its
carrier frequency (Figure 2.6 (c)). In basic terms, the phase of BPSK is shifted
by 180◦ if the binary information to be sent via wireless channel includes logical
‘0’. Otherwise, there is no phase shifting in the modulation of BPSK, i.e. for
information encoded with logical ‘1’ .

3. Pulse Position Modulation (PPM) scheme: encodes information to be transmit-
ted via wireless channel by shifting the position of specific pulse occurrence in
time (e.g. shift occurs when binary information includes logical ‘0’) as depicted
in Figure 2.6(d). In other words, the UWB pulse is shifted in time whenever ‘0’
from the binary information stream is to be sent by the PPM scheme. In contrast,
no pulse shifting is performed in the modulation when logical ‘1’ is to be sent.

4. Pulse Amplitude Modulation (PAM) scheme: encodes information to be trans-
mitted via wireless channel by varying the amplitudes in accordance with the
sample values of the message (i.e. binary data in UWB) signal. In simple terms,
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the information in PAM scheme is encoded by varying different signal amplitudes
for each binary digit. For instance, the logical ‘0’ has different amplitude than its
counterpart logical ‘1’ for binary-coded information data (Figure 2.6 (e)).

For a better understanding of the concept through visual representations, Figure 2.6
demonstrated the discussed four modulation schemes for UWB signal by using a sample
binary step data stream with values [1, 1,0, 0] as the input information message to be
sent via the wireless channel. The UWB pulse shape used in Figure 2.6 is based on
the Gaussian doublet waveform, which is the second derivation of the Gaussian pulse
typically used to generate the IR-UWB radio signal in practices. The figure illustrated
a single modulation scheme for IR-UWB system. For multiple access schemes, time-
hopping codes or direct sequence codes are generally utilized in IR-UWB system along
with one of the modulation schemes discussed in this Section [156]. Noted that the
modulation generally occurs in the Physical Layer (PHY) of the UWB system and it
is typically applied in both the synchronization and data slot areas of the PHY frame
transmission process in IEEE 802.15.4 standard (see more details in Section 2.2.5.3).

2.2.5 UWB Standards and Trade Groups

This section briefly discusses the UWB related standard called IEEE 802.15.4, which
is actively specified by the IEEE (i.e. the current active version is IEEE 802.15.4z-
2020 for UWB by the time writing this dissertation). The IEEE 802.15.4 standard is
generally regarded as the foundational technical standard for mass production and
interoperability of the UWB technology and its applications. Moreover, the trade group
formed for the use-case of UWB and other available standards, which are mainly built
upon the IEEE 802.15.4 standard, are briefly described in this section.

2.2.5.1 IEEE standards for UWB

The first attempt to create UWB related standard in IEEE was initiated in 2002 as part
of an amendment for the IEEE 802.15.3 standard, namely IEEE 802.15.3a. The attempt
was unsuccessful due to selection procedure issues for adopting UWB architectures. In
consequence, the IEEE 802.15.3a task force group4 was also disbanded by the IEEE
standards Association5 in 2006. The earlier 802.15 standard model was an important
step for the understanding of UWB channels and was established to be useful for the
new standard related to UWB high-data rate communications [61].

In 2007, IEEE 802.15.4a was specifically defined for UWB related channels as a part
of the amendment to IEEE 802.15.4-2006 standard. The mentioned amendment was
successfully merged into the release of the IEEE 802.15.4-2011 standard. It should
be noted that an alphabet at the end of the name of the IEEE standard (e.g. IEEE
802.15.4a) means an amendment to the previously defined standard, and the name
of the entire IEEE standard is usually accompanied by the specified year at the end
(e.g. IEEE 802.15.4-2006). The specification defined in IEEE 802.15.4-2011 played a

4https://www.ieee802.org/15/pub/TG3a.html
5https://standards.ieee.org/
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Table 2.1: Summarized list of UWB related standards in IEEE

Standards 802.15.3a 802.15.4a 802.15.4-2011 802.15.4-2015 802.15.4z

Years 2002 2007 2011 2015 2020

very crucial role in the rise of UWB technology in the research community as one of the
most influential UWB chips in the field manufactured by Qorvo (formerly Decawave),
namely DW1000 chip, was created upon this standard.

IEEE 802.15.4-2015 standard, that superseded the IEEE 802.15.4-2011, was released
by IEEE standard association in 2015. However, there was not much alternation
about UWB within the standard. It should be noted that IEEE 802.15.4 standard, in
general, is responsible bodies for the technical specifications in all technologies usable in
low-rate wireless personal area networks including UWB technology. In general, IEEE
802.15.4 standard specifies the PHY and Medium Access Control (MAC) layers. In 2020,
the IEEE 802.15.4z standard, the most current amendment to IEEE 802.15.4-2015 as
the time of writing this dissertation, was specified particularly for UWB technology in
order to enhance its PHY layer. Table 2.1 provides the summarized list of the UWB-
related standards specified by the IEEE.

2.2.5.2 Other Standardization Bodies

In fact, there are standardization bodies other than the IEEE that focus to specify the
development process and interoperability of the UWB technology. A good overview
of those standard bodies can be found in [35]. However, the defined standards on
those bodies are mainly concerned about the application layers of UWB in general. In
terms of the Open Systems Interconnection model (OSI model), the standardization
of those bodies focuses only on the network layer and above (namely the network,
transport, session, presentation, and application layers). In the nutshell, the mentioned
standardization bodies generally use either the IEEE 802.15.4z standard or the more
completed version of the IEEE 802.15.4 standard in their PHY and MAC layers.
In brief, there are four main standards at the time of writing this dissertation that

specified the UWB application layers [35]. FiRa Consortium defined specific layer
called common service management layer on top of the PHY and MAC layers of
the IEEE 802.15.4z standard. The aim is to allow interoperability between the FiRa
devices during the deployment process and in applications. Similarly, Apple defined
the protocol called nearby interaction accessory protocol that controls the UWB
ranging between the Apple device and its connecting accessories. Moreover, cross-
industry organization named Car Connectivity Consortium specified the Digital Key
3.0 standard that uses UWB for hand-free location-aware key-less access for cars. Unlike
the mentioned three standards, omlox standard (https://omlox.com/home) aims to
combine different location-based technologies (e.g. UWB, BLE, RFID, Wi-Fi, and GPS)
into the common framework. For the interoperability among different technologies,
omlox standard defines a middle-ware called omlox hub on top of each executable
base technology. The white paper that demonstrated the use-case of omlox standard
for virtual reality application can be found in [168].
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2.2.5.3 Description of Data Communication Flow in IEEE 802.15.4 Standard

To the best of the author’s knowledge, IEEE standard association is the only active
standardization group for specifying the PHY and MAC layers of UWB based technology.
The rest of the standard bodies generally builds upon the IEEE standard as already
mentioned above. Therefore, this section briefly explains the operational flow of IEEE
802.15.4 standard. Figure 2.7 illustrates the frame format of PHY and MAC layer, which
is used for data communication between wireless devices in IEEE 802.15.4 standard. In
short, the wireless data communication was performed by transmission and reception
of the frames depicted in Figure 2.7.
Regarding the PHY layer of UWB data communication in IEEE 802.15.4 standard,

the frame format can be divided into three parts (light blue color in Figure 2.7). Those
three are the synchronization header, the physical header, and the data parts. First,
the synchronization header is composed of the preample and Start of Frame Delimiter
(SFD). The preamble sequences are used in UWB receiver to detect whether there
exists an UWB signal transmission from the transmitter and acknowledge the data
communication types such as data rate. The standard defines several specific preample
codes for different configuration (see details in [33, 96]). The SFD is a unique sequence
of symbol data that signifies the end of a preamble sequence and the start of PHY header
in the data frame. For precise ranging in UWB system, accurately time-stamping of
this critical switched moment is crucial and the UWB hardware available in the market
is usually capable of doing it automatically within the chip. The standard defines
separate lengths of SFD sequences in order to support distinct data rates for various
configurations in the UWB devices. Second, the PHY header is responsible for specifying
which modulation schemes should be used for the data part of the frame with assignable
data rates. The standard typically defines various modulations applicable in UWB, and
it is likely that amendment and extension can occur based on the requirements of the
application (e.g., IEEE 802.15.4z has already attempted to amend for the use-case of
high rate PHY layer for UWB). Third, the data slot in the frame format of the PHY layer
in IEEE 802.15.4 standard was generally occupied by its upper layer, which is the MAC
layer in the case of UWB-based localization system (Figure 2.7).

Figure 2.7: Overview of the PHY and MAC layers frame structure in IEEE 802.15.4 standard
specifically defined for wireless personal area networks including UWB technology [45, 97].
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Regarding the MAC layer of UWB data communication in IEEE 802.15.4 standard,
the frame can be again split into three parts namely the MAC header, MAC payload,
and Frame Checking Sequence (FCS) (light orange color in Figure 2.7). First, the MAC
header is responsible for controlling the data flow between the UWB hardware and
its wireless channel (Figure 2.7). The MAC header is further divided into seven parts,
of which four of them correspond to the source and destination addresses of the
communicated UWB devices and their corresponding Personal Area Network (PAN)
identifiers. The sequence number field in the MAC header is typically used to match or
validate transmitted data frames for further processing such as data acknowledgment,
data re-transmission, etc. Basically, the sequence number should be incremented by 1
after each successful data transmission process. The frame control field in the MAC
header is critical for configuring the types of frames (e.g., broadcast, acknowledgment,
data, MAC commands, etc.). Second, the MAC payload slot in the frame format of
the MAC layer in IEEE 80.215.4 standard is again reserved for its upper layers, which is
in many cases the application layer (Figure 2.7). For instance, the information related
to the ranging data of UWB signal is usually loaded directly onto this MAC payload
slot in several location-based system integration processes [201, 230]. Third, the FCS
in the footer of MAC layer frame is responsible for detection and correction of the
transmission errors in wireless channel using Cyclic Redundancy Check (CRC). In other
words, the FCS is used to detect accidental changes due to the imperfection of the
wireless channel during the data transmission. Provided errors are detected in the
course of the data transmission process, correction can be performed arithmetically up
to a certain limit in order to avoid data corruption.

2.2.5.4 UWB-based Trade Groups

The coexistence with other wireless technologies is one of the greatest challenges and it
is currently accomplished by restricting the spectrum mask of the UWB emission power
by regulatory bodies across the world as described in Section 2.2.1. This sometimes
limits the mass production of UWB based hardware and chips across the globe for
certain frequency bands and in consequence, it further limits the interoperability in
some particular cases. Therefore, the industry trade groups are usually formed in order
to promote the adoption of UWB technology and to influence the decision-making of
the regulation, standardization, and multi-vendor inter-operation processes.
Throughout the history of UWB technology, the first trade group namely WiMedia

Alliance6 was founded in 2002 with the core members being Samsung and Alereon.
The WiMedia Alliance adopted the IEEE 802.15.3a standard, which had not ended
up to a successful adaptation into the core IEEE standard association as explained in
Section 2.2.5.1. Consequently, the trade group was dissolved in the later years and its
existence has gradually vanished.

In December 2018, UWB Alliance7 was officially launched by a group of technology
companies, and its members are actively growing. The three main missions of UWB

6https://www.wimedia.org/en/index.asp
7https://uwballiance.org/
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alliance are: (i) persuading the beneficial rule-making process for UWB technology
in US and EU, (ii) strategically building multi-radio coexistence solutions, and (iii)
promoting an international standard for UWB that can interoperate among multi-
vendors. The UWB alliance adopted the IEEE 802.15.4z standard and is actively
involved in the amendment process of the mentioned standard.
In addition, the UWB related standards provided by FiRa Consortium and omlox

has been sponsored and heavily backed by hundreds of leading technology companies
that use or intended to use the UWB technology in their products, chip manufacturers
that produce the UWB chips, and many market leaders in the field. Therefore, FiRa
consortium and omlox are also included as part of the trade groups in this section. It is
expected that the mentioned two standards will play an important role in promoting
the wider use-case of the UWB technology into diverse fields of the consumer markets.

2.2.6 Potential Applications of UWB Technology

In general, UWB technology can be applied in three main areas: (i) data communication
system in Wireless Sensor Network (WSN), (ii) location-based precise navigation and
tracking systems in GNSS-deprived environments, a.k.a Real-time locating system
(RTLS), and (iii) UWB-based short-range radar [7]. This dissertation is devoted to
the use-case of UWB localization system. Hence, the potential applications of UWB
in location-aware systems are briefly highlighted in this section by citing verifiable
references for each use-case demo in literature. Therefore, those potential application
areas of UWB technology are coarsely summarized as follows:

• Access tracking and localization of objects in crowed area such as hospital, shop-
ping malls, airport, museum, industrial workplaces, etc. (e.g. in [204])

• Navigation and localization of objects in logistics using robotic engineering in
factory environment (e.g. use-case in [200])

• Contact tracing and social distancing (e.g. use-case in [150])
• Player statistics and sport analytic in indoor sports (e.g. use-case in [60])
• Tracking, monitoring, and locating of tools and assembly parts in complex factory

environments (e.g. use-case in [69, 123])
• Search and rescue missions (e.g. use-case in [125])
• Monitoring human health parameters in healthcare (e.g. use-case in [73])
• Location services for Unmanned Ariel Vehicle (UAV) in GNSS-deprived area (e.g.

use-case in [152, 169, 214])
• Behavioral detection and localization of animals (e.g. use-case in [207])
• Hand-free access control to vehicle using UWB as a digital key for cars in BMW8

• Tracking assembling process of cars in automotive industry environments (e.g.
use-case demo in BMW9 at Regensburg, German)

Besides the above-mentioned list, it is expected that the integrating of UWB chip
inside the smartphones will definitely boost its applications into a new dimension in
the near future. Examples include finding lost belongings, reminders of left behind
properties, assets tracking in more diverse areas, factory automation systems, etc.

8https://www.bmw.com/en/innovation/bmw-digital-key-plus-ultra-wideband.html
9https://ubisense.com/vehicle-assembly/
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2.3 UWB-based Localization Schemes

There are, in general, three (wireless) topologies or system implementation aspects
in UWB-based indoor positioning and navigation systems. To the best of the author’s
knowledge, the earliest description of the said three topologies was defined in [72],
in which the UWB network systems were categorized as: (i) Network-based system
(i.e., GPS-like system), (ii) Handset-based systems (i.e., inverted GPS-like system), and
(iii) Hybrid-systems (i.e., a combination of the referred two systems). Based on the
mentioned categories, this section define the integration process of UWB technology
into three topologies (Section 2.3.1). Surprisingly, we found out that only two of
the three topologies (i.e., GPS-like and its inverted systems) are widely studied and
addressed in academic publications whereas the information regarding the remaining
one (i.e., Hybrid-system) was left out as unnoticed. Therefore, this section re-introduces
the overlooked topology, which is named as a bidirectional UWB localization system
in this dissertation, and highlights its potential in IPS (Section 2.4). In fact, the
whole dissertation was wrapped around the implementation process of the mentioned
bidirectional UWB-based localization system.

2.3.1 Three Topological Aspects in UWB Localization Schemes

According to UWB-based system integration processes in academic publications and
industrial projects, the UWB systems can be divided into three categories: (i) the UWB
system that imitates the GNSS scheme, i.e., GPS-like system, (ii) the UWB system
that uses the inverted approach of the GNSS scheme, and (iii) the UWB system that
combines the advantages of the two mentioned schemes in single system integration.
In a GNSS-like system as from the first case, a self-navigation scenario for a non-

stationary mobile node (hereinafter referred to as tag) can be accomplished in a given
space provided that the tag has prior knowledge regarding the exact location of the ref-
erence nodes or landmarks (hereinafter referred to as anchors). In this scheme, anchor
nodes are placed at the fixed known locations within the areas, where the positions of
objects are intended to be observed. Similar to the GNSS system, the anchor nodes
are responsible for transmitting the UWB signals in a periodic way in this kind of UWB
system. Upon passively receiving the sent UWB signals from the known anchors, the tag
device is capable of self-navigation relative to the mentioned fixed location of anchor
nodes. In terms of system integration process in UWB technology, the first GNSS-like
approach for UWB-based localization system was addressed in [126]. Subsequently,
this approach has been explored and used in several academic projects [36, 78, 87,
178, 229]. The mentioned GNSS-like UWB system integration approach is termed
as a unidirectional Active Anchor System (AAS) in this dissertation. It is defined
as unidirectional because the wireless communication between the anchor and tag is
only in one direction. Moreover, the term active anchor denotes that the transmission
of UWB signals are performed by the anchor nodes whereas the tags are responsible
only for receiving tasks. The visual representation of the concept regarding the unidi-
rectional AAS UWB localization system is given in the left image of Figure 2.8. In the
unidirectional AAS system, the ranging phase (Section 3), i.e. measuring the distances
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Figure 2.8: Illustration of visual comparison among the three topologies for UWB-based system
integration namely the AAS, ATS, and BAATS.

between anchors and tag, is usually based on the TDoA technique [87]. For the location
estimation algorithm, the Multilateration method is commonly used in AAS [230].
In contrast to the GNSS-like system integration process as described above, the

inverted approach has been widely used in the UWB-based localization system. In the
mentioned inverted system, the tags devices utilized in the UWB system are, in turn,
responsible for transmitting the UWB signal whereas the anchor nodes are accountable
for receiving the sent signal and computing the location estimation of the tag based on
the sent UWB pulse. This approach is termed as an unidirectional Active Tag System
(ATS) in this dissertation. Similar to the previous one, unidirectional refers to the one-
way data communication, in which the sender is a tag and the receivers are anchors.
The active tag means the UWB pulse transmission is performed by the tag whereas the
anchor nodes passively listen for further processing in the ATS. The first integration
of UWB-based unidirectional ATS was implemented at academic publication in [236].
Later, the approach has been extensively explored and studied in [78, 198, 201, 204].
In an unidirectional ATS, TDoA technique is the common measurement method and
the Multilateration algorithm is the core positioning technique akin to the AAS [236].
Correspondingly, the unidirectional ATS can be used in a tracking scenario where the
central server on the anchors’ side is capable of tracking the motion of all available tags
within its coverage area of the system. Figure 2.8 illustrates the visual representation
of unidirectional ATS in contrast to the AAS approach. The figure also shows that the
only difference between the two systems is the direction of the data transmission flow.
However, the mentioned difference ignites totally different applicable scenarios (e.g.
tracking vs navigation) and several opposing system parameters (Section 2.3.2).

Unlike the above-mentioned two unidirectional approaches, a bidirectional architec-
ture for UWB-based localization scheme can be constructed as well by combining the
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benefits from the two unidirectional systems into one common platform. This enables
a promising paradigm shift in UWB-based localization system from the perspective of
topological concepts as the scheme allows both navigation and tracking capabilities
under a single localization system. In other words, the applications of UWB technology
regarding the navigation and tracking scenario can be commonly integrated by using a
single platform. In this dissertation, the mentioned scheme is namely as Bidirection
Active Anchor-Tag System (BAATS) for simplicity. The term bidirectional in BAATS
refers to the two-way communication between anchors and tags. In addition, both the
tag and anchor nodes are necessary to be active, i.e., data transmission is necessary to
perform by both the tag and anchors size. The first demonstration of UWB localiza-
tion system similar to BAATS was presented by Qorvo (formerly Decawave) in their
commercially available UWB development kits called TREK100 and MDEK1001 [47].
To the best of the author’s knowledge, however, there is no prior work in literature
that specifically addressed the bidirectional concept in UWB-based localization systems
except for our previous work in [175]. Instead, it was always regarded as a by-product.
Therefore, a BAATS system using two-way signal communication between the anchors
and tags (Chapter 3) was specifically addressed in this dissertation. Figure 2.8 (the
image on the right) illustrates the said BAATS system for UWB-based localization.

Moreover, there are, indeed, a few set-ups that are different from the typical system
implementation process described in this section. One such approach is the use of a
single anchor for UWB localization in which the system needed cooperation from IMU
units as an additional resource [26]. In addition, the unidirectional AAS and ATS
systems can also be designed to support the bidirectional localization system by using
a two-steps approach. In such a two-stages case, a secondary wired or wireless tech-
nology (e.g BLE) is mandatory for exchanging the last updated location data estimated
by the UWB between the two parties (i.e. the server/anchor and tag sides). In simple
terms, the position of the targeted mobile tag is estimated based on the UWB technology
by either the tag itself (i.e., for a navigation scenario in AAS system) or the anchors
(i.e. for the tracking scenarios in the) in the first stage. The second stage corresponds
to exchanging the positioning data to the other parties by means of a wired or wireless
technology other than the UWB in this case. In this dissertation, the two-stages ap-
proach is disregarded due to the increased complexity in implementation as it requires
cooperating with other suitable technology. Therefore, the bidirectional UWB system
that can perform both the navigation and tracking scenarios within a single platform
is promoted as a promising and attractive solution for many diverse location-based
applications and addressed in this dissertation (Section 2.4).

2.3.2 Comparing the Features of Three UWB Systems

The general comparison of features regarding the presented three system implementa-
tion aspects of UWB-based localization namely AAS (i.e. GNSS-like system), ATS (i.e.
inverted GNSS-like system), and BAATS is given in Table 2.2. The well-known GNSS sys-
tem setup is used as a reference here for the purpose of explaining the implementation
aspects of UWB-based localization system. Concerning the ranging phase in UWB, the
two unidirectional AAS and ATS setups are traditionally based on the TDoA technique
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Table 2.2: Summarized feature comparison of three UWB-based localization topologies

Properties UWB-based Localization Systems

AAS ATS BAATS
[78, 87, 126, 229] [78, 198, 204, 236] [47, 175]

System setup GNSS-like inverted GNSS-like mixture of both

Ranging method TDoA TDoA ToA

Clock sync. mandatory mandatory unnecessary

Localization navigation tracking navigation and
approach purpose only purpose only tracking purposes

Availability of only at the only at the both at Tag and
position data Tag devices Anchor (server) Anchor (server)

Signal direction unidirectional unidirectional Bidirectional

System-wide very low low medium
energy usage

No. of Tags unlimited limited highly limited

No. of Anchors limited limited highly limited

Signal transmitter active Anchors active Tags active Anchors-Tags

while the ToA method is typically used in the bidirectional BAATS. In general, the TDoA-
based unidirectional systems (i.e., AAS and ATS) need expensive and complex clock
synchronization setups among the anchor nodes in order to achieve accurate location
estimations due to clock drift errors. However, this is not the case for the ToA-based
bidirectional system as the issues related to clock drifts can be effectively eliminated by
using the TWR scheme in the ranging phase (more details in Chapter 3).

Due to the nature of unidirectional, information can be transferred in one-way, which
is from a transmitter to a receiver, in AAS and ATS. As a result, there are limitations in
the system use-case of the unidirectional AAS and ATS based on where the location data
is available in the system (e.g., anchors vs. tags). For a GNSS-like unidirectional AAS,
the transmitters in the system are anchors whereas the receivers are the tag devices.
This corresponds that the AAS can be used as a navigator or in the navigation scenario
because the estimated location data of the system is available only at the tag device. In
contrast, the unidirectional ATS can be used in a tracking scenario where the location
information is available at the anchors’ side or the central server in the system. Unlike
the mentioned two unidirectional approaches, the bidirectional BAATS is flexible to
be used in both the navigation and tracking purposes in applications as the location
information is available at both the tags and anchors (central server) of the system.
In terms of system-wide energy consumption, the AAS topology is very efficient

and considerably lower than the ATS and BAATS mainly because only the anchor
nodes are responsible for transmitting UWB signal. As a matter of fact, the highest
energy in UWB hardware is typically evident in the data transmission process compared
to the receiving and idle cases [44, 230]. In general, the number of anchor nodes
necessary to be used in UWB localization system including AAS is relatively fewer
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than its counterparts the number of tags in the system. In addition, there is no limit
for the number of tags in GNSS-like AAS for the use-case of navigation purposes. In
contrast, the scalability of the number of tags in ATS is limited due to the possible
signal collisions within the same environments. Similarly, the number of allowable
tags is highly limited in BAATS due to the requirements of its multiplexing scheme for
multiple access. In terms of the allowable anchor nodes, all the UWB-based localization
schemes have limitations. The constraint in the TDoA-based unidirectional systems
are due to the synchronization procedure mandatory in the system implementation
whereas the bidirectional ToA-based scheme is due to the multiplexing process.

In summary, the two main advantages of AAS topology are the unlimited number
of tags supported in the system and its very low system-wide energy consumption.
However, the AAS can be used only in a navigation scenario which limits its application
areas, especially in indoor environments. To fill the gap with the tracking scenario,
the ATS setup was risen up recently and applied in many UWB-based localization
system [78, 198, 204, 236]. Generally speaking, there are no substantial benefits
in ATS except for its applicable tracking scenario in the localization system compared to
the AAS. The core disadvantage of the two unidirectional systems (AAS and ATS) is the
requirement of system-wide clock synchronization for accurate location estimation. In
contrast to the unidirectional TDoA-based systems, the bidirectional ToA-based BAATS
has a considerable benefit in its flexible applicable areas as the system can be used as
both a navigator and tracker at the same in a single scheme.

2.3.3 The Potentials of a Bidirectional UWB System

As already mentioned above, the bidirectional UWB localization system (i.e., BAATS)
is considerably flexible in its application areas due to its ability usable in both naviga-
tion and tracking scenarios within a single uniform scheme. From the perspective of
applied UWB-based localization system integration approach, the capability of both
navigation and tracking scenarios in a single platform is, in fact, a paradigm shift in the
field as previously it was addressed under separate categories. In other words, BAATS
is flexible to act as either a navigation scheme or tracking scenario under the same
system setup without changing the underlying implementation processes. As a result,
the bidirectional scheme opens a paradigm shift in a diverse field of application areas,
which are unaddressed previously by incorporating the navigation and tracking scenario
under a common single system.

The current state-of-the-art system implementations in UWB-based wireless localiza-
tion emphasize only the accuracy of positioning information. Hence, the data payload
section of the MAC layer (Section 2.2.5.3), where sensor data and other information can
be transmitted on it depending on the available resource space, were commonly ignored
and not used at all in unidirectional AAS and ATS [78, 87, 126, 229, 236]. Instead, the
data payload section of the MAC layer was used only for essential timestamps to be
used for the location estimation process in those systems. The main reason is that the
strict requirement of synchronization in unidirectional approaches necessitates a fixed
and constant data frame processing time during the communication between UWB
devices. In contrast, the bidirectional BAATS shows that it has the capability to transmit
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Figure 2.9: Illustration of the coverage areas comparison for the TDoA- vs. ToA-based UWB
localization systems for accurate positioning under the same anchors’ setup.

both actual information such as sensor data in WSN as well as the required data for
location estimation within one system without losing its accuracy in the localization
process. This can be accomplished due to the freedom of strict synchronization in the
system. This fact is critical because it shows the potential of UWB technology, which
can be used not only as the well-known precise location-based service producer but
also as a typical sensor in WSN.
As already mentioned several times, the clock synchronization is not necessary

in BAATS compared to the TDoA-based systems due to its usage of a two-way communi-
cation scheme in its ranging phase (see more details about the topic in Chapter 3). This
fact is also very crucial because clock inaccuracies in localization systems cause serious
problems and are troublesome in system integration and applications. In general, no
device is truly accurate in constantly keeping its time and the natural drift between
two communicating devices will still lead to issues as time goes on even if they are
perfectly synchronized at the beginning. This is particularly very challenging for time
synchronization protocols designed to be applied in wireless communication systems
and the research on this area is still active to date. The bidirectional scheme simplifies
the requirement of clock synchronization by using two-way ranging methods.
Moreover, ToA-based BAATS topology shows substantial benefits in system-wide

coverage areas compared to its counterpart TDoA-based AAS and ATS. This compar-
ative indication is usually overlooked in literature when promoting the TDoA-based
scheme. For demonstration purposes, Figure 2.9 illustrated the trajectory of a ToA-base
system measured from the real-world experimental data in order to compare with
its counterpart the TDoA-based system. Under the same anchor setup as depicted
in Figure 2.9, the maximum coverage area for the TDoA-based system is highlighted
with the orange color whereas the trajectory of the measurement data from ToA-based
bidirectional system is shown with a dotted line. The ToA sample data used in the
figure were extracted from the real-world experiments in sport hall (see more details
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about the data collection process in chapter 4). Figure 2.9 proved that the location
of objects can still be accurately localized in the ToA-base bidirectional system even
in a situation such as the targets are not necessarily inside the perimeter of the four
anchors. On the contrary, the positioning data outside the four anchors’ perimeter
cannot be determined with high accuracy in TDoA-based unidirectional systems. One
possible example use-case of the illustrated ToA-scheme is a transporter machine in a
large factory that follows the worker who carries the UWB tag autonomously so that
objects can be loaded on it without the need for a human driver. In the said exemplary
application, all the UWB anchor nodes in the localization scheme can be set up on the
autonomous vehicle itself to localize the tag, i.e. the worker in the example. Here, the
anchor nodes allocated on the vehicle itself are also continuously moving along with
the transporter machine, which can’t be accomplished in TDoA-based systems.

2.4 Implementation of a Bidirectional UWB System

Motivated by the potentials of the bidirectional UWB system discussed in Section 2.3.3
and its lack of documentation about the methodology in literature, this dissertation
is devoted to the bidirectional localization scheme of UWB technology. Figure 2.10
depicted the overview block diagram of a complete system set-up for ToA-based BAATS
for UWB localization. In brief, the bidirectional UWB localization scheme can be
regarded as a complete system if the mandatory four main blocks colored with light
green in the figure are established. The four blocks correspond to the UWB hardware
components, the ranging phase of the system, the location estimation phase, and the
multiplexing process. In addition, there are optional blocks that are crucial for the
enhancement of the system to improve the quality of the UWB localization scheme (light
orange color in Figure 2.10). The two optional blocks in the figure correspond to
the identification and mitigation process of the ranging error, and filtering of the
output location data. Each block in Figure 2.10, i.e. the implementation process in a
bidirectional UWB localization, are shortly described in the next subsections.
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Figure 2.10: Block diagram representation of a bidirectional UWB-based localization system
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2.4 Implementation of a Bidirectional UWB System

2.4.1 Hardware Components

Basically, the UWB device is composed of four main components: (i) the antenna,
which is used for transmitting and receiving the UWB radio signal, (ii) the UWB chip
specified in accordance with a standard such as IEEE 802.15.4, which is used for
precise time-stamping, UWB signal processing, configuration of the UWB channel,
data rate, emission power as well as other suitable parameters based on the intended
application, (iii) the Microcontroller Unit (MCU), which is typically used to control the
data communication flow in the UWB chip, and (iv) high precision oscillator, which
is used to provide a local clock to the MCU for task likes defining precise timestamps
in UWB localization. It should be noted that the underlying hardware components for
the BAATS, AAS, and ATS are generally the same though more precise oscillators are
fundamentally demanded in TDoA-based system due to its strict requirement of clock
synchronization within the system.
Nowadays, several UWB chips are manufactured by many companies around the

world, and they are available at quite a low cost in the electronic markets. Among
them, the current leading manufacturers of UWB chip are Decawave (at present under
Qorvo), Ubisense, Bespoon, and NXP. In addition, smartphone companies such as Apple
and Samsung have already integrated UWB chips into their products and it is expected
that the exponential growth of UWB chips will be evident in the near future.

2.4.2 UWB Ranging or Distance Measurement Phase

The careful choice of a ranging methodology for UWB localization is crucial because it
determines whether the applied final scheme becomes a unidirectional or bidirectional
system. In other words, a particular UWB-based localization scheme can be identified as
either a unidirectional or bidirectional system by looking at the applied technique in the
ranging phase. Generally speaking, the ranging techniques for UWB-based localization

Figure 2.11: Illustration of two-way ranging method usable for both distance measurement phase
in BAATS as well as node synchronization process in TDMA scheme (shaded area). The image
was reproduced with minor changes from [175] (©2019 IEEE. Reprinted, with permission.).
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systems are closely tied up with its signal measurement techniques (or) topological
configurations such as TDoA, ToA, AoA and RSS [222]. Unidirectional UWB systems in
literature are built upon the TDoA techniques [126, 198, 229] whereas the bidirectional
systems are fundamentally based on the ToA technique.
Figure 2.11 illustrates two basic ranging schemes for bidirectional UWB system

namely Single-Sided Two-Way Ranging (SS-TWR) and Double-Sided Two-Way Ranging
(DS-TWR) respectively. The defined TWR corresponds under the category of ToA-based
rangingmethodology for a bidirectional UWB system. There are, indeed, several ranging
schemes regarding TWR techniques as well as a misconception in literature. Therefore,
the rigorous analysis specifically for TWR schemes are examined in chapter 3 and
clarified the misconception typically made in academic publications. In brief, we found
out that the AltDS-TWR technique was the most reliable and consistent TWR method
available in the literature (see chapter 3 for more details). Therefore, the bench-marking
of position estimation algorithms addressed in chapter 4 applied the AltDS-TWR as its
ranging technique for the BAATS. For the readers who are interested in the validation
process regarding the choice of AltDS-TWR as well as the misconception in TWR, the
author would refer to read chapter 3 of this dissertation, where the verification was
specifically carried out analytically, numerically, and experimentally.

2.4.3 Identification and Mitigation of the Ranging Errors

The ranging errors identification and mitigation process is generally not a mandatory
aspect in the implementation of BAATS (light orange color in Figure 2.10). Instead, they
are crucial for enhancing the location-related solutions provided by the UWB-based
system. In simple terms, a localization system will work fine without it. However,
the performance of the system in terms of accuracy will degrade substantially in case
non-direct path signals are involved in the UWB measurements. This is a very typical
scenario in practice due to the fact that the propagation time of UWB signal is normally
delayed by the NLOS and Multi-path (MP) conditions. As a result, the estimated ranges
are elongated compared to the actual true ones.

Generally, the measured ranges in UWB are affected by errors due to NLOS and MP
conditions. The mentioned ranging errors can be identified and corrected before
further processing in the positioning phase in order to enhance the overall system
performance. The identification process of the mentioned ranging errors is, in fact,
very challenging due to the nature of wireless signal processing and the field is still
novice under active research. Lately, machine learning methods are seen as attractive
solutions for solving the mentioned identification and mitigation problems for UWB-
based localization system. Therefore, the whole chapter 5 is devoted to rigorously
addressing the identification process of the ranging errors due to NLOS andMP condition
for bidirectional UWB-based localization system using machine learning approaches.

2.4.4 Location Estimation in UWB

The determination of a position in the bidirectional UWB localization system relies on
the measured distances between anchors and tags in the ranging phase as well as a
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Figure 2.12: Demonstration of location estimation procedure in UWB-based localization system
by using measured ranges between anchors and tags in 2D space.

dedicated positioning algorithm. In general, at least three ranges are necessary to locate
a position of a target tag in two-dimensional (2D) space whereas at least four ranges
are mandatory for three-dimensional (3D) space. Figure 2.12 demonstrates the funda-
mental of Lateration technique in 2D space, which is widely utilized in range-based
positioning algorithms. In fact, the more complex location estimation methods (chap-
ter 4) given in the literature are generally built upon the basic understanding of the
illustrated concept in the figure. In brief, the Lateration technique is called Trilateration
if the system uses three ranges to get the position of a tag in 2D space whereas it is
called Multilateration when more than three ranges are used.

Fundamentally, the position of a tag could be anywhere around a circle in 2D space
suppose that only a single range between an anchor and a tag is available to the
system (Figure 2.12 (a)). The plausible position of a tag is reduced into two points at
the intersection of two circles if two ranges (i.e. distances between two anchors and
a tag) are obtainable in the system (Figure 2.12 (b)). Eventually, the exact position
of a tag can be determined in 2D space at the intersection point of three circles by
using three ranges (i.e., distances between three anchors and a tag) as depicted in
Figure 2.12 (c). However, the mentioned intersection of circles at a single point can
only be achievable in an ideal case where all the measured ranges are perfectly aligned
with error-free. In practice, the estimated ranges are effected by measurement noises
such as NLOS and MP conditions, and as a result, the circles will not intersect at a
single point (Figure 2.12 (d)). Instead, an overlapping area regarding the position
of a tag typically occurs. Therefore, statistical positioning techniques are becoming
attractive in UWB-based localization to overcome the mentioned overlapping areas.
Accordingly, there are several location estimation algorithms for UWB-based local-

ization systems. Specifically, for ToA-based BAATS, the position estimation algorithms
for UWB system can be divided into three types: (i) geometric approach (for instance
using the Trilateration method), (ii) close-form least square approach (for instance us-
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ing Multilateration method), and (iii) statistical approach (for instance using Bayesian
framework). Chapter 4 rigorously addressed the benchmarking of the mentioned three
types of location estimation algorithms in order to help the practitioners in the field
the right choice of a positioning algorithm for a certain application.

2.4.5 Filtering Process

The optional filtering process depicted with orange color in Figure 2.10 is a crucial
statistical tool for dealing with the uncertainty in the estimated location data produced
by the positioning algorithms. The reason is clear because, on the one hand, no
localization system works well in all situations. On the other hand, the measured
ranges used by the location estimation algorithms in UWB systems are imperfect as
stated before. The filtering process gives the optimized solution in the mentioned
imperfect world. In addition, the filtering process can also be used for multi-sensor
fusion aspects based on the system requirements. Among other filtering processes, the
Bayesian techniques are particularly attractively and widely used in WSN-based location
services including the UWB-based localization system [64]. For instance, the Bayesian
framework that made use of Kalman filter was applied for the system implementation
process of UWB-based localization in [175, 230].

In short, the filtering part is mainly acquired for tracking scenarios in the localization
system by incorporating the past accumulated information into the current location
estimation. The core methodology in the field is Bayesian-based state-space models. In
fact, the filtering process and the positioning algorithm are usually tied up together,
especially for localization purposes. Therefore, chapter 4 rigorously addresses the
implementation details of the cooperated positioning algorithm and filtering process
for the bidirectional UWB localization system.

2.4.6 Multiplexing Method for bidirectional UWB System

Multiplexing is a methodology that combines multiple individual outcomes into a
single system output over a shared medium. The aim of multiplexing is to share limited
resources within a systemwithout signal collisions or minimum losses during processing.
From the topological perspective of UWB localization system, the multiplexing technique
is mainly applied in ATS [201, 204] and BAATS [47, 175] system setups. On the contrary,
the AAS works well without the need for multiplexing as the location estimation is
conducted for a single navigator device.

To the best of the author’s knowledge, the only multiplexing method applied in UWB-
based localization systems is Time Division Multiple Access (TDMA) technique. The
other multiplexing approaches namely frequency and code divisions are not used at all
specifically in UWB system. The core reason may be due to the high temporal resolution
produced by IR-UWB technology which is practically very attractive for TDMA scheme.
In short, TDMA is a simple multiplexing technique for a system where power efficiency
(e.g., no idle listening) and guaranteed real-time message delivery without collisions are
required within a bounded system latency. The drawbacks, however, are that the unused
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time slots will be wasted and a network-wide synchronization is required. Nevertheless,
the accurate node synchronization in the TDMA scheme is quite straightforward to
implement, especially when a two-way message exchange scheme is available as in the
case of the bidirectional UWB system.
One simple algorithm for synchronization nodes within the TDMA scheme in order

to eliminate the jittering effects is the timing-sync protocol [67]. The basic formula for
synchronization in the protocol is as follows based on the shaded area in Fig. 2.11:

∆e =
(τ2−τ1)− (τ4−τ3)

2
(2.2)

where ∆e represents the clock drift between the two nodes, τ1 and τ4 are the transmit-
ted and received timestamps of node A respectively, and τ3 and τ2 are the transmitted
and received timestamps of node B respectively.
By knowing the drift between two nodes (i.e, ∆e in Equation (2.2)), it is plausible

for the clock of node A to correct its own clock by adjusting it so that it is synchronized
with the clock of node B (shaded area of Fig. 2.11). In case the two nodes are already
in the same clock domain, ∆e will become zero. Noted that ∆e can be positive or
negative depending on the clock of one node leading the other.

2.5 Thematic Aspect of the Dissertation

In the previous section, the overall system implementation process for ToA-based
bidirectional UWB localization scheme was described, and its corresponding phases
are briefly discussed. Along the way, it is noticeable that some parts in the systems
are kind of accomplished in full potential thanks to the tremendous works in research
and industrial UWB communities. Therefore, much more works on those areas are not
necessary from the perspective of a system implementation process for the practitioners.
For instance, the in-depth research on the circuitry of the UWB chip is becoming less
deserving as those are available at quite a low cost in the market nowadays and can
be directly used in the intended products and projects. Likewise, there is basically
not much choice in multiplexing method except for TDMA in UWB-based localization
system as already mentioned above.
At the same time, there exist unanswered research questions, perplexing in the

choice of ranging and position techniques, and in some cases even a misconception
in UWB system implementation. Moreover, there is no well-documented books or
research articles that addressed each available methodologies in different sector of the
implementation flow. Therefore, this dissertation rigorously addresses the mentioned
gap in literature specifically for the bidirectional UWB localization system. Figure 2.13
expresses the thematic aspect of the bidirectional UWB positioning scheme addressed
in this dissertation by highlighting with color. The thematic aspect can be subdivided
into four sectional parts namely the ranging process, the location estimation phase, the
filtering process, and the NLOS identification and mitigation part of the system.

In this dissertation, each of the above-mentioned sectional parts for bidirectional UWB
system (Figure 2.13) are rigorously evaluated by addressing in a dedicated chapter for
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Figure 2.13: Highlight of the addressed thematic aspect in this dissertation.

each process. Basically, the location estimation algorithm and the filtering processes
in UWB system implementation can be tied up together as already mentioned previ-
ously. Therefore, the ranging part from the bidirectional UWB system was rigorously
evaluated and addressed in chapter 3, and the positioning and filtering aspects in
Chapter 4. Similarly, the identification and mitigation of non-direct path signals for
bidirectional UWB-based localization system were addressed in chapter 5.

2.6 Chapter Summary

In summary, the chapter started by introducing the overview of indoor positioning and
navigation in Section 2.1, in which the general signal measurement techniques and
positioning algorithms are described. In addition, the state-of-the-art location-based
technologies for IPS are briefly explained and the role of UWB technology in an indoor
environment was highlighted. Then, it was followed by reporting the fundamental
and core features of UWB technology in Section 2.2. It was focused on providing the
readers with a basic understanding of the technology in terms of system integration
and implementation process. As such the section touched on the general regulations
of UWB in different countries, typical modulation schemes applicable in UWB, and the
main standardization bodies that drive the current success of UWB technology in the
commercial market and academic research areas. Specifically, the data communication
flow in PHY and MAC of the IEEE 802.15.4 standard, i.e. the basic frame format for
currently all available UWB-related standards, was also concisely explained.
The three topologies of UWB-based systems were discussed, and their features are

compared in Section 2.3. Among the three systems, the bidirectional aspect of the UWB
system was generally overlooked in the literature. Therefore, the potential of the
bidirectional aspect in UWB was highlighted followed by the whole implementation
process. Indeed, this dissertation was devoted to the bidirectional UWB-based local-
ization system. Accordingly, the sectional focuses addressed in each chapter in the
dissertation were illustrated as a thematic aspect in Section 2.5.
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3 Delving into the Ranging Process of a
Bidirectional UWB System

This chapter addresses the ranging phase of a bidirectional UWB localization system by
delving into the methodologies for the distance measuring process. Ranging phase is
one of the two core foundations (i.e., ranging and location estimation phases) in all
location-aware wireless positioning systems, including UWB technology. In specific, the
comparative analysis of TWR technique in UWB-based wireless localization system was
rigorously analyzed in this chapter. Figure 3.1 illustrates the block diagram concerning
the sectional focus of the chapter in reference to the complete big picture of the
bidirectional UWB localization system.

In general, TWR technique is the primary choice for measuring the distance between
two wireless transceiver nodes when clock synchronization is unavailable. More-
over, TWR methods play an important role in a bidirectional UWB-based localization
system, in which the system could be used as both a navigator and tracking purposes
in a single platform as already described in previous chapters. There are several TWR
techniques with different properties in literature (Section 3.1.2). To qualify the most
appropriate TWR method for a specific scenario or application, a mathematical model
is usually defined in order to give a comparative result. For TWR methods, the TOF
error-estimation model was defined in the IEEE 802.15.4-2011 standard [33].
The TOF error estimation model specified in IEEE 802.15.4-2011 assumes that the

only dominant error in TWR technique is due to clock drifts [33]. This assumption
is incomplete in many ways (see more details in Section 3.2). In consequence, the
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Figure 3.1: Description of the sectional focus in the chapter which is the ranging phase
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comparative results achieved from the model are often the time inadequate to express
a clear distinction among different TWR methods. This is typically true especially when
similar TWR techniques are needed to examine in the analysis [149]. This motivates
us to revise the existing error estimation model for TWR methods. This chapter
expressed the Time-of-fligh Error Estimation Model (TEEM), which was proposed in
our previous work [130, 172]. TEEM was designed to specify clear distinctions among
different TWR methods in terms of their performances. Specifically, the chapter focuses
on the comparative analysis of different TWR methods available in the literature in
terms of the ranging accuracy as their performance metrics using TEEM.
TEEM is an extended version of the existing TOF error estimation model for TWR

methods defined in the IEEE 802.15.4-2011 standard. Correspondingly, TEEM com-
pletely holds the properties of the existing clock drift error model described in the
mentioned standard. Nevertheless, TEEM is able to distinguish the performance differ-
ence between very similar TWRmethods, which is simply unachievable in thementioned
existing model. Using TEEM model, the comprehensive analyses of four TWR methods
were evaluated analytically, numerically, and experimentally using real-world data
in this chapter. This implied that the analytical outcomes achieved from TEEM were
validated with numerical simulation as well as experimental evaluation results. Besides,
the pitfalls of the commonly used TWR method called SDS-TWR was demonstrated
using TEEM. Because of its highly accurate performance on clock-drift error reduction
when reply times are symmetric, SDS-TWR is themost highlighted TWRmethod in UWB-
based localization systems in the literature. In fact, SDS-TWR even became a de-facto
standard for many comparative analyses in literature. We argued that an AltDS-TWR
originally proposed in [149], outperforms the mentioned de-facto standard SDS-TWR.
The argument was verified with both numerical simulation and experimental evaluation
results. Our findings suggested that AltDS-TWR should be a baseline model compared
to the widely used SDS-TWR for benchmarking and comparing the TWR techniques.
The core ideas presented in this chapter were already published in our previous

works [130, 172]. In [172], we proposed the concept for an analytical error model for
two-way rangingmethods. The verification of the concept is established using simulation
results. The extended version of the analytical methods in [172] was addressed in [130].
In [130], we verified TEEM with both numerical and experimental evaluation results.
In this chapter, TEEM model is revised and an errata regarding Assymmetric Double-
Sided Two-Way Ranging (ADS-TWR) was corrected. Moreover, a clearer and more
detailed description of the concept regarding TEEM model itself and the evaluation of
different TWRs using the mentioned model were carefully organized in this chapter.
The chapter is organized as follows: In Section 3.1, the overview of TWR meth-

ods, the conventional TOF error-estimation approach, and related work are addressed.
Then, the foundation of the proposed TEEM is established in Section 3.2, in which
the analytical comparison for TWR methods using the proposed TEEM and conven-
tional TOF error estimation approach was examined. The evaluation results based on
numerical simulations (3.4.1), experimental assessments (3.4.2) and a summarized
discussion (3.4.3) were presented in Section 3.4. Moreover, the experimental Study of
Ranging Errors in TWR methods are analyzed in Section 3.5. The chapter discussion
and final conclusions are given in Section 3.6.
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3.1 Background and Motivation

This section expresses the role of TWR methods in UWB-based localization systems
by reasoning why TWRs are crucial for a bidirectional scheme (Section 3.1.1), the
basic four types of TWR methods from which other available TWRs in literature were
deriving (Section 3.1.2), and the conventional approach for TOF error estimation
in TWR methods (Section 3.1.3). Besides, the motivation behind novel TEEM proposed
in our previous works is also portrayed in this section.

3.1.1 Brief Introduction to Time-based Wireless Ranging

The fundamental of a wireless localization system is typically composed of two main
phases namely (i) the ranging (distance measurement) phase and (ii) the position-
ing (target location estimation) phase [34]. In the former case, the aim is to mea-
sure the estimated distances between transceivers using ranging techniques such
as ToA, TDoA, AoA, RSS, etc. When the ranging information from sufficient devices
within a specific network is achieved, the actual position of the target device is estimated
in the latter case. Therefore, the positioning phase corresponds to the determination
of the estimated real-time position of the target device using the knowledge of the
above-mentioned ranging phase and positioning algorithms.
As already mentioned in the previous chapter, the TDoA-based ranging system

require a synchronized clock to determine the distances between transceivers. This
constraint forces the localization system to have a network-wide clock synchronization
in TDoA-based system implementation. In the absence of the aforementioned clock
synchronization, TWR is the most commonly used technique in a time-based wireless
ranging system. However, TWR methods suffer a longer ranging time compared to
the TDoA-based wireless ranging protocols because the TWR techniques need at least
two times message delivery to get a single ranging unit (Section 3.1.2).

This section describes the state-of-the-art TWR methods and conventional TOF error
estimation model for the wireless ranging methodology in UWB. Indoor localization
systems with ranging accuracy of the decimeter level are an active research trend in
recent years. Basically, the distance between two transceivers in wireless communica-
tions can be determined by the equation d = Tto f · c. Where, d is the distance between

Figure 3.2: Illustration of measuring a signal’s TOF in wireless communications.
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two wireless transceivers, Tto f is the duration of a signal’s propagation time between
the transmitter and receiver in free space and c is the speed of light (2.9979 ·108 m/s).

In general, the TOF (Tto f ) is a signal’s traveling time between transceivers in a certain
medium such as air, vacuum, etc. In practice, the Tto f can be achieved by computing
the difference between two timestamps extracted from the transceivers’ devices, which
are the signal’s departure timestamp at the transmitter (τAT x ) and the signal’s arrival
timestamp at the receiver (τBRx ) (Figure 3.2). Obviously, the two transceivers need
to have a synchronized clock. In other words, the two transceivers should be in the
same clock domain to extract the mentioned TOF (Fig. 3.2). When this synchronization
process is unavailable or unable to achieve in a time-based localization system, TWR is
the primary choice for measuring distance in wireless transceivers.
In TWR techniques, a set of time periods or intervals is utilized to compute the

distance between two transceivers, i.e., a signal round-trip-time likes tround = 10µs
and a reply time likes trepl y = 4µs (Section 3.1.2). This is in contrast to distance
estimation using direct timestamps as illustrated in Fig.3.2. The reason is that the
time interval (i.e. a period of a certain time) within a certain device is the same for
the interval in another device even if the two devices have different clock domains.
However, the device’s clock in the real physical world drifts away even if it is perfectly
tuned in the initial state due to the imperfections of clock oscillators [216]. These clock
drifts create small errors in determining the mentioned time interval to be used for
distance estimation in TWR. Eliminating these small errors is crucial especially when
the application requires centimeter-level accuracy. The reason is that the TOF error
of 1 ns in time corresponds to approximately 30 cm errors of distance estimation in TWR
method [33]. In consequence, several proposals for TWR methods have been made in
literature to minimize this inaccuracy in ranging due to clock drifts. The coming next
section (Section 3.1.2) addresses the basic four types of TWR methods, from which
other available TWRs in literature were basically derived.

3.1.2 State of the Art TWR Methods

As already mentioned in Section 3.1.1, a single transmission of a signal is sufficient in
the one-way ranging system to estimate the TOF when clock synchronization between
the devices exists in the network (Fig. 3.2). In the lack of before-mentioned clock
synchronization, an exchange of more signals between the devices is required in wireless
communications to extract the estimated TOF [33, 97]. This is where the TWR methods
play an important role in the wireless ranging systems.
In this section, the basics of different TWR methods used in time-based wireless

localization systems were addressed. Concerning this, four TWR schemes were carefully
chosen so that they can be represented as the most fundamental TWR methods in the
literature. In principle, the rest of the TWR schemes (Section 3.1.2.5) described in the
academic papers were built upon the expressed four TWR methods in this section, i.e,
the remaining TWR are generally derived from these four techniques. The mentioned
four TWR methods are the SS-TWR, SDS-TWR, AltDS-TWR, and ADS-TWR. The brief
introductions to each scheme are explained in the forthcoming subsections.
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3.1.2.1 (Simple) SS-TWR

SS-TWR is generally regarded as the basic scheme for all available TWR methods in
literature. As described in Figure 3.3 (the shaded area), the operation of SS-TWR
comprises measuring the round-trip delay of a signal in device A and a response (reply)
time in device B. Hence, the round-trip time of the signal for SS-TWR [33, 86] is:

troundA = 2 Tto f + trepl yB (3.1)

where troundA = τARx −τAT x is the true round-trip time of a signal measured at the
local clock of Device A and trepl yB = τBT x −τBRx is the true reply time of a signal
measured at the local clock of Device B (Figure 3.3). τAT x and τARx are the transmitted
and received timestamps measured at Device A, and τBT x and τBRx are the transmitted
and received timestamps measured at Device B, respectively.

In specific, the round-trip time of a signal (troundA) is measured within the local clock
of device A by subtracting two timestamps, which are the transmitting timestamp of
the initiator (τAT x) and the receiving timestamp from the responder (τARx) as depicted
in Figure 3.3). Similarly, the reply time (trepl yB) is achieved from the difference between
two timestamps of the local clock in device B (τBT x −τRT x). Therefore, the TOF for
the SS-TWR scheme can be expressed as:

Tto f =
1
2
(troundA− trepl yB) (3.2)

Figure 3.3: Illustration of single- and double-sided TWR methods. The image was reproduced
with slight modification from [175] (©2019 IEEE. Reprinted, with permission.).
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In practice, the estimated TOF possess errors due to the clock drifts in the finite
crystal tolerance of the devices [33, 96, 97]. This error typically increases when the
reply time in SS-TWR takes longer as it is verified in Section 3.4.

3.1.2.2 SDS-TWR

To compensate for the ranging error due to clock drifts in SS-TWR as defined in the
previous subsection, the DS-TWR technique is conventionally utilized [98]. DS-TWR
is an extension of SS-TWR in which two round-trip time measurements are used to
give the estimated TOF value. There are several DS-TWR techniques and SDS-TWR is
the most widely used DS-TWR in literature. The method is originally adopted in the
IEEE802.15.4-2011 standard to demonstrate the DS-TWR technique [33]. The two
round-trip times for the SDS-TWR [33, 86] (Figure 3.3) can be represented as:

troundA = 2 Tto f + trepl yB (3.3a)

troundB = 2 Tto f + trepl yA (3.3b)
where troundA and troundB are the real (true) round-trip times of a signal measured
at Device A and B, respectively. trepl yA and trepl yB are the real (true) reply times or
response times measured at Device A and B, respectively.
By combining Equation (3.3a) and (3.3b), the TOF for SDS-TWR can be defined:

Tto f =
1
4
((troundA− trepl yA)+ (troundB − trepl yB)) (3.4)

In general, the ranging time for a single measurement in SDS-TWR or simply DS-TWR
is approximately twice as long as the SS-TWR due to the additional response (reply)
time as illustrated in Figure 3.3.

3.1.2.3 AltDS-TWR

The key restriction in the SDS-TWR method is that symmetrical response times are
expected for the scheme. The AltDS-TWR method is built to resolve this constraint.
In fact, the AltDS-TWR method [149] has the same basic concept as the SDS-TWR
method from Section 3.1.2.2 of Equations (3.3a) and (3.3b) (Figure 3.3):

troundA = 2 Tto f + trepl yB (3.5a)

troundB = 2 Tto f + trepl yA (3.5b)
However, the AltDS-TWR method is accomplished by multiplying Equations (3.5a)

and (3.5b), which is in contrast to combining the two equations in SDS-TWR, as:

troundA · troundB = (2 Tto f + trepl yB) · (2 Tto f + trepl yA)

The Tto f for AltDS-TWR scheme, which was originally introduced in [149], is ob-
tained by simplifying the equation as follows:

Tto f =
troundA · troundB − trepl yA · trepl yB

troundA + trepl yA + troundB + trepl yB
(3.6)
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The comprehensive derivation of the formula is given in the original paper of AltDS-
TWR [149]. The goal of AltDS-TWR is to reduce the errors in the range estimation
even for very long response delays in the presence of uncorrected clock frequency
offset. In fact, the formulation of AltDS-TWR method was adopted to demonstrate
the DS-TWR scheme in the IEEE 802.15.4z-2020 standard [98], which is the latest
amendment by the time of writing this chapter. This implied that SDS-TWRmethod (i.e.,
included in IEEE 802.15.4-2011 standard [33]) was replaced with the AltDS-TWR in
the amendment for the demonstration of the DS-TWR scheme.

3.1.2.4 ADS-TWR

The drawback of the Symmetric Doubled-Sided (SDS)- and AltDS-TWR methods is that
the scheme requires at least three ranging messages of which two response times are
included in the calculation of the distance. In general, the delay in reply time (typically
in the order of microseconds) is relatively longer than the delay in the TOF (typically
in the order of nanoseconds). The ADS-TWR was designed to improve the ranging
latency of the aforementioned DS-TWR without the loss of the system performance [99].
Therefore, the round trip times for ADS-TWR (Figure 3.4) can be formulated as:

troundA = 2 Tto f + trepl yB (3.7a)

troundB = 2 Tto f (3.7b)

The Tto f for ADS-TWR can be obtained by adding Equations (3.7a) and (3.7b):

Tto f =
1
4
(troundA + troundB − trepl yB) (3.8)

Figure 3.4: Illustration of the asymmetric double-sided TWR method.
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In brief, the primary motivation behind the design of the ADS-TWR scheme is to
minimize the operation of the ranging time while maintaining the same level of per-
formance and efficiency as SDS-TWR or AltDS-TWR. In ADS-TWR scheme, Device A
does not have a separate response time. Hence, the round trip time for Device B is
equivalent to simply doubling the TOF, which is in the order of nanoseconds compared
to the order of microseconds in reply time.

3.1.2.5 Further TWR Schemes in Literature

The most fundamental TWR techniques in UWB-based localization systems are de-
scribed in Section 3.1.2.1 to 3.1.2.4. Indeed, there are several other TWR schemes in
literature that are not presented in this section. However, the remaining TWR schemes
are mainly derived from the presented TWR techniques given in this section. In general,
more than three messages are necessary to exchange in the rest of TWR schemes, i.e
apart from the TWR schemes presented in this section.
This section acknowledges the existence of other TWR techniques not specifically

addressed in this chapter and their important contributions to the development of the
field in each specific application area. However, the detailed schemes are not presented
here because the author assumed that it is quite adequate to evaluate the general system
performance of TWR based only on the presented four techniques. Moreover, there was
a misconception in the earlier developments of TWR regarding the SDS-TWR method.
Hence, SDS-TWR becomes kind of a de facto standard for bench-marking whenever
a new TWR technique was developed [13, 114, 122, 127, 148, 149]. The pitfall of
the SDS-TWR was demonstrated in our previous works [130, 172] and further analyses
were made Section 3.4. As we’ll see in Section 3.4, AltDS-TWR outperforms the SDS-
TWR in many tested conditions. Therefore, the remaining extensions of the TWR
schemes will likely be the same performance level of AltDS-TWR while requiring a
longer ranging time because more message exchanges are obliged in the scheme. In
consequence, AltDS-TWR was adopted as the demonstration of DS-TWR scheme in
IEEE 802.15.4z-2020 standard [98].
As already mentioned before in above, the rest of TWR methods available in lit-

erature, which are excluded in this chapter, are: SDS-TWR with unequal reply-time
method [127], TWR using estimated frequency offsets [148], SDS-TWR with multiple
acknowledgments [114], asynchronous Double Two-Way Ranging (D-TWR) [122],
burst-mode SDS-TWR [13], parallel DS-TWR [39], and passive extended DS-TWR [92].
Moreover, a network-based TWR technique was recently proposed in [233, 234] for
the purpose of efficient ranging in a large-scale network to reduce the signal overhead
produced by classical TWR algorithms. In addition to the use-case of estimating dis-
tances or TOF in wireless communications, TWR has also been commonly utilized in
network-wide clock-synchronization algorithms for WSN [29, 53, 67, 128].

3.1.3 Conventional TOF Error Estimation Approach

In general, the TWR scheme addressed in this section eliminates the requirement of
synchronization in wireless communication systems (Section 3.1.2) when estimating
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the ranges(or) distances between transceivers. However, the frequency offset of a
crystal oscillator utilized in the transceivers is imperfect in the real world. This is more
particular when a low-cost oscillator is applied in the transceivers’ hardware [33, 97].
This frequency offset introduces error in the time measurement of TOF resulting in
errors to ranging accuracy of TWR methods. Typically, the unit for the frequency offset
of a crystal oscillator is presented in parts per million (ppm) [96]. Hence, low-cost and
low-quality crystal oscillators have large ppm ratings while a small ppm rating requires
a high-quality oscillator that is, in general, more expensive for implementation. IEEE
802.15.4 standard specifies that an adequate rating for low-cost Wireless Personal Area
Network (WPAN) devices to be ±20 ppm [33].

As a consequence, the existing traditional TOF error-estimation technique described
in IEEE 802.15.4-2011 standard is explicitly established on clock-drift error effects
in TWR technique [33] (pp. 258–275). Based on the approach originally proposed
in Reference [86] and approved in Reference [33], the fundamental model can be
simplified in the following equations. The method was later widely practiced and
studied in many research works [12, 13, 99, 122, 149]. The corresponding idea
related to the traditional approach is shown in Figure 3.3. The formulation of the set
of equations given in the following is inspired by the work in [149].

t̂roundA = (1+ eA)troundA (3.9a)

t̂repl yA = (1+ eA)trepl yA (3.9b)

t̂roundB = (1+ eB)troundB (3.9c)

t̂repl yB = (1+ eB)trepl yB (3.9d)

where t̂roundA and t̂roundB are the estimated round-trip times of Devices A and B,
respectively. troundA and troundB are the real (true) round-trip times of Devices A and
B, respectively. t̂repl yA and t̂repl yB are the estimated replied times of Devices A and B,
respectively. trepl yA and trepl yB are the real (true) replied times of Devices A and B,
respectively. eA and eB are the clock-drift errors introduced by Devices A and B, which
are expressed in ppm, respectively.
It is conventionally assumed that the value of TOF is negligibly small compared to

the reply times in TWR, i.e., Tto f << trepl yA or Tto f << trepl yB. The reason is also
obvious since the reply times in TWR are in the order of hundreds of microseconds up
to several milliseconds [33] (Section 3.4). In contrast, the standard values of Tto f in
TWR are in the order of nanoseconds [33, 96].

The conventional TOF error estimation model defined in IEEE 802.15.4-2011 ap-
plies clock drifts as the only dominant error for analyzing the TOF errors among
different TWR techniques [33]. However, the use-case of the mentioned conventional
model is inadequate and imperfect, especially when the qualitative scores of closely
related TWR methods are necessary to identify. For instance, the dilemma of specifying
a distinguishable score between two similar TWR methods using the conventional
model can be observed in [149]. This motivated us to explore a bit further in this area
and ended up with the TEEM model proposed in this chapter (Section 3.2.2), which is,
indeed, built upon the mentioned IEEE standard.
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3.1.4 Related Work

To the best of the author’s knowledge, there weren’t too many papers that discussed
the modification of the existing TOF error estimation besides the clock drift errors
in TWR. In [132], an error analysis based on a linear algebra approach was performed
for a cooperative positioning system that used GPS and TWR technique in the system
implementation. The overall idea is interesting because the approach described in
the paper can be used as a transition mechanism that bridges both the indoor and
outdoor localization systems. In other words, the described system can be used as a
seamless location system using UWB (indoor) and GPS (outdoor). However, the error
analysis carried out in that work for the TWR scheme is too superficial and shallow.
Firstly, the authors simply assumed that clock-drift errors are compensated just by
using the SDS-TWR scheme, which is not true as we’ll verify in Section 3.4. Secondly,
the authors also assumed that the measurement errors are purely white Gaussian
noises. The above-mentioned hypothesis is not sufficiently concrete enough to reveal
the actual TOF error in the TWR method.
In addition, the error model and protocol exclusively for the Parallel Double-Sided

Two-Way Ranging (PDS-TWR) scheme were presented in [39]. The authors outline
two sources of error in TWR defined as the ranging phase and the localization phase, in
which the presented model in the paper is devoted to the former case. Afterward, the
discussion regarding the variation of ranging error upon symmetric and quasi-symmetric
cases was examined. In their work, they proved that PDS-TWR is a better TWR method
compared to the SDS-TWR scheme. However, it is unclear in which criteria the error
are defined in their proposed model. To be specific, the error term is vaguely defined
as the difference between a duration measured with the PHY of a node and a real
duration (ppm). Moreover, the given error model described in the paper is not generic.
In contrast, it is strictly designed only for the PDS-TWR scheme. In addition, the
approach is also absolutely based on the concept that clock drifts are the dominant
errors in the presented model.

3.2 TOF Error Estimation Model (TEEM)

Accordance with common practice specified in the IEEE 802.15.4-2011 standard [33],
the clock drifts due to the frequency offset of the oscillator are the only dominant
errors in TOF error-estimation for TWR technique. However, the mentioned model
is inadequate for analyzing the qualitative performance scores among various TWR
methods. For instance, the existingmodel cannot identify a clear performance difference
between two closely related TWRs, i.e. SDS-TWR and AltDS-TWR. The evaluation
results presented in [149] further confirmed the mentioned case. Besides, we found
out that AltDS-TWR is robust and efficient even in case such as the delay gap (i.e.,
the level of asymmetry) between two reply times are relatively large (Section 3.4).
The mentioned scenario cannot be explained using the aforementioned conventional
clock-drift model. In contrast, the TEEM model, which is the presented methodology
in this section, has the ability to clarify the mentioned issue with a clear indication.
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In fact, TEEM for evaluation TOF errors in TWR methods is an extended version
of the IEEE 802.15.4-2011 standard [33] (pp. 258–275). Regarding this, a delay in
message delivery (Section 3.2.1), i.e. in addition to clock drifts, is considered as a
crucial characteristic in TEEM. Indeed, this delay is critical and fundamental, because
the impact of TOF error in TWR is influenced not only by clock drift in the oscillator but
also by other error sources in the system [41, 67, 216]. Those sources of error include
propagation time delay [41], transmission time delay, receiving time delay [216], etc.
This implied that the mentioned delay is typically caused by the antenna, Printed
Circuit Board (PCB), and other external and internal electronic components used in
the implementation of the transceivers and the localization system itself.
Thus, this section is composed as follows: the problem statement and sketch of

various error sources were outlined in Section 3.2.1. Then, the foundation of the set
of equations regarding the presented TEEM model for TWR schemes were explained
in Section 3.2.2. Subsequently, the extension of state of the art TWR methods for TOF
error estimation based on TEEM model were formulated in Section 3.2.3. Finally, the
analytical comparison of four TWR methods was examined in Section 3.3.

3.2.1 Problem Statement

As already mentioned several times in this chapter, TWR methods are great in distance
estimation between two wireless transceiver devices without the need to use clock
synchronization. However, clock-drift errors due to frequency offset in oscillators
introduced errors in real-world measurement and degraded the ranging accuracy (i.e.,
indeed, it depends on the quality of the oscillator as well). Therefore, the IEEE 802.51.4-
2011 standard specified the mentioned offset value of WPAN for practical used case
as ±20 ppm [33]. Consequently, the conventional TOF error approach, represented in
IEEE 802.51.4-2011, specifically tackles clock drifts as the only dominant error source
in wireless ranging process using TWR schemes.
However, the estimation of Tto f in TWR scheme is fundamentally disturbed by

numerous sources of possible delays that cause errors in time-based wireless communi-
cations [130, 172]. These delay sources can be categorized as follows:

• Propagation Time Delay (PTD): The propagation time generally means the
duration of time taken for a transmitted signal or message to arrive at the destined
receiver on a wireless channel [216]. PTD happens in two circumstances [41]:
Firstly, when there is a barrier between transceivers that completely blocked or
obstructed the direct path signal. In this case, only the reflected signals from
the mentioned transmitter are able to reach to the receiver. Secondly, when the
transmitted signal has to traverse through obstacles, in which the value of the
refractive index differs based on the types of materials the signal travels through.
In short, PTD happens when the signal propagation path from the transmitter
has been obstructed by obstacles or reflected from nearby objects.

• Transmission Time Delay (TTD): This delay is mainly influenced by the time
it takes to build a message at the application layer (software and implemen-
tation), the time it takes for a message to access the MAC layer depending on
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the applied protocols, and the time it takes to send and receive the messages in
the PHY layer [67, 216]. In brief, the TTD delay involves the delays produced
by the physical antennas of the transceivers, the PCB design as well as all the
electronic components utilized in the implementation of the system.

• Receiving Time Delay (RTD): Similar to TTD, this delay occurs in the receiv-
ing side of the transceivers due to the time taken for achieving a message at
the PHY, MAC, and application layers [67, 216].

• Preamble Accumulation Time Delay (PATD): This delay mainly concerns with
an UWB-based localization system that used coherent receivers [141]. PATD is
the length of time needed for a coherent receiver to detect a specific preamble
sequence and to discover the SFD sequence in the PHY layer [46]. PATD is normally
affected by the occurrence of multi-path signals in the communications [25] and
quick frame arrival time of the signal [33] when the measurement is conducted in
a relatively short range [46]. The mentioned delay is more apparent in a scenario
where the reflected signals of the transmitter reach the receivers within the chip
period of the first path signal [25].

For simplicity without losing generality, it is possible to model the above-mentioned
Tto f estimation error due to delays in wireless communications using a simple linear
equation. By taking SS-TWR scheme as an example (Figure 3.3), the total delay within
a single round-trip time of SS-TWR can be expressed as:

∆ABA =
n
∑

i=1

(AB_Delayi +BA_Delayi)

≈ 2 ·
n
∑

i=1

Delayi (3.10)

≈ 2 · (TTD+ PTD+ PATD+RTD)

where ∆ABA is the cumulative delay within a single round-trip-time of the transmitted
signal in SS-TWR scheme, which is measured using the local clock of Device A Fig-
ure 3.3). That implied that the mentioned total delay refers to the total time it takes
for a signal, which is transmitted from Device A to B and returns to the original Device
A. The Dela y in the equation refers to one or more of the above-listed individual
delays, namely TTD, PTD, PATD, and RTD. n in (3.10) represents the total number of
possible delays concerning the round-trip delay error of the SS-TWR scheme. There
is a constant ‘2” in Equation (3.10) because two-way traveling routes of a signal are
necessary for a single measurement in the SS-TWR scheme. In this particular case, the
delays that occurred in the measurement for the first route (Device A to B), and for the
second route (Device B to A) are assumed to be the same.

Concerning this, the absolute and relative errors of the total delay defined in Equation
(3.10) for the single round-trip-time of SS-TWR (shaded area in Figure 3.3) can be
defined as as follow [91] (p. 62):

ε= estimated value− exact value= t̂roundA− troundA (3.11)
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ξ=
absolute error
exact value

=
ε

troundA
=

t̂roundA− troundA

troundA
(3.12)

where ε and ξ are the absolute error and relative error of the cumulative delay (∆ABA).
Suppose the above-mentioned absolute error (ε) in the measurement process is only

influenced by the cumulative delay (∆ABA) defined in (3.10), then the estimated round-
trip-time for SS-TWR turns into t̂roundA = troundA+∆ABA. If we substitute this value into
Equation (3.12), the relative error for the cumulative delay within a single-round-trip
time of SS-TWR can be defined as:

ξABA =
∆ABA

troundA
(3.13)

where ξABA is the relative error of the total delay for SS-TWR scheme in a single-round-
trip time of a transmitted signal, in which the value is measured at the local clock of
Device A (shaded area in Figure 3.3). The relative error is a ratio (unit-less), which is
sometimes defined as a percent error by multiplying the value with 100 %.

By definition, the relative error in (3.13) (ξABA), i.e., the cumulative error within the
round-trip time delay of SS-TWR scheme, is equal to zero if there is no delay (∆ABA = 0)
between the two transceivers as defined in Equation (3.10). Otherwise, the relative
error (ξABA) becomes the ratio obtained from the summation of all the relevant delays
along the path of the signal’s round-trip time and its actual value in the SS-TWR scheme.

In the same manner, the relative delay errors for the DS-TWR scheme can be defined.
Since the DS-TWR (Figure 3.3 requires two round-trip times in their formulation (Sec-
tion 3.1.2.2 and 3.1.2.3), two separate representation of relative errors are required to
define namely ξBAB and ξABA.

3.2.2 Novel TOF Error-Estimation Model (TEEM)

TEEM was proposed in our previous work [130, 172] to overcome the dilemmas
caused by the conventional approach [33] (i.e, the model built specifically upon clock-
drift error due to the oscillator’s frequency offset). In consequence, TEEM can give a
distinctive performance metric for TWR methods, which possess similar characteristics.
Regarding this, TEEM composed of both the clock-drift error and the relative error
due to a signal’s round-trip time delay in TWR schemes as described in Section 3.2.1.
The analytical formulas of TEEM concerning DS-TWR technique, in which SS-TWR is
already included, are given in the following. This is in reference to Figure 3.3.

t̂roundA = (1+ eA + ξABA)troundA (3.14a)

t̂repl yA = (1+ eA)trepl yA (3.14b)

t̂roundB = (1+ eB + ξBAB)troundB (3.14c)

t̂repl yB = (1+ eB)trepl yB (3.14d)

where ξABA and ξBAB (as introduced in Section 3.2.1) are the relative error caused
by the cumulative delays in the round-trip time of a signal measured at Device A or
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B respectively. Similar to conventional approach (Section 3.1.3), eA and eB are the
clock-drift errors (expressed in ppm) produced by Devices A and B respectively.

Since ξABA and ξBAB correspond to the relative error of the (total) cumulative delay
during a signal’s round trip of a TWR scheme, their effects are sufficient to represent in
the estimated round-trip time ( t̂roundA Equation (3.14a) and t̂roundB) alone as given in
Equations (3.14a) and (3.14c). Hence, similar to the conventional clock-drift error
approach described in Section 3.1.3, the estimated reply time ( t̂repl yA and t̂repl yB) can
remain unchanged in Equations (3.14b) and (3.14d). The reason is that the delay
affected to reply time has been already accounted for in the calculation when the
cumulative delay of the round-trip-time was observed.
It should be pointed out that ξABA and ξBAB in Equations (3.14a) and (3.14c) (Sec-

tion 3.2.1), are entirely different parameters from the conventional clock-drift errors eA
and eB, which are susceptible to the finite frequency offset of the oscillators’ clock [33].
Indeed, ξABA and ξBAB are the relative errors in TWR due to delays in the practical
signal’s measurement, which is in addition to the clock-drift error.

3.2.3 Extended State-of-the-Art TWRs for TOF Error Estimation

This section briefly gave the analytical expression regarding the extension of each
evaluated four TWR techniques for TOF error estimation using TEEM [130, 172]. For
the sake of clarification in contrast to conventional models, the analytical representations
of each TWR method for the conventional approach [33] were also provided.

3.2.3.1 Extended SS-TWR Method for TOF Error Estimation

For the extension of the SS-TWR, the predicted value of TOF for the SS-TWR can be
formulated based on the true theoretical value using Equation (3.2) as:

T̂to f =
1
2
( t̂roundA− t̂repl yB)

where T̂to f is the estimated value of TOF in the system.
Thus, the difference between the predicted TOF and the true TOF for SS-TWR can

be analytically defined as:

T̂to f − Tto f =
( t̂roundA− t̂repl yB)

2
−
(troundA− trepl yB)

2

The equation is turned into the following by using Equations (3.14a) and (3.14d):

T̂to f − Tto f =
1
2
[(eA + ξABA)troundA− eB trepl yB ]

Substituting troundA from Equation (3.1) provides:

T̂to f − Tto f =
1
2
[2Tto f (eA + ξABA)+ (eA− eB + ξABA)trepl yB ]
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This drives the TOF error for SS-TWR into:

T̂to f − Tto f = Tto f (eA + ξABA)+
1
2
(eA− eB)trepl yB +

1
2
ξABAtrepl yB (3.15)

For the purpose of clarification, the TOF error based on the conventional method
for SS-TWR using Equations (3.9a) and (3.9d) is:

T̂to f − Tto f = Tto f eA +
1
2
(eA− eB)trepl yB (3.16)

Suppose ξABA = 0 in (3.15), then the TEEM-based analytical model in Equation
(3.15) broke down into the conventional model expressed in Equation(3.16). This
explains that the TOF error achieved by using TEEM shares the basic characteristics of
the conventional model defined in [33] regarding SS-TWR.

3.2.3.2 Extended SDS-TWR Method for TOF Error Estimation

In the same manner as expressed in Section 3.2.3.1, if Equation (3.4) is applied in
the TEEM’s Equations (3.14a)–(3.14d), and by substituting troundA and troundB with
Equations (3.3a) and (3.3b), the TOF error between the predicted and the real value
for SDS-TWR yields as follows:

T̂to f − Tto f =
1
2

Tto f (eA + eB + ξBAB + ξABA)+
1
4
(eA− eB)(trepl yB − trepl yA)

+
1
4
(ξBAB trepl yA + ξABAtrepl yB) (3.17)

For the purpose of clarification, the TOF error for the SDS-TWR method achieved
from the conventional model using Equations (3.9a)–(3.9d) is:

T̂to f − Tto f =
1
2

Tto f (eA + eB)+
1
4
(eA− eB)(trepl yB − trepl yA) (3.18)

Akin to the aforementioned SS-TWR, Equation (3.17) turn into (3.18), in case no
delay in message delivery for SDS-TWR is feasible, i.e., ξBAB = 0 and ξABA = 0. This
illustrates the backward compatibility of TEEM in SDS-TWR scheme.

3.2.3.3 Extended AltDS-TWR Method for TOF Error Estimation

By using Equation (3.6) and Equations (3.14a)–(3.14d) from TEEM, the TOF error
between the predicted and true value for AltDS-TWR due to clock drifts and delay can
be formulated as given below:

T̂to f − Tto f =
t̂roundA · t̂roundB − t̂repl yA · t̂repl yB

t̂roundA + t̂repl yA + t̂roundB + t̂repl yB

−
troundA · troundB − trepl yA · trepl yB

troundA + trepl yA + troundB + trepl yB
(3.19)
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By assuming Tto f << trepl yA (or) trepl yB (Section 3.3.1) and simplifying the equation,
the TOF error for AltDS-TWR becomes:

T̂to f − Tto f ≈
C1 trepl yAtrepl yB

C2 trepl yA + C3 trepl yB
(3.20)

where C1 = ξBAB(1+ eA)+ξABA(1+ eB)+ξBABξABA, C2 = 2+ eA+ eB +ξBAB and C3 =
2+ eA + eB + ξABA. The formula derivation of the equation in given in Appendix A.3. It
is also publicly available in [173].

For the purpose of clarification, the TOF error regarding the conventional model from
Equations (3.9a)–(3.9d) for the AltDS-TWR method [149] is:

T̂to f − Tto f = eA · Tto f (or) T̂to f − Tto f = eB · Tto f (3.21)

Concerning this, the solution in Equation (3.20) equals zero if we assumed that
there is no delay in message delivery, i.e, ξBAB = 0 and ξABA = 0. This means that the
theoretical true TOF error for AltDS-TWR in TEEM is related only to the actual Tto f ,
similar to the same expression as in Equation (3.21). The core reason is that Tto f is
assumed to be negligible (Tto f << trepl yA (or) Tto f << trepl yB) when Equation (3.20)
is formulated [173], as the formula derivations for AltDS-TWR in three scenarios are
given in appendices A.1, A.2, and A.3.

3.2.3.4 Extended ADS-TWR Method for TOF Error Estimation

For the extended ADS-TWR using TEEM, the TOF error can be defined as in the
following if we substitute Equations (3.14a), (3.14c) and (3.14d) into Equation (3.8),
and by replacing the troundA and troundB with Equations (3.7a) and (3.7b):

T̂to f − Tto f =
1
2

Tto f (eA + eB + ξABA + ξBAB)+
1
4
(eA− eB)trepl yB

+
1
4
ξABAtrepl yB +

1
4
ξBAB tack (3.22)

where, tack in Equation (3.22) corresponds to the processing time of sending the
auto-acknowledgment signal specifically for the ADS-TWR method (Section 3.1.2.4).
More precisely, the second round-trip-time in ADS-TWR (Equation (3.7b)) omitted the
traditional reply time. Instead, a feature similar to auto-acknowledgment was applied
in the scheme [99]. We stressed that tack is likely to be smaller than the traditional
reply time in TWR according to the numerical evaluation results given in the original
paper [99]. However, the verification of the condition in a practical environment cannot
be done due to the lack of such feature in the available state of the art UWB hardware
in the market at the time of writing this chapter.

For clarification purpose, the conventional TOF error for the ADS-TWR method using
Equations (3.9a), (3.9c) and (3.9d) is:

T̂to f − Tto f =
1
2

Tto f (eA + eB)+
1
4
(eA− eB)trepl yB (3.23)

Similar to the aforementioned three TWR methods, Equation (3.22) will reduce
to (3.23) if it is assumed that ξABA and ξBAB are approximated into zero.
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3.3 Comparison of TWR Methods by Analytical Studies

In this section, the comparative study of TOF error among different TWR methods was
examined analytically. The analytical results achieved from this section were further
investigated using numerical and experimental evaluation in Section 3.4. In order to
give comprehensive results in the analytical study, three types of assumptions were
defined and categorized for the evaluations in Section 3.3.1. Based on the defined
assumptions, the comparative analyses of four TWRs were conducted for each assigned
assumption in Section 3.3.2–3.3.4.

3.3.1 Error-Model Classification in Three Types

Three types of assumptions were established to evaluate the comparative analyses
of TWR methods systematically and uniformly in this section as outlined in Table 3.1.
The mentioned three assumptions as detailed in the subsequent paragraphs are: (i)
Type I representing to an ideal case (Sections 3.3.2), (ii) Type II exemplifying to a special
case (Sections 3.3.3), and (iii) Type III corresponded to a typical case (Sections 3.3.4)
in the evaluation. In each of the mentioned three cases, Tto f is assumed to be negligible
when its value is compared to the reply time (trepl yA and trepl yB) in accordance with
the conventional realization [33], i.e., Tto f << trepl y , trepl yA, trepl yB. The reason is
that the magnitudes of Tto f are in the order of nanoseconds, while the magnitudes
of reply times are in the order of hundreds of microseconds to several milliseconds as
mentioned before. The three types of assumptions (Table 3.1) are:
Type I Assumption: corresponds to an ideal case in the evaluation. In Type I, it is

assumed that Tto f << trepl y , eA = eB = e = 0, and trepl yA = trepl yB = trepl y . In brief,
the ideal case in Type I assume that firstly, there are no clock-drift errors in the distance
measurement between two transceivers in UWB and secondly, the two reply times are
symmetric or exactly the same in DS-TWR.
Type II Assumption: represents a special case in the evaluation. In Type II, it is

assumed that Tto f << trepl y and trepl yA = trepl yB = trepl y . In brief, the special case
in Type II assumes that the clock-drift error does exist in the distance measurement
between two transceivers. However, the reply times in DS-TWR are assumed to be
symmetric or the same.
Type III Assumption: represents a typical case in the evaluation. In Type III, it

is assumed that Tto f << trepl y and trepl yA ̸= trepl yB. In the typical case in Type III
assumed that not only does clock-drift error exist in the distance measurement between
the transceivers, but also the reply times DS-TWR are different or varied.

Table 3.1: Three types of assumption for TOF Errors Classification (©2018 IEEE. Reprinted,
with permission, from [172]).

Types: Cases Round-Trip Delay Clock Drifts Reply Time

Type I: Ideal ξ= ξBAB = ξABA eA = eB = 0 trepl yA = trepl yB
Type II: Special ξBAB, ξABA eA, eB trepl yA = trepl yB
Type III: Typical ξBAB, ξABA eA, eB trepl yA ̸= trepl yB
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3.3.2 Comparison of TWR Methods in Ideal Case (Type I)

For the ideal case, it can be written as ξBAB = ξABA = ξ and trepl yA = trepl yB = trepl y
in accordance with the Type I assumption (Section 3.3.1). When the characteristics of
Type I assumptions are applied in Equations (3.15), (3.17), and (3.20), the TOF error
between the predicted and real value for three TWR methods namely SS-TWR, SDS-
TWR, and AltDS-TWR are simplified as below:

T̂to f − Tto f ≈
1
2
ξtrepl y (3.24)

On the contrary, the TOF error between the predicted and true value for ADS-TWR
posses a slightly different formulation due to the auto-acknowledgment procedure in
the second round-trip time, i.e., troundB = 2 · Tto f (Figure 3.3) as follows:

T̂to f − Tto f ≈
1
4
ξtrepl y +

1
4
ξtack ≈

1
2
ξtrepl y (3.25)

With the exception of ADS-TWR, the TOF error for all three methods was approxi-
mated as provided in Equation (3.24). The proof of formula derivation regarding AltDS-
TWR is given in Appendix A.1, which is also openly available in Reference [173].
Regarding ADS-TWR given in Equation 3.25, we further stressed that ξtrepl y and ξtack
are assumed to be the same in ideal case. Theoretically, the acknowledgment time
(ξtack) will be shorter than the usual reply time (ξtrepl y). Due to the lack of support
in the auto-acknowledge procedure introduced by ADS-TWR in the current available
UWB hardware in the market, the experimental evaluation based on real-world ex-
cluded the method (Section 3.4.2). Expectantly, the above-mentioned assumption
regarding ADS-TWR could be fully resolved in the future.

3.3.3 Comparison of TWR Methods in Special Case (Type II)

For the special case, the TOF error between the predicted and actual value for differ-
ent TWR methods can be expressed as in the following when the characteristics of the
Type II assumption are applied to Equations (3.15), (3.17), (3.20), and (3.22):

The TOF error regarding SS-TWR turns into:

T̂to f − Tto f ≈
1
2
(eA− eB + ξABA)trepl y (3.26)

The TOF error regarding SDS-TWR becomes:

T̂to f − Tto f ≈
1
4
(ξBAB + ξABA)trepl y (3.27)

The TOF error regarding AltDS-TWR turns:

T̂to f − Tto f ≈
KA

KB
trepl y (3.28)

where, KA = ξBAB(1+ eA)+ ξABA(1+ eB)+ ξBABξABA and KB = 4+ 2(eA + eB)+ ξBAB +
ξABA. Derivation of the formula is given in appendix A.2 [173].
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The TOF error regarding ADS-TWR is:

T̂to f − Tto f ≈
1
4
(eA− eB + ξABA)trepl y +

1
4
ξBAB tack (3.29)

In brief, the conclusion can be drawn by comparing Equation (3.26)–(3.29) that
the SDS (3.27) and the Alternative Double-Sided (AltDS) (3.28) outperformed the Single-
Sided (SS) (3.26) and ADS-TWR (3.29). More precisely, the TOF error concern-
ing SDS (3.27) and AltDS (3.28) will be approximated into zero (null) if we assume
that ξBAB = 0 and ξABA = 0.

3.3.4 Comparison of TWR Methods in Typical Case (Type III)

For the typical case, the TOF error for the four TWR methods by applying the charac-
teristics of Type III assumption in Equations (3.15), (3.17), (3.20) and (3.22) can be
determined as in the following:
The TOF error regarding the SS-TWR turns into:

T̂to f − Tto f ≈
1
2
(eA− eB + ξABA)trepl yB (3.30)

The TOF error regarding the SDS-TWR becomes:

T̂to f − Tto f ≈
1
4
(eA− eB)(trepl yB − trepl yA)+

1
4
(ξBAB trepl yA + ξABAtrepl yB) (3.31)

The TOF error regarding the AltDS-TWR is:

T̂to f − Tto f ≈
C1 trepl yAtrepl yB

C2 trepl yA + C3 trepl yB
(3.32)

where C1 = ξBAB(1+ eA)+ξABA(1+ eB)+ξBABξABA, C2 = 2+ eA+ eB +ξBAB and C3 =
2+ eA + eB + ξABA. The formula derivation is given in appendix A.3 [173].

The TOF error regarding the ADS-TWR becomes:

T̂to f − Tto f ≈
1
4
(eA− eB + ξABA)trepl yB +

1
4
ξBAB tack (3.33)

It can be stated by analytically comparing Equations (3.30)–(3.33) that the AltDS-
TWR method in Equation (3.32) outperformed the rest of the three evaluated TWRs
and stands out to be the best choice for minimizing TOF errors in typical case (Type
III). In specific, the TOF error for AltDS-TWR will be approximated into zero if we
assumed that no delay errors were produced in the message delivery, i.e., ξBAB = 0
and ξABA = 0. On the contrary, the TOF error for the other three TWRs still holds the
non-zero values in their respective solutions.
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3.4 Simulation and Experimental Evaluation Results

Based on the proposed TEEM, the evaluations of four core TWR methods were con-
ducted in this section. The verification of the results are performed in both numerical
simulation (Section 3.4.1) and experimental evaluation in indoor environments (Sec-
tion 3.4.2). In addition, the systematic pitfalls of the most highlighted TWR techniques
in the literature, namely SDS-TWR, was also demonstrated in this section. Convention-
ally, SDS-TWR is commonly used to illustrate the reduction of TOF error due to clock
drifts in wireless ranging systems [33]. Concerning this, we argued that AltDS-TWR is
more robust than SDS-TWR in all aspects under several tested conditions.

3.4.1 Numerical Simulation Results

This section explores the verification of the TEEM analytical model given in Section 3.3
for TWR schemes based on the numerical simulation results using Matlab. The param-
eters used in the simulations included the clock-drift errors (eA and eB), the reply time
of of the transceivers (trepl yA and trepl yB), and the cumulative relative error due to
delays in the signal’s round-trip time (ξBAB and ξABA) in TWR scheme, as introduced
in Section 3.2.1. Table 3.2 gives the numerical sample values for the aforementioned
parameters utilized in the simulations. For the sake of simplicity, we assumed that
the two relative errors due to delays (i.e., ξ = ξBAB = ξABA) in the round-trip time
of a signal are identical in the presented simulation results. In addition, a consistent
random seed value for eA and eB was applied throughout the simulations. This allows
the random generator in Matlab to produce a consistent sequence of random numbers
for all evaluated TWR methods.

3.4.1.1 Simulation Results for Ideal Cases (Type I)

The ideal case is the most fundamental simplest condition in the evaluation process
of TWR. Yet, the ideal condition is important because it is a reference case that usually
defines how the systems under test are expected to behave in theory. The simulation
results showed that the TOF errors for all TWRs in the ideal case grew constantly when
the round-trip time delay (ξ) and the reply time (trepl y) in TWR were increased (Fig-
ure 3.5). Most importantly, the simulation result in Figure 3.5 showed that all TWR
methods gave identical outcomes in the ideal case (Type I).

Table 3.2: Sample Values of the parameters used in the Numerical Simulations (©2018 IEEE.
Reprinted, with permission, from [172]).

Parameters Symbols Range of Value Unit

Relative delay error in round-trip time ξ= ξBAB = ξABA 0:0.025:5 ppm
Reply times in responder device trepl y = trepl yB 0:5:1000 µs

trepl yA 0 :11:2200 µs
Clock-drift error eA, eB ±20 as stated in ppm
(pseudo-random) 802.15.4-2011 [33]
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Figure 3.5: TOF error comparison using a Type I assumption (ideal case) as in Equation (3.24)
and (3.25) (©2018 IEEE. Reprinted, with permission).

3.4.1.2 Simulation Results for Special Cases (Type II)

For the special case defined as Type II in Section 3.3.1, the comparative outcomes of
simulation results for the evaluated four TWRs were given in Figure 3.6. The presented
outcomes were based on two main parameters namely the relative error due to delay
in round-trip time (ξ) and reply time (trepl y). In this particular simulation for Type II,
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Figure 3.6: Comparison of TOF errors in Type II, (i.e., special case) assumption based on
Equations (3.26)–(3.29). (a) TOF error vs. delay (ξ) for four TWRs; and (b) TOF error only
for SDS-TWR and AltDS-TWR.
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Figure 3.7: 3D representation of TOF error comparison for SS-TWR and SDS-TWR using 65
sample point of parameters defined in Table 3.2.

a constant reply time trepl y = 490µs was set in order to align with the experimental
setup and evaluation presented in (Section 3.4.2). The crucial point in the simulation
results of special case (Type II) was the numerical proof of AltDS-TWR method. As
depicted in Figure 3.6 (b), AltDS-TWR preserved the exact same performance and score
as the SDS-TWR method in the simulation results. In fact, the SDS-TWR has been well
known for the base model in many bench-markings due to this unique characteristic and
performance in the special case (Type II) when two reply times in DS-TWR schemes are
symmetric [13, 114, 122, 127, 148, 149]. Regarding this, we stressed that there were
absolutely no differences between the TOF error regarding SDS-TWR and AltDS-TWR
in Type II according to the simulation results (Figure 3.6 (b)).

However, the SS-TWR and ADS-TWR showed significant TOF errors in the evaluation
compared to AltDS-TWR and SDS-TWR (Figure 3.6 (a)). In contrast, both the AltDS-
TWR and SDS-TWR were numerically stable regarding the TOF error estimation in
the simulation (Figure 3.6 (b)). In general, the TOF error in all evaluated TWR was
perpetually grown when we increased the parameters in the simulation, i.e, the reply
time (trepl y) and the round-trip time delay (ξ) (Figure 3.6 and Figure 3.7).

In order to see the bigger picture of the special case (Type II) in TWRmethods, the 3D
graphical representation was given in Figure 3.7. In Figure 3.7, we chose SDS-TWR
and SS-TWR as an exemplar for the worst and best cases scenario for the evaluation
when the reply time (trepl y) and the round-trip time delay (ξ) were varied. Obviously,
the SDS-TWR produced a kind of flat surface solutions in the evaluation while SS-TWR
gave varying mountainous outcomes.
To give a further discussion for the special case (Type II) based on the value of

parameters provided in Table 3.2, the simulation results showed that the TOF errors of
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both the SDS-TWR and AltDS-TWR were less than 1 ns when ξ< 3 ppm and trepl y <
650µs were applied. This refers to approximately 30 cm error in distance estimation in
the real world. Moreover, it can be stated according to the simulation results that the
parameter trepl y in Type II is flexible to vary up to 1 ms if the parameter ξ is allowed
to decrease up to 2 ppm. This infers that the aforementioned ranging accuracy (30 cm)
is unchanged. Conversely, decreasing trepl y in the simulation environments relaxes the
increase of ξ without the loss of the overall system performance.

3.4.1.3 Simulation Results for Typical Cases (Type III)

For the typical case defined as Type III in Section 3.3.1, the simulation results regard-
ing TOF errors for four evaluated TWR methods were presented in Figure 3.8. In fact,
the Type III case is the most critical assessment in the chapter because the case exactly
represents the implementation of TWR in the practical real world. As discussed earlier,
the simulation results for the comparative analysis of the four TWR methods, when
the reply time in Device A (trepl yA = 840µs) is greater than the reply time in Device
B (trepl yB = 400µs) were given in Figure 3.8(a). Oppositely, Figure 3.8(b) presented
the comparative outcomes of the four TWR, when the two reply times in Figure 3.8(a)
were swapped in the opposite order (trepl yA < trepl yB). In addition, Figure 3.8(c)
allowed a bigger gap between the two reply times (trepl yA and trepl yB) to show that
the outcomes of TOF errors, particularly SDS-TWR, in a different point of view. Fig-
ure 3.8(c) highlighted the simulation results presented in Figure 3.8(a–c) specifically
for the AltDS-TWR methods. The value of the parameters in simulation results were
chosen to match with the set-up and experiments presented in Section 3.4.2.

Two crucial proofs were revealed in the simulation results of typical case (Figure 3.8).
Firstly, the pitfalls of SDS-TWR was seen in the simulation results when the reply
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Figure 3.8: TOF error comparison between TWR methods using Type III assumption (typical
case) as in Equations (3.30)–(3.33). (a) TOF error when trepl yA > trepl yB , (b) TOF error when
trepl yA < trepl yB , (c) TOF error when trepl yA = 1640µs and trepl yB = 400µs, and (d) TOF error
for AltDS-TWR method in (a)–(c).
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times (trepl yA and trepl yB) were asymmetric (Figure 3.8(a–c)). The severity of the TOF
errors in SDS-TWR was more apparent especially when the gap between the reply
times was large (Figure 3.8c). Secondly, the simulation results in Figure 3.8 showed
that the AltDS-TWR was the only TWR in the evaluation that gave consistent numerical
outcomes for the typical case (Type-III).

In summary, revealing the pitfalls of SDS-TWR was crucial because it was a de facto
standard for TWR methods in the last decades [33] and it became the base model in
several bench-marking [13, 114, 122, 127, 148, 149] as previously mentioned many
times. By contrast, AltDS-TWR overcomes the error due to variation of reply times
and it has the ability to provide accurate ranging even in asymmetric conditions as we
proved in this section. Accordingly, AltDS-TWR was adopted in the amendment of IEEE
802.15.4z-2020 [98] standard to illustrate the default DS-TWR scheme for wireless
ranging system, i.e. the replacement of SDS-TWR in IEEE 802.15.4-2011 [33].
It should be pointed out that the ADS-TWR and SS-TWR methods require only

one-sided reply time (trepl yB). Hence, the magnitude of trepl yB determines their perfor-
mance. Figure 3.8a showed that the ADS-TWR provided a lower TOF error compared
to the SDS-TWR method when trepl yB < trepl yA. In reverse, the TOF errors of SS-TWR
and ADS-TWR methods increased when trepl yB > trepl yA as expected (Figure 3.8b). In
both scenarios, the performance of the SDS-TWR method stays unchanged. The simu-
lation results indicated that SDS-TWR outperformed both the SS-TWR and ADS-TWR
with a large margin in this particular experiment (Figure 3.8b). However, the TOF
error in SDS-TWR was severely increased and its performance was worse than SS-TWR
and ADS-TWR, when the gap between reply times was relatively large (Figure 3.8c).

3.4.2 Experimental Evaluation Results

As previously reported in Section 3.4.1, two crucial findings using TEEM have been
verified for TWR methods in UWB-based wireless ranging systems. The primary goal of
this section was to prove the conclusions drawn from the simulation results conducted
in Section 3.4.1 with the experimental evaluation results. The mentioned two findings
in TWRs include the pitfalls of the SDS-TWR method in a typical case (Type III) defined
in Section 3.3.1 and the robustness of AltDS-TWR.
In the experiments, the comparative analyses of three out of four TWR methods

were conducted namely SS-TWR, SDS-TWR, and AltDS-TWR. ADS-TWR was excluded
in experiments because the auto-acknowledgment mechanism (Figure 3.4), i.e., the
instant reply time in Device A (trepl yA = 0), was not supported in the UWB hardware
in the market at the time of writing this dissertation. The research data used for
presenting the results in this section were made available publicly in [174].
This section was subdivided as follows: Section 3.4.2.1 explained the experimental

setup, i.e., the data from that section was utilized to present the evaluation results
in both Section 3.4.2 and Section 3.5 respectively. The goal of the experiments was
clarified in Section 3.4.2.2, which was followed by the evaluation results of the com-
parative analysis regarding three TWRs at two specific scenarios (i.e., a specical case in
Section 3.4.2.3 and a typical case in Section 3.4.2.4 respectively). Figure 3.9 illustrated
the test environments for all the experimental evaluations conducted in this chapter.
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3.4.2.1 Setup and Data-Collection Process

Regarding the hardware used in the experiments, the device under test was composed
of an UWB transceivers, the main MCU, and Universal Synchronous/Asynchronous
Receiver/Transmitter (USART) interface for logging the data into Personal Computer
(PC). We used a DWM1000 module [44] from Decawave for the UWB transceivers and
the NUCLEO-L476RG, i.e., an STM32 development board from STMicroelectronics,
for the main MCU. For the clock source of the MCU, the built-in High Speed Internal
(HSI) (16 MHz) from the NUCLEO-L476RG was utilized in all of the evaluation results
given in this chapter. This clarifies that no external oscillators were connected to
the MCU of the evaluated device. As specified by the data-sheet in [192], the accuracy
of the HSI in NUCLEO-L476RG is ±1 % using the factory-trimmed RC oscillator.

Before starting the measurement campaigns, the aggregated antenna delay calibra-
tion for the UWB modules was conducted as specified by the procedure and algorithm
instructed in the manufacturer application notes [43, 46]. In fact, the mentioned aggre-
gated antenna delay in the evaluation refers to TTD and RTD as defined in Section 3.2.1.
Hence, the TOF error estimation in the measurement was mainly affected by the error
caused by the delay in PTD and PATD. It should be noted that all the presented results
in Section 3.4.2 and 3.5 were measured in distance as opposed to TOF in the simulation
results. The reason is that the references for the experiments were based on distances.
In other words, the TOF value achieved from the ranging scheme was transformed into
a distance by multiplying with the speed of light, which is 299,702,547 m/s in the air.

In the course of the measurement, we connected one of the two transceivers (Device A
in Figure 3.3) to a PC in order to log the measurement data, which were arriving
to PC from the MCU via USART port. The software provided for production testing
of evaluation kit (EVK1000) by Decawave was run on the two transceivers. The

Figure 3.9: Test environments of the experimental evaluations: (a) overview of office floor plan
for the LOS experiment in hall (green arrow) and the multi-path experiment in a corridor (sky-
blue arrow), (b) fixed-distance experiment in the laboratory, LOS experiment in a hall (office
environment), and multi-path experiment in a corridor (office environment).
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3 Delving into the Ranging Process of a Bidirectional UWB System

Table 3.3: The configuration of UWB used in the evaluations.

Properties Values

Data rate 6.8 Mbps
Channel 2

Center frequency 3993.6 MHz
Bandwidth 499.2 MHz

Pulse-repetition frequency (PRF) 16 MHz
Preamble code sequence index [33] (p.203) 3

Module name DWM1000
Manufacturer Decawave

Reported precision [44] 10 cm

software is available online on Decawave’s website1. The source code of the mentioned
software was modified in order to extract the four parameters of time instances in DS-
TWR (troundA, troundB, trepl yA, and trepl yB) during the measurement. The retrieved
parameters were, then, individually logged into a PC and saved in separate files at each
measurement. Afterward, the logged data regarding the above-mentioned time periods
were processed with the TWR formulas given Section 3.1.2 using Matlab. This ensured
that the evaluation results of each TWR were based on the exact same raw data (periods
of time) from the measurement. For instance, only two of the four collected raw data
from a file namely troundA and trepl yB was used to study SS-TWR while the entire four
parameters from the same file were used for the study of SDS-TWR.

Table 3.3 gave the configuration of the UWB hardware module used for transceivers
in all of the experimental evaluations. For all the experimental results reported in
this dissertation, the antenna height of the UWB transceivers was always set to at
least 1.06 m to ensure that the errors due to Fresnel zones were not affected in the
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Figure 3.10: Sample measured data for the symmetry in the special case (Type II)

1https://www.decawave.com/software/
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Figure 3.11: Sample measured data for the asymmetry in the typical case (Type III)

measurement. We used a laser distance meter, CEM iLDM-150 model2, to measure the
ground truth reference distances in the evaluation. The applied laser distance meter
provides an accuracy of ±1.5 mm according to the manufacturer.

For evaluating the special case (Type II) defined in Section 3.3.1, the hardware of the
two UWB transceivers was carefully tuned until we achieved the equivalent (symmetric)
two reply times. Figure 3.10 described the histogram of the mentioned symmetric
replied time scenario (special case, or Type II) based on the sample data collected
from one of our measurements. The figure illustrates the measured time periods for a
single trial in the evaluation, in which the duration of the measurement lasted roughly
around 5 min using an updated rate of 10 Hz. The mean values of the reply times are
trepl yA = 490.94µs and trepl yB = 491.25µs (Figure 3.10 and Table 3.4). Indeed, all of
the evaluation results presented in this chapter were based on the mentioned setting
and reply time for the symmetry case (Type II).
For an asymmetric scenario for a typical case (Type III), Figure 3.11 demonstrated

the histogram of the typical case using the sample data collected from one of our

Table 3.4: Sample reply time drawn randomly from each category (LOS, close LOS, and MP).

Cases RMSE (µs) Mean (µs) STD (ns) Data Spread (ns) Sample
trepl yA− trepl yA trepl yB trepl yA trepl yB trepl yA trepl yB Size
trepl yB

Special case 0.31 490.94 491.25 2.29 2.32 8.17 8.00 2350
(Type II) 0.28 490.97 491.25 2.30 2.32 8.47 8.00 2450

0.26 491.0 491.25 2.34 2.34 9.14 8.00 2000

Typical case 439.41 836.80 397.40 357.14 357.11 1754.5 1754.0 2350
(Type III) 439.58 836.90 397.33 375.07 375.07 4451.3 4451.6 2450

439.83 837.04 397.22 1369.1 1369.1 16,474.0 16,474.0 2000

2http://www.cem-instruments.in/product.php?pname=iLDM-150
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3 Delving into the Ranging Process of a Bidirectional UWB System

measurements. Once again, the figure showed the measured time periods for the
asymmetric case based on a single trial. The mean values of the reply times for Type III
in this measurements are trepl yA = 836.8µs, and trepl yB = 397.4µs (Figure 3.11 and
Table 3.4). It should be pointed out that Figure 3.11 was just an exemplar for typical
cases achieved from the default setup (out of the box) from Decawave’s software. For
evaluating the Type III scenario in Section 3.4.2.2, we further varied the reply times of
one device from the two transceivers to analyze the performance differences between
the SDS-TWR and AltDS-TWR. Moreover, the illustrated setting and reply times were
used for evaluating the typical condition discussed in Section 3.5.

In summary, Table 3.4 provided the sample data of reply times randomly drawn from
our measurements for Types II and III. The collected data were categorized in three
scenarios namely LOS, close LOS and MP as expressed in three types for each in the
table. We verified upon the evaluation that the magnitude of the difference (similarity)
between the two reply times (trepl yA and trepl yB) was always less than 0.35µs in
average for the symmetry case (Type II). The defined similarity between reply times
was annotated as Root Mean Square Error (RMSE) in Table 3.4.

3.4.2.2 Scope and Goals of the Experimental Evaluation

The experimental evaluation results reported in the upcoming sections aims to validate
the outcomes achieved from simulation results given in the previous section regard-
ing TWR methods. The emphasis was focused on the performance comparison between
the AltDS-TWR and SDS-TWR (the de facto base model for TWR in literature). The
findings in the simulation result pointed out that there are two crucial points, i.e., the
pitfall of SDS-TWR and the robustness of AltDS-TWR. Therefore, this section aimed to
validate the mentioned two outcomes achieved from the simulation with the experi-
mental validation results. Firstly, it was aimed to demonstrate the pitfalls of SDS-TWR
using experimental data instead of numerical values. Indeed, the fact has been already
proved with simulation results in Section 3.4.1. Secondly, it was aimed to prove the
efficiency of the AltDS-TWR method in a typical case (Type III) when reply times are
varied using experimental results compared to other TWRs. Regarding this, different
Table 3.5: Evaluation results for variable reply times at fixed reference distance (5.494 m).

No. of RMSE (ms) RMSE (cm) Reply Time (ms) Sample
Trials Reply Time Distance Error Mean Size

(trepl yA − trepl yB) AltDS SDS SS trepl yA trepl yB

1. 0.0003 3.44 3.44 18.40 0.4909 0.4913 2850
2. 0.24 2.74 2.27 15.16 0.64 0.40 2966
3. 0.74 3.51 8.87 15.76 1.14 0.40 2435
4. 1.24 3.63 15.58 15.145 1.64 0.40 2496
5. 1.74 3.50 22.27 14.56 2.14 0.40 2523
6. 2.24 3.72 28.60 14.51 2.64 0.40 2320
7. 2.74 3.50 34.33 13.97 3.14 0.40 2454
8. 3.24 3.51 39.17 13.55 3.64 0.40 2485
9. 3.74 3.59 44.40 13.40 4.14 0.40 2574
10. 4.24 3.51 50.75 13.39 4.64 0.40 2446
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sets of experiments by varying the values of reply times in TWR were conducted at a
static scenario in the laboratory environment. As opposed to the simulation, the clock
drift error cannot be randomly generated and tuned in the experiments. Hence, we
used the built-in high-speed internal oscillator from the main MCU in the experiments
as described in Section 3.4.2.1.

A total of ten trials were conducted in order to specifically address the pitfall of SDS-
TWR and the robustness of the AltDS-TWR. Table 3.5 provided the magnitude of
the difference between two reply times (trepl yA and trepl yB) starting from 0.0003
(symmetry case) up to 4.2 ms (variable reply times case). In the evaluation, only one
of the two reply times, specifically, trepl yA, was varied with different values to show
various levels of asymmetry in the reply times. The variation was done in the experiment
by manipulating the value of delays on the ranging software during evaluation (see
Columns 6 and 7 from Table 3.5, denoted as “Reply Time (ms)”).

3.4.2.3 Evaluation Results for Special Case (Type II)

The special case was evaluated in the experiment for the three TWRs where the
corresponding data were given in Trial 1 in Table 3.5. The primary goal was to prove
experimentally how closely related the outcomes of the SDS-TWR and AltDS-TWR in
Type II. The evaluation results showed that only very small errors occurred in SDS-TWR
technique when the two reply times are exactly equal as the name symmetric is applied
in the method itself (Trial 1 in Figure 3.12). For the purpose of better visualization
of the reported results, Figure 3.12 expressed the experimental outcomes for special
case (Type II) in two kinds of data representations namely box plots and empirical CDF.
In both of the data representations, the results indicated that both AltDS-TWR and SDS-
TWR had identical performance level in the symmetry case (Figure 3.12). In other
words, AltDS-TWR is comparable to SDS-TWR in the symmetry case (Type II). The
exact values of the presented results can also be seen in the first-row of Table 3.5.
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Figure 3.12: Evaluation results of three TWRs for the special case (Type II) using box plots and
empirical Cumulative Distribution Function (CDF) measured at a static distance of 5.494 m
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3 Delving into the Ranging Process of a Bidirectional UWB System

In specific, the RMSE in distance estimation for both AltDS-TWR and SDS-TWR
was also equivalent in this particular experiment, with an exact value of 3.44 cm (the
third and fourth columns of the first-row in Table 3.5). Similar findings for the special
case (Type II) based on the simulation were already reported in Section 3.4.1.2. It is
worth mentioning that it rarely happens to have a symmetric reply time in a real-world
situation. In this particular experiment, we manually tuned the two reply times (trepl yA
and trepl yB) until we achieved the approximately equal values (see the magnitude of
difference between the two reply times (trepl yA− trepl yB)) in Table 3.5 (second column),
which was 0.0003 ms in the symmetry case (first row). As expected, the experimental
results showed that distance error using SS-TWR was significantly higher than both
of AltDS-TWR and SDS-TWR (Figure 3.13).

3.4.2.4 Evaluation Results for Typical Case (Type III)

For the purpose of visualizing the evaluated three schemes, the first five trials from Ta-
ble 3.5 were depicted in Figure 3.13. In the figure, it can be clearly seen that the
box corresponding to SDS-TWR was drifting away from the reference as indexes of
the trial numbers are increasing. In other words, Figure 3.13 was demonstrating the
pitfall of SDS-TWR, frequently mentioned throughout this chapter. For the referencing
purpose, the symmetry condition was also given again in Figure 3.13 (Trial 1). As
shown previously, SDS-TWR gave a very small errors in distance estimation when the
two reply times were exactly the same (Trial 1 in Figure 3.13 and Figure 3.14).
However, SDS-TWR encounters significant errors in the estimation of wireless dis-

tances when the symmetry in the reply time was broken down. The severity in
the error of SDS-TWR increases in parallel when the difference between the reply
time (trepl yA− trepl yB) were increasing (Figure 3.13, Figure 3.14 and Table 3.5). The
evaluation results showed that the distance error even reaches up to 50.75 cm when the
magnitude of difference between the two reply times (trepl yA− trepl yB) was raised to

Figure 3.13: Variable reply times at fixed distance measurement.
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Figure 3.14: Variable reply times at fixed distance measurement.

until 4.24 ms (last row in Table 3.5 and last column in Figure 3.14). The monotonously
increase of the estimation error in SDS-TWR clearly indicates that SDS is not a perfect
technique to be used for a standardized benchmarking method as opposed to the widely
used case in many papers during the past decade.

In contrast, we observed that AltDS-TWR technique was robust against the variation
of the reply times (trepl yA and trepl yB) in wireless distance estimation using TWR.
The consistency of AltDS-TWR across several evaluation trials were depicted in Fig-
ure 3.13 and Figure 3.14. The exact numerical values using RMSE as a decisive score
were also provided in Table 3.5 and Figure 3.14. Regarding the distance error in
the evaluation, the outcomes of RMSE for AltDS-TWR provided a consistent manner
throughout the measurement (Figure 3.14). To give it with the exact value, the RMSE
for AltDS-TWR ranges only to a small span between 2.74 cm to 3.72 cm (Figure 3.14)
while a quite large span regarding the magnitude of difference between the reply times
(trepl yA− trepl yB) was varied starting from 0.0003 ms to 4.24 ms (Table 3.5). The results
clearly showed that the error produced by AltDS-TWR was quite small, reliable in all
tested conditions, and consistent across a large range of variations.

The above-mentioned results proved the robustness and consistency of distance esti-
mation regarding AltDS-TWR. Moreover, the results showed that AltDS-TWR technique
should be a preferred method as a reference to be used in benchmarking of TWR tech-
niques compared to the commonly used SDS-TWR technique. Regarding the SS-TWR,
the results in Figure 3.13 and Figure 3.14 showed that consistent outcomes across
the evaluated trials. This is because SS-TWR relies only on one reply time, namely,
trepl yB (3.2), which was constant and did not change throughout the evaluation. In
fact, only one reply time (trepl yA) was varied in the experiment and the one applied
for SS-TWR (trepl yB) stayed unchanged throughout the evaluation (see the seventh
column in Table 3.5). It is worth mentioning that SS-TWR also encountered severe
errors in distance estimation similar to the SDS-TWR when the reply time namely
trepl yA was varied (i.e., see the simulation results demonstrated in Section 3.4.1).
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3.4.3 Results Summary for Type II and Type III using TEEM

In this section, we primarily focused on two basic TWR techniques. The aim was
to reveal the pitfalls of SDS-TWR and the robustness of AltDS-TWR technique. In
order to give comprehensive results, three types of cases were defined and examined.
The results were validated with both simulation and experiments. SDS-TWR was the
most highlighted TWR techniques and a de facto standard for bench-marking TWR in
literature [13, 114, 122, 127, 148, 149]. However, there is a critical flaws in SDS-TWR
technique that showed that the method was not good enough to be used as a gold
standard for performance evaluation in TWR techniques. Additionally, we demonstrated
the pitfall of the mentioned SDS-TWR based on numerical simulation and experimental
evaluation results (Figure 3.14). The severity of the technique becomes more corrupting
as the magnitudes of the difference between the two reply times increase (Figure 3.14).
Moreover, we reminded the readers that the constraint on strict symmetry in reply
times for SDS-TWR is hardly achievable in practice due to hardware constraints.
In contrast, we showed that AltDS-TWR was robust against the clock drifts and

asymmetric reply times in several tested situations. In other words, the accuracy
of AltDS-TWR was not affected by the variation of the reply times in TWR compared
to SDS-TWR (Figure 3.14). This shows many important aspects in UWB localization in
which both the positioning information and actual data from sensors can be processed
simultaneously on a single wireless platform. Previous implementations focused only
on the position accuracy and neglected the payload section of the MAC layer in UWB
communication due to extra processing delay introduced by adding data on it. The
evaluation results in Section 3.4.1 and Section 3.4.2 showed that the mentioned issue
can be overcome by using AltDS-TWR technique as a ranging method.

3.5 Inspection of Ranging Error in TWR Techniques

In addition to the ranging errors due to the choice of methodologies in TWRs as
previously discussed, the error in UWB-based wireless ranging occurred due to the non-
direct path signal communication between transceivers (i.e., the presence of obstacles
that block the LOS path between devices). In literature, the mentioned occurrences
was typically classified as NLOS propagation and MP effects [177, 217]. Therefore,
the issue typically introduces positive biases in the ranging performance and, in turn,
affects the localization accuracy of the overall system. Moreover, our previous work
in [130] reported that significant errors occurred in purely LOS scenarios for UWB if
the measurement was conducted in a very closed range, especially when the coherent
receivers are used in the transceivers.

The ranging error due to the NLOS propagation in wireless communications are well
known and the effects are obvious to achieve in the measurements. Therefore, the
study on NLOS identification and mitigation technique for UWB is heavily examined in
the literature. Similarly, the ranging errors due to the MP effects are also regarded as
crucial in some papers. However, only a few investigations were actually conducted. On
the contrary, the ranging errors due to the closed LOS condition are rarely examined
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and even mentioned in literature. The experimental results showed that the errors due
to closed LOS are significant especially when the measurement was conducted in less
than 1 m (close range). Hence, this section examined the mentioned three main causes
of ranging errors in UWB using TWR techniques based on comprehensive experiments.
The reported results for NLOS propagation were described in Section 3.5.1, MP effects
in Section 3.5.2, and closed LOS case in Section 3.5.3 respectively.
Moreover, the aforementioned ranging errors are related to the various possible

delays in UWB-based ranging schemes defined in Section 3.2.1. In order to give com-
prehensive results, the experimental data from four different scenarios were collected
in indoor environments: (i) pure LOS (conducted in a Hall), (ii) MP conditions (con-
ducted in Corridors), (iii) NLOS condition and (vi) close LOS scenario (conducted in
laboratory). Regarding this, the error influenced by PTD can be validated in the MP
scenario (Section 3.5.2), where the effects of PATD in the close LOS scenarios (Sec-
tion 3.5.3). The summarized report of the three scenarios was given in Appendix B in
which Table A.1 provided all the values in the experiments for the special case (Type
II) and Table A.2 for the typical case (Type III)) respectively.

3.5.1 Ranging Error due to NLOS Scenario in TWR

The experimental data regarding the NLOS scenario was collected in the laboratory
in order to evaluate the effects of NLOS in UWB’s ranging. During the data collect-
ing process, the measurement was recorded for roughly three minutes in total for
both Type II and Type III cases using the ground truth reference between the two
transceivers at 2 m. As shown in Figure 3.15, the data collecting procedure was es-
tablished in three parts during the mentioned 3 min (roughly). The pure LOS data
were recorded in the first one minute. After that, the communication between the two
transceivers during the measurement was blocked by a human subject for 1 min by
standing up in the middle, i.e., 1 m away from each transceiver. Then, the blocking
was removed again to achieve the pure LOS recorded data for the rest of the last
1 min. As already described in experimental setup (Section 3.4.2.1), the mean reply
times during data collection were trepl yA = 490.94µs and trepl yB = 491.25µs for the
symmetric (special) case (Type II), and trepl yA = 836.80µs and trepl yB = 397.40µs for
the asymmetric (typical) case (Type III), respectively.
The evaluation results in Figure 3.15 indicated that a large error in distance esti-

mation due to the NLOS propagation occurred in both cases of the two types in all
of the evaluated TWRs. In specific, the average error reaches up to 40 cm within 2 m
ground truth, which is quite enormous. The results also proved the reason why the
effects of NLOS in UWB systems were the most heavily studied for high resolution
location-based wireless communications. In this particular NLOS measurement, the
propagation errors were due to the signal-traveling time that needs to penetrate the
human body and/or the non-direct signals reflected from the small laboratory environ-
ment. Therefore, the identification and mitigation of NLOS techniques are absolutely
mandatory for any application where NLOS scenarios are expected to exist. Regard-
ing this, the machine learning based identification and mitigation of NLOS and MP
conditions specifically for UWB ranging systems are addressed in chapter 5.
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Figure 3.15: Illustration of ranging errors due to NLOS propagation in UWB for Types II and III
at 2 m ground truth when a human subject is blocking.

In addition, Figure 3.15 also showed some spikes in the evaluation results, which
occurred in the measurement due to the body movement of the human subject during
the data collection process. The results indicated that both the AltDS-TWR and SDS-
TWR provided identical performance in the special case (Type II), which was illustrated
in the upper image of Figure 3.15. In this case, the outcomes of AltDS-TWR (blue
color) were merged into the outcomes of SDS-TWR (green color). On the contrary,
the diversified outcomes among the three TWR techniques can be seen in the typical
case (Type III), as described in the bottom image of Figure 3.15.

3.5.2 Ranging Error due to Multi-path Scenario in TWR

For investigation of the ranging errors due to the MP effects in the TWR techniques,
several measurements were carried out at static conditions. For the ground truth,
various distances were used during measurement campaign, which were from 4 m
up to 20 m for both the LOS and MP scenarios (Figure 3.16). For the LOS data, the
measurement was conducted in a big hall of Center for Cognitive Interaction Technology
(CITEC) building and for the MP data, the measurement was conducted in the narrow
corridor of office environments, where the floor plan was given in Figure 3.9. Similar
to Section 3.4, the data were collected for the special or symmetry case (Type II) and
the typical or asymmetry case (Type III). For the asymmetry case, the applied reply
times in the evaluation are trepl yA = 836.8µs and trepl yB = 397.4µs.

In general, the UWB signals are inherently robust against the MP effects in wireless
communications compared to its counterpart the narrow-band signals. However, the
evaluation results from our comprehensive measurements showed that the reflected
signals due to the MP effects in UWB communications still make apparent errors in the
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Figure 3.16: RMSE comparison of Types II and III for three TWRs in LOS and MP scenarios

estimation of distances using TWR techniques (Figure 3.16). Figure 3.16 showed the
complete data-set of the measurement conducted at different ranges in two scenar-
ios (LOS and MP) for both the special case (Type II) and typical case (Type III). The
measurements were separately conducted for the three evaluated TWR (AltDS, SDS,
and SS) at each different locations. The results were presented using RMSE as a
performing score, which is the square root of the mean error (difference) between the
measurement and the true reference.

Overall, the evaluation results showed that the distance error using AltDS was always
less than 6.43 cm in all tested scenarios for both the special case (Type II) and the typical
case (Type III) as reported in the first two columns of Figure 3.16. This implied that
the performance of AltDS-TWR was better than other evaluated TWRs. Regarding the
special case (Type II), it was observed that both the AltDS and SDS gave approximately
equal distance errors in all of the tested locations in the evaluation (see the first and
third columns in Figure 3.16). Moreover, the results reported that SS-TWR gave the
largest distance errors in the measurement (Figure 3.16).

Regarding the MP scenarios, the distance errors for all TWRs were generally increased
compared to the LOS conditions in the measurement results (compare the upper-half
rows (LOS) and lower-half rows (MP) in Figure 3.16). In the MP conditions at Type
III (esp. 4, 8, and 12 m), the reported results suggest that SDS-TWR gave the smallest
error among the three TWR methods regarding the distance estimation (the fourth
column in Figure 3.16). The occurrence of this conditions was due to the chosen fixed
reply time for the typical case in this particular evaluation, i.e., trepl yA = 836.8µs and
trepl yB = 397.4µs. As already discussed in Section 3.4.2.4, the ranging errors due
to SDS-TWR were more significant compared to AltDS when the asymmetry of the
reply times were getting bigger. This scenario was demonstrated in Section 3.4.2 by
varying the reply time of one device with different values.
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Figure 3.17: Comparison of the LOS and MP scenarios for Type II and Type III at a 12 m true
reference. The images in a row represent the two types (II and III) and the images in columns
represent the LOS and MP

For better visualization of the reported results, Figure 3.17 depicted the comparative
experimental outcomes for the LOS and MP scenarios by specifically presenting the
measurement conducted in true reference at 12 m. The outcomes were compared side by
side in the figure. The first column in Figure 3.17 (a and c), showed the results achieved
from the LOS condition (measured at a hall), and the second column in Figure 3.17(b
and d), depicted the results achieved from the MP scenario. Furthermore, the measured
outcomes from Type II and III are compared in the rows of Figure 3.17 to clearly
identify the differentiation between the two cases.
It can be seen in the experiment result that SDS and AltDS have approximately

the same performance level in the special case (Type II) as already stated in the
simulation results (Section 3.4.1, see Figure 3.17a,b). However, a significant variation
between SDS and AltDS can be observed in the typical case (Type III) as expected from
the simulation results (Section 3.4.1, see Figure 3.17c,d). In addition, the results also
showed that both SDS and AltDS always provided better performance scores compared
to the SS-TWR in all the three cases (Figure 3.17).

Particularly for the LOS condition in Type II, the measured distance errors of both SDS
and AltDS were very close to the reference value (Figure 3.17a). However, AltDS
provided the smallest error in the typical case (Type III) among the three evaluated
methods in LOS conditions (Figure 3.17b).
In the multi-path scenario at the special case (Type II), the distance error due to

the SDS and AltDS were slightly increased compared with the LOS scenario (Fig-
ure 3.17a,b). Still, the mentioned distance errors caused by SDS and AltDS were
relatively smaller than the SS-TWR technique (Figure 3.17b). In the typical case (Type
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III), the evaluation results suggested that SDS provides the smallest error among the
three methods (Figure 3.17e). This condition was caused by the applied reply times as
already clarified in previous sections.

3.5.3 Ranging Error due to Closed LOS Scenario in TWR

The ranging errors in UWB due to the NLOS and MP conditions were widely discussed
and examined in many papers [177]. However, the error due to close LOS scenarios was
highly ignored. In this section, we examined the ranging error in close LOS scenarios
by using different measured data collected at the static conditions starting from 0.25
up to 2 m. The experiments were carried out at one of the laboratories in CITEC,
Bielefeld University (Figure 3.9). Again, the evaluation was conducted for both special
case (Type II) and typical case (Type III).
The evaluation results using RMSE as a decisive score showed that all TWRs gave

tremendous errors in close LOS scenarios when the ground truth reference was less
than 0.75 m (first three rows in Figure 3.18). In specific, the RMSEwas larger than 11 cm
on average for all TWR methods at both Type II and Type III cases. Moreover, the
evaluation results indicated that the errors due to the close LOS conditions in UWB
were noticeably decreased when the ground truth references between the transceivers
were set more than 1.5 m apart (last three rows in Figure 3.18). In this particular
measurement results, the calculated RMSE for the AltDS (for both Type II and Type III)
and the SDS (for Type II only) had been always less than 5 cm. Based on the evaluation
results, the transitional phase that linked the gap between the worst-case scenario
(i.e., RMSE greater than 10 cm) and the best case scenario (i.e., RMSE less than 5 cm) in
the close LOS conditions was also spotted in the experiments. This region corresponds
to the ground truth reference between 0.75 m and 1.5 m.

Figure 3.18: RMSE comparison of Types II and III for three TWRs in a close LOS scenario.
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Figure 3.19: Results comparison of Types II and III for close LOS at true reference 0.25, 1.00,
and 1.50 m. (a–c) measurement results for Type II (special case), and (d–f) corresponding
results for Type III (typical case).

For a better visualization of the data, the evaluation results for close LOS scenario
conducted at ground truth reference of 0.5 m and 1.5 m were presented in Figure 3.19.
The results showed that a large extent of outliers (denoted in plus signs with red color
in the figure) was evident in the measurements conducted at 0.5 m (Figure 3.19a,b).
Figure 3.19b also illustrated that SDS-TWR was relatively skewed in the scenario where
the measurement was conducted at 0.5 m. However, the presence of outliers in the
measured data decreased substantially as previously given when we increased the
distances between the two transceivers in the evaluation. This implied the scenarios of
both the Type II and Type III cases as we can visualize the outcomes achieved from
1.5 m ground truth in Figure 3.19c, d respectively.

The major cause of distance error in close LOS scenario is due to the effect of PATD
described in Section 3.2.1. The phenomenon of the PATD is more considerable in
close LOS condition if the construction of the transceivers in the UWB hardware is based
on a coherent receiver architecture [46]. This is because particular preamble sequence
codes are required to initially transmit before the data communication between the
transceivers for a coherent architecture so that the synchronization between devices
in the physical layer could be done based on the perfect periodic auto-correlation
procedure [46]. Additionally, the UWB hardware modules that are commercially
available to buy in the market at the time of writing this paper are based only on the
coherent receiver architecture. This includes the UWB hardware used in this evaluation,
which is a DWM1000 module from Qorvo (Decawave).

Concerning this, there exist several preamble sequence codes for UWB data communi-
cation in literature. In this experiment, we used the preamble sequence code index no.
3 from the IEEE 502.15.4 standard [33, 96, 97]. Specifically, the pattern of the code
sequence look likes “−+0++000−+−++00++0+00−0000−0+0−” according
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to [33]. The mentioned sequence is classified as the shorter sequence in UWB configu-
rations [33]. In principle, the longer the code sequence in the system implementation,
the more likely to produce more severe errors in close LOS scenarios. This is due to
the fact that the base symbol rate for the synchronization header is proportional to
the preamble symbol transmission rate [33] (pp. 200–207). This corresponds to the
longer time to detect the SFD during the accumulation time in the PHY layer of UWB
according to IEEE 802.15.4 [33].

3.6 Chapter Discussion and Conclusion

In the past two decades, the most frequently highlighted TWR technique in the UWB-
based localization system was the SDS-TWR method. The main reason was that SDS-
TWR achieved remarkable outcomes regarding the accuracy score in the wireless
distance estimation when the reply times (trepl yA and trepl yB) in the transceivers
are symmetric. The renown of the SDS-TWR even makes the method become a de
facto standard for TWR techniques in UWB localization. This implied that SDS-TWR
was commonly used as the gold standard to benchmark the performance with newly
discovered TWR techniques in literature [13, 114, 122, 127, 148, 149]. However, the
robustness of the SDS-TWR was feasible only when the reply times are symmetric or
uniformly equivalent throughout the measurement in all conditions as demonstrated
in Section 3.4.1.2 and 3.4.2.3. In case the mentioned symmetry in the reply time
was inaccessible, the evaluation results showed that SDS suffered severe errors in the
estimation of distances in UWB localization (Section 3.4.1.2 and 3.4.2.4). This signifies
that SDS-TWR is not the best candidate to be used as a baseline model (or) the reference
method for benchmarking the performance of different TWR methods. Indeed, the
evaluation results showed that the necessity of a strict symmetry in the reply time is
not only the major drawback but also the pitfall of the SDS-TWR method. In other
words, the mentioned constraint in SDS limits the flexibility of the method to be used
in different areas. Moreover, the perfect symmetry cannot usually be achievable in
practice. Indeed, the exact same issue regarding the constraint of strict symmetry
in SDS-TWR was also discussed in [62, 114].

On the contrary, we demonstrated in this chapter using TEEM model that AltDS-TWR
method was robust against clock drift and can perceived consistent outcomes in any
tested condition (Section 3.4.1.3 and 3.4.2.4). Moreover, the results based on numerical
simulation and experimental evaluation proved that the corrupting effect of the delay
in different reply time does not affect the accuracy of AltDS-TWR (Figures 3.6, 3.8
and 3.13 and Table 3.5). The mentioned matter is crucial for typical applications
in wireless communications and WSN, where both the location information and the
sensor data are necessary to process in the application. The evaluation results revealed
that AltDS-TWR was able to simultaneously provide both the location information and
sensor data on the payload of its MAC layer without losing the ranging accuracy. In
other words, AltDS-TWR is the only method in the evaluated four TWRs that can be
used in typical WSN, where non-deterministic processing times for sensor data reading
and transmitting are expected in the application.
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The primary reason for stressing out the aforementioned nondeterministic scenario
in WSN is that the current state-of-the-art system implementations in UWB-based wire-
less localization emphasize only the accuracy of the location information. Hence, the
data payload section of MAC layer [33] (p. 57), where sensor data and other informa-
tion can be transmitted on it depending on the available resource space, was commonly
ignored and not used in most of the papers in literature. For instance, the implementa-
tion of UWB localization systems in [87, 126, 199, 229] solely addressed the accuracy
of the positioning algorithms and generally assumed that no payload was sent during
the data communication process. In exceptional cases, the data payload section of
the MAC layer was used only for essential timestamps to be used in the positioning
algorithm. Hence, a secondary wireless technology is usually mandatory in such a
system if the sensor data are also important to obtain. However, AltDS-TWR reveals
the ability to give the mentioned two information in one technology while keeping
the same performance level of location accuracy. For instance, it can be considered
the variation of reply time given in Table 3.5 ( Section 3.4.2.2) as a representation of
sensor data processing time in WSN. An example application of such scenarios includes
a wireless body sensor network for sports analysis, where the location and other sensor
data from a particular player are helpful for the central server (coach) to analyze the
performance of each athlete and game strategy. It is worth noting that the processing
time for reading and transmitting the data from the sensor in that scenario is generally
unpredictable depending on several hardware and software constraints.
Moreover, the evaluation results given in Sections 3.4.1 and 3.4.2 suggested that

AltDS-TWR is the preferred method for real-world scenarios compared to the rest of
the evaluated TWR in this chapter since it is robust against the variation of reply time
and clock drifts. The conclusion based on the results from numerical and experimental
evaluations at different conditions is that the performance of AltDS-TWR is the most
reliable technique among the four evaluated TWR methods. Therefore, AltDS-TWR
should be preferred to be used as a baseline method for bench-marking TWRmethods in
contrast to the current commonly used SDS-TWR in many academic papers. In general,
it is desirable for TWR in any conditions that the magnitude of the reply times (trepl yA
and trepl yB) and relative delay errors of round-trip time (ξABA and ξBAB) are as small
as possible. This is because the smaller the magnitude of the mentioned time in the
system is, the better the ranging accuracy (Section 3.4.1 and 3.4.2).
Regarding the simulation results given in Section 3.4.1, it should be noted that the

relative error includes all delays namely PTD, PATD, TTD, and RTD introduced in
Section 3.2.1. In contrast, the relative errors due to the TTD and RTD were excluded
in the experimental evaluation results (Section 3.4.2). The reason is that it is possible
to identify a certain approximately constant delay error in practice (upon the identical
complete hardware setup). This is done by measuring the estimated distance between
the two UWB transceivers in a pure LOS scenario and manipulating the reported values
with the known ground-truth reference. The procedure of identifying and eliminating
the mentioned constant is commonly termed in the community of UWB hardware
implementation as the calibration of the aggregated antenna delay [43]. In brief,
the mentioned identified constant is usually used to match the estimated TOF value
measured by the transceivers with the ground truth reference distance. The mentioned
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elimination of delays in UWB hardware correspond to the TTD and RTD delays given
in Section 3.2.1 and we had calibrated them before the measurement was conducted
in the experiments according to Section 3.4.2.1. Recently, a method that is capable of
calibrating the above-mentioned antenna-related delay without the need for manual
interventions was proposed in [184].
In addition, three scenarios that caused ranging errors in wireless communications,

namely NLOS, MP and close LOS conditions, were experimentally examined in this
chapter. The ranging errors due to NLOS in UWB and wireless communications were
apparent. Hence, the effects of NLOS conditions were comprehensively studied in
many papers especially for UWB systems [18, 82, 85, 113, 135, 138, 177, 181, 219].
The ranging error due to MP conditions were also seen as an essential aspect for precise
localization systems in [38, 41, 130, 180]. However, the comprehensive evaluation
of the MP effects is commonly neglected in the existing literature. Therefore, the
identification and mitigation of the above mentioned NLOS and MP conditions in UWB
localization was thoroughly addressed in chapter 5 using Machine Learning (ML)
methods. Concerning the close LOS scenario, the issue is rarely expressed in literature
except for some recommendations given from the manufacturer [46, 47]. Therefore,
the error due to close LOS was also comprehensively analyzed in this chapter where
part of the results was also published in our previous work [130].

Based on the evaluation results given in this chapter, we can draw a few recommen-
dations for the UWB-based localization systems as follows: Firstly, the ranging distance
between transceivers in the application should be larger than 0.75 m for the best per-
formance. Regarding this, the anchor (fixed) nodes should be placed far away from
the dedicated region so that the distance gap between the anchor and mobile nodes
maintains at least 0.75 m. Secondly, the evaluation results suggest that both AltDS-
and SDS-TWR will give a reasonably small errors in distance estimation (i.e., less
than 10 cm) if the difference between the two reply times(|trepl yA− trepl yB|) can be
maintained under 400µs. Thirdly, the finding in this chapter reveals that AltDS-TWR
is the only chosen method for real-world application, where the non-deterministic
processing time (e.g. sensor-data reading) is expected in the system apart from the
location data. Therefore, we can conclude upon this observation that AltDS-TWR is
the preferred method for the baseline model when bench-marking the performance of
different TWRs in contrast to the commonly used SDS-TWR in literature.
In summary, this chapter describes the novel TOF error estimation model for TWR

methods namely TEEM, which was originally proposed in our previous works [130,
172]. TEEM is an extended version of the conventional clock-drift error model for TWR
methods defined originally in IEEE 802.15.4-2011 standard [33]. Hence, TEEM com-
pletely holds the characteristics of the mentioned model defined in the IEEE 802.15.4-
2011 standard. In addition, TEEM is capable of clarifying the performance difference
between even similar TWRs, which is generally unfeasible in the conventional model.
Using TEEM in the evaluation, we found that all the four TWR methods gave the
exact same performance in the ideal case (Section 3.4.1.1). The evaluation results also
proved that AltDS-TWR is the best TWRs for typical applications in UWB localization
system (Sections 3.4.1 and 3.4.2). In contrast, we demonstrated that SDS-TWR pro-
duces small TOF error comparable to AltDS-TWR only when the reply times (trepl yA
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and trepl yB) are symmetric. In other words, AltDS-TWR and SDS-TWR have the same
level of accuracy in the symmetric case. However, AltDS-TWR is the only robust method
among the three evaluated TWRs for the asymmetric case. Therefore, we recommend
the AltDS-TWR as the baseline method when the comparison or bench-marking of
different TWR is conducted for quality assessment. In other words, the evaluation re-
sults suggested that the AltDS-TWR should be used as a replacement for the commonly
used SDS-TWR for bench-marking purposes in comparative analyses.

In short, the main contributions made in this chapter are in three folds: First, TEEM
proposed in our previous work [130, 172] was clearly explained. Second, the systematic
pitfall and misconception of SDS-TWR technique was demonstrated in the chapter
using TEEM. Third, AltDS-TWR was suggested as the baseline model for benchmarking
TWR techniques as well as the best TWR technique based on the evaluation results,
which is in contrast to the commonly applied SDS-TWR method in the literature.

In this chapter, the ranging errors due to the NLOS and MP conditions were also
examined using experimental data for the two transceivers under TWR methods.
The result showed that the mentioned NLOS and MP errors are significant and early
identification of the conditions to effectively mitigate the errors are crucial for high
resolution UWB localization system. Therefore, the identification and mitigation of
the NLOS and MP conditions in UWB localization were addressed in the Chapter 5 of
this dissertation. Moreover, the evaluation results based on the complete positioning
system, i.e., using multiple anchor nodes and a single mobile node on the test-bed
system, were examined in Chapter 4.
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This chapter addresses the positioning phase regarding the overall system implementa-
tion of UWB-based localization system. The main focus is made by rigorously studying
the comparative analyses or bench-marking of different positioning algorithms relevant
for a bidirectional UWB system. In general, a localization platform for wireless commu-
nications is regarded as a usable system, if the ranging phase discussed in Chapter 3
and the positioning phase addressed in this chapter are established. Therefore, the
implementation process for the evaluation of the positioning phase and the overall
system evaluation is rarely conducted separately in literature because the process is
usually regarded as the same [87, 198, 200, 204, 229]. In other words, the complete
set of both ranging and positioning phases is necessary to evaluate the comparative
analysis of location estimation algorithms. Hence, this chapter assumes that the ranging
part of the UWB localization system (Chapter 3) is already established. Additionally,
the supplementary filtering part of UWB-based localization, i.e. a pragmatic approach
in many real-world solutions, is also discussed in this chapter. Figure 4.1 highlights
the sectional focus of this chapter upon the overall system implementation process in
bidirectional UWB-based positioning and navigation.

This chapter is a heavily revised and extended version of our workshop paper [171].
In addition, a subset of the data and source codes used for presenting the evaluation
results given in this chapter were provided in the public domain as an open source,
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Figure 4.1: Illustration of the sectional focus for the bidirectional UWB system in this chapter,
which includes the implementation of different positioning algorithms and filtering aspects.
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which are available on Gitlab1 and Github2. This is in the hope that the given source
code would be useful for other interested researchers and practitioners in the case
of verifying the presented results as well as to proceed on further works that don’t
cover in this dissertation. The chapter is arranged as follows: Section 4.1 addressed
the motivation behind the comparative study of different positioning algorithms, its
background as well as the state of the art, and the contributions made in this chapter.
Next, the fundamental theories of five positioning algorithms evaluated in the chapter
are briefly introduced in Section 4.2. Then, it is followed by the implementation of the
Bayesian-based system models and filtering process for the above-mentioned algorithms
especially for UWB-based localization (Section 4.3). The comparative analyses of the
positioning algorithms based on the evaluation results were provided in Section 4.4.
And finally, the chapter conclusion and discussion are given in Section 4.5.

4.1 Background and Motivation

This subsection addresses four topics in short: (i) the brief background knowledge
of the study (Section 4.1.1), (ii) the motivation by indicating why it is crucial to
benchmark UWB positioning algorithms (Section 4.1.2), (iii) the state of the art in lit-
erature (Section 4.1.3), and (iv) the contributions made in this chapter (Section 4.1.4).

4.1.1 Brief Background Knowledge of the Study

UWB has been regarded as a promising technology for precise wireless localization
systems in the indoor GNSS-denied environments compared to its counterpart the
narrow-band wireless technologies [7, 175, 210]. Generally, the location estimation
process in wireless communications needs at least two phases namely the ranging
phase addressed in Chapter 3, and the positioning phase examined in this chapter.
The ranging phase corresponds to measuring the distances between the fixed anchors
(reference nodes) and the tag (the mobile node). Meanwhile, the positioning phase
corresponds to resolving the location of the unknown target or mobile node using the
information from the ranging phase and a positioning algorithm.

However, the complete integration of the system usually requires other methods and
algorithms such as filtering or smoothing of the estimated outputs of the system in
practice. Particularly for the bidirectional UWB system addressed in this dissertation,
the multiplexing phase is also mandatory in addition to the above-mentioned two
phases (see Section 2.4 in Chapter 2). That is the case when multiple objects are
tracked simultaneously in the bidirectional system. However, it should be pointed out
that the multiplexing phase is irrelevant for unidirectional TDoA based positioning
systems, especially for a GNSS-like system integration. On those systems, the location
information is calculated on the on-boardmobile node for the purpose of self-localization
or self-navigation [87, 229, 230]. In addition, range error identification and mitigation

1https://gitlab.ub.uni-bielefeld.de/csang/positioning-algorithms-for-uwb-localization-matlab
2https://github.com/cliansang/positioning-algorithms-for-uwb-matlab
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technique (Chapter 5) also play a crucial role in the complete system integration process
of UWB-based positioning and navigation.
In this chapter, five positioning algorithms were evaluated under the assumption of

the state-space approach. The state-space means that the state vector of the localization
system relies on the motion model as addressed in Section 4.3.1. In general, the state
vector contains all the information necessary for adequately describing the positioning
and navigation system under the investigation. Regarding the measurements part, it is
assumed that they are available at discrete times in all the algorithms under investigation
in this chapter. That being said, there exist two models needed to be addressed by a
localization system: (i) the system dynamic model, which describes the evolution of
the state of the system with time, and (ii) the measurement model, which is typically
responsible for relating the noisy measured data into the state vector. In UWB-based
localization system, we assume that the state model is linear (Section 4.3.1) and the
measurements can be regarded as either linear or nonlinear depending on the context
and the algorithmic choice in the system integration [83, 230].
Moreover, the comparative analyses conducted in the chapter were based on the

pragmatic system integration process in real-world applications. This means that filter-
ing parts to smooth the raw outcomes from the applied algorithms were also accounted
for in positioning methods such as Trilateration, Multilateration, and Taylor Series
(TS). In addition, the five algorithms were intended to be used in a bidirectional UWB
localization system, where a true-range measurement is feasible in the ranging phase
(Chapter 3). In simple terms, true-range in this context refers to the accuracy of the
measurement in the ranging phase (Chapter 3) is not influenced by the clock drift errors.
That is in contrast to the pseudo-range in typical wireless communication systems,
e.g., GNSS. The mentioned true-range measurement in wireless communication can
generally be achieved by using TWRmethods addressed in Chapter 3 [130, 172]. In this
chapter, AltDS-TWR is applied as the ranging method for bidirectional UWB localization
system, which was verified as the most reliable and optimized TWR method in our
previous work [130, 172] and in Chapter 3. In other words, only one ranging technique
is used for all evaluated positioning methods given in this chapter. This ensures that a
consistent and fair comparative analysis was made among the evaluated algorithms.

4.1.2 Motivation

In a fundamental term, it can be stated that the backbone of any localization sys-
tem/engine, regardless of its use cases and designs, is the positioning algorithm. This
is because the main purpose of the localization system, i.e., calculating the target
location of the mobile node (hereinafter referred to as a tag) based on the known
references (hereinafter referred to as anchors), is predominantly performed by the
positioning algorithm. In fact, this location information is usually the final goal of
most localization systems in practice. Concerning this, there existed several positioning
algorithms for wireless location estimation in the literature with different properties,
advantages, and drawbacks. However, this enormous choice of algorithms leads to
challenging and daunting experiences for the practitioners and researchers to determine
the relevant methods for a particular localization platform. This is also particularly
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true for newcomers in the field. In fact, it is time-consuming and tedious to evaluate
every available method in the field, i.e. one at a time from scratch until the desired
specifications are matched. Moreover, each algorithm encounters advantages and
drawbacks in terms of performance scores and resource utilities depending on the
use-case scenarios. Therefore, the comparative analyses (i.e., bench-marking results
based on an evaluation) rigorously conducted by experts in the field are crucial for
decision-making in many industrial and academic applied projects.

In the attempt to fulfill the aforementioned requirements, the performance of five
true-range positioning algorithms for UWB-based localization systems were bench-
marked in this chapter. The five positioning methods were specially chosen for a
bidirectional UWB-based localization system. However, they are general enough to be
used in any UWB-based localization system. Besides, the chosen methods are largely
diversified in terms of complexity and usability starting from a simple geometry-based
method called Trilateration to an advanced positioning algorithm based on a statistical
approach likes Unscented Kalman Filter (UKF). In particular, the evaluated algorithms
in the chapter include: (i) a Trilateration method based on the conventional surveying
technique using geometry, (ii) a closed-form Multilateration method that uses a least-
squares technique, (iii) an iterative linearization of the non-linear process using first-
order Taylor series, (iv) a recursive linearization solution based on the Extended Kalman
Filter (EKF), and a recursive approach using a statistical method based on (v) the UKF.
In essence, there are several other positioning algorithms for wireless localization
systems proposed by researchers such as Particle Filter (PF) and its variants. Moreover,
the authors in [220] recently introduced the non-convex optimization method as a
positioning algorithm for wireless localization by using approximation methods similar
to the min-max. However, the chosen five provided in this chapter is sufficiently
adequate for the practical use-case of any UWB-based positioning and navigation
processes. A few discussions regarding the exclusion of PF as position estimation
algorithm for UWB system in this dissertation was also addressed in Section 4.5.

There are, indeed, comparative analyses of different position estimation algorithms
for UWB-based localization systems in the literature. However, the existing comparative
studies were solely based on the results achieved from simulation. Undoubtedly, the
outcomes and analysis based on the computer simulation are crucial for the earlier
development and system assessment of many wireless location-based services and
applications. However, the simulation environment often does not represent the prag-
matic problems concerning the realistic conditions of the actual world. This motivates
the author to address the evaluation of the positioning algorithms for UWB using the
on-ground data-sets so that the outcomes can be directly matched to the pragmatic
concerns. Hence, the presented outcomes in this chapter regarding the comparative
analysis of positioning algorithms for UWB technology were solely based on experi-
mental data. This is in contrast to the simulation approaches commonly practiced in
literature. In addition, the evaluated algorithms are highly diversified compared to the
existing comparative analyses in the literature [7, 31, 81, 111, 171, 182, 227]. This im-
plies that the evaluation includes the simplest positioning algorithm (i.e., Trilateration)
up to one of the most advanced ones in the field based on statistical method (UKF).
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4.1.3 State of The Art

When localization systems in wireless communications were implemented for a specific
application, it is overwhelming for practitioners to decide the most appropriate algo-
rithm for a certain design choice as already mentioned in the previous section. In light
of this, researchers have attempted to provide comparative analyses of different wireless
positioning algorithms for GNSS-denied indoor environments. Hence, there are several
studies that conducted the performance comparison of different positioning algorithms
in literature, especially for UWB-based localization systems [7, 31, 81, 111, 182, 227].
However, the majority of research works available in the literature lack pragmatic
analysis. In fact, most of the research works available in the literature were solely based
on the data produced by computer simulations. The outcomes from the simulation
are, indeed, essential for the analysis of the behavior and effectiveness of the intended
algorithms. However, the readers are often the time left with unanswered questions
regarding the feasibility of the algorithms in real-world situations. For instance, it
can’t be identified that the best algorithm perceived in the simulation would actually
outperform the other simpler counterparts in practice.
Moreover, the realistic conditions in pragmatic problems are usually overlooked by

simplified assumptions in simulation environments. To put it in other words, many
simulations were conducted on overly simplistic assumptions. Although the simulation
study needs neither to use a complex model nor to explore every possible situation, the
impact can cause real risks in the actual implementation, if overly simplified models
are used. In some cases, the real-world scenario can not simply be modeled in the
simulation environment. Moreover, the outcomes from the simulation could be volatile
to errors during evaluation due to inevitable parameter choice by accident, which could
lead to a misleading conclusion in the report.
Besides, an unfair judgment between two completely distinct algorithms was fre-

quently performed in the simulation (e.g. Trilateration vs. EKF or particle filter as
in [31]). In practice, geometric and closed-form methods are rarely used alone in
system implementation and are typically coupled with a filter or smoother [175]. It
should also be aware that the UWB research community acknowledges the limitations
of simplifying assumptions in simulation and now shifting into the practical orientation
approach. This is possible thanks to the availability of low cost UWB hardware from
manufactures such as Qorvo UWB Business Unit (former Decawave)3, Ubisense4, and
other vendors. However, the positioning algorithms integrated into the state-of-the-art
implementation of UWB localization in practice are limited to a few specific methods.

Concerning the general position estimation algorithms for wireless communications,
an overview of indoor positioning technologies was addressed in [7]. Likewise, mathe-
matical methods for indoor positioning algorithms were discussed in [182]. However,
the location estimation algorithms were expressed in a generic way intended to be
helpful for new researchers in the field as a general guideline. In [31], a comparative
analysis of EKF, particle filter, Trilateration, and least squares approach were evaluated
in a simulation. The results showed that the particle filter has the best performance

3https://www.decawave.com/
4https://ubisense.com/
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while the EKF performed worst (especially when the target speed is increased) in most
of the conducted scenarios. The latter case could be somewhat misleading as the motion
model of EKF is, in general, expected to adapt the mobility of the target system. In
other words, different motion models should be used and updated accordingly if the
mobility of the tracking system is changed significantly in a short period of time.

Moreover, several UWB-based location estimation algorithms for both ToA- and TDoA-
based system integration were addressed in [81] and [185]. In particular, the authors
conducted five positioning methods for each ToA and TDoA namely: (i) analytical
method, (ii)least squares approach, (iii)TS-based technique, (iv) maximum likelihood
method, and (vi) genetic algorithm. However, the system setup in the simulation was
specifically designed only for a LOS scenario. This means that the resultant outcomes
from the simulation were based only on LOS condition and the NLOS situation was
completely ignored. In the authors’ simulation results, it was shown that the TS method
has been dominantly preferred in most of the evaluated conditions with minimal average
error and failure rate. The evaluation results based on real-world data verified that the
concluding remarks were very likely (Section 4.4).

4.1.4 Chapter Contributions

In contrast to the simulation approaches discussed in the previous section, this chapter
addresses the bench-marking of multiple position estimation algorithms based on
experimental real-world data. The main purpose is to provide pragmatic comparative
analyses to the practitioners in the field. Accordingly, five location estimation algorithms
of range-based ToA localization have been addressed for the GNSS-denied indoor
environments. Besides, the performance comparison was conducted based on the
final outcomes of each method implemented on the pragmatic practices, i.e., filtering
parts were accounted for in the system integration. This is in contrast to the typical
simulation-based comparative analyses of UWB localization addressed in the literature.
Figure 4.2 gave the overview of the five positioning algorithms evaluated in this chapter.
Moreover, the implementation process of the positioning algorithms for UWB local-

ization system (Section 4.3) was given in a concise and clear way so that the presented
results could easily be reproduced without the need for expert knowledge in the field.
For this purpose, the exemplary source codes applied in the implementation of each
algorithm in the chapter were made publicly available as already mentioned at the
beginning of the chapter. In fact, most of the referenced literature in the field such as
the ones given in [15, 166] provided great resources. However, they tend to provide
one-dimensional cases only with excerpt information, which lacks the detail of the
implementation process. Thus, this chapter attempts to minimize the mentioned gap
by providing concise implementations for two motion models namely Constant Velocity
(CV) and Constant Acceleration (CA) in 3D setup (see Section 4.3 for the details).

The UWB-based positioning algorithms were categorized into groups when compara-
tive studies were conducted in the literature. By doing this, the trend and direction of
the methods could be easily classified for later use-cases. Examples of such categories
include parametric vs. non-parametric [31], iterative vs. optimization-based [111,
227], and geometric-based vs. Bayesian-based approaches [182]. Following a similar
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Figure 4.2: Overview of the implementation process for the evaluated five true-range positioning
algorithms. The methods are categorized as linear systems (light green), non-linear systems based
on linearization methods (light red), and non-linear systems based on statistical techniques (light
orange). The motion model (blue) corresponds to the implementation requirements for Bayesian-
based filters (Section 4.3). The image is a modified version from our previous work in [171].

practice in the literature, the evaluated positioning algorithms presented in this chapter
are categorized into three parts: (i) linear positioning algorithms, (ii) the non-linear
approach based on linearization techniques, and (iii) the non-linear approach based on
statistical techniques as depicted in Figure 4.2.

4.2 True-range Positioning Algorithms in UWB

This section briefly presents the fundamental theory of five true-range positioning
algorithms for UWB-based localization systems addressed in this chapter (Figure 4.2).
Since the implementation of EKF and UKF are closely related to the basic understanding
of the standard Kaman Filter (KF) as well as the use-case of KF as a continuous tracker
in the linear positioning algorithms, the brief overview of the discrete KF is also tackled
in Section 4.2.4. In specific, the brief positioning algorithm regarding the Trilateration
method is given in Section 4.2.1, the closed-form Multilateration in 4.2.2, the TS
method in 4.2.3, EKF in 4.2.5, and UKF in 4.2.6 respectively.

4.2.1 Trilateration: Geometric Technique

Trilateration is the most basic and straightforward positioning algorithm in UWB-based
localization system. The method rooted from a conventional surveying approach using
the geometric technique as depicted in Figure 4.3. In literature, the term Trilateration
is interchangeably used with the true-range Multilateration method [170]. For the sake
of clarity, the mentioned two terms are separated in this dissertation. In this regard,
Trilateration specifically refers to the positioning algorithm that uses exactly three
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Anchor 1 Anchor 2

Anchor 3

Tag

Y

X

Figure 4.3: Illustration of Trilateration algorithms for positioning use-case in 2D. The image was
reproduced with slight modification from [171] (©2019 IEEE. Reprinted, with permission.).

circles (i.e., three ranges) to compute the location of an unknown mobile node (tag)
using an analytic geometry in 2D (Figure 4.3). In contrast, the Multilateration method
uses multiple ranges, i.e., starting from three ranges up to an unlimited number of
ranges in theory, for computing the location of a mobile node.

Accordingly, if we assume that the three known anchor nodes for Trilateration are A1,
A2 and A3, and their corresponding Cartesian locations in 3D are A1(0,0, 0), A2(U , 0, 0),
A3(Vx , Vy , 0) as depicted in Figure 4.3, the location of an unknown tag (T (x t , yt , zt))
can be computed as follows, i.e Pythagoras theorem [55, 170]:

d2
1 = x2

t + y2
t + z2

t (4.1a)

d2
2 = (U − x t)

2 + y2
t + z2

t (4.1b)

d2
3 = (x t − Vx )

2 +(yt − Vy )
2 + z2

t (4.1c)

where, di is the measured distance (radius of a circle or sphere) between the ith anchor
node and the tag, (x t , yt , zt) is the wanted unknown location of the tag.
Subtracting (4.1b) from (4.1a) provides

x t =
d2

1 − d2
2 + U2

2 ·U

If we extract z2
t from (4.1a) and substitute it into (4.1c), we achieve

yt =
d2

1 − d2
3 + V 2

x + V 2
y −2 · x t · Vx

2 · Vy

If we substitute the above computed x t and yt into (4.1a), it returns

zt = ±
Ç

d2
1 − x2

t − y2
t (4.2)
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Equation (4.2) shows that an ambiguous solution (i.e., ±zt) exists for the Z-axis. In
order to eliminate the undesired one and determine the valid value between the two
in 3D, the Trilateration algorithm needs the information from the fourth anchor.
In general, Trilateration algorithm encounters three major constraints: (i) the first

anchor (Anchor1 in Figure 4.3) must be on the origin of the coordinate system, i.e. the
origin of 3D in Cartesian is (0, 0,0), (ii) the second anchor (Anchor2 in Figure 4.3) must
be on the horizontal line of the X-axis, and (iii) the height of all the anchors (Z-value)
in the system must be exactly the same. Assigning different values on the height of the
anchors in the Trilateration algorithm will degrade the accuracy of the system output.
Indeed, there are several ways to overcome the above-mentioned constraints re-

garding Trilateration in an arbitrary system setup. For instance, the first constraint,
i.e., to put the Anchor1 in Figure 4.3 to the origin, can be resolved by subtracting its
coordinate values from all the available known anchors in the system including itself.
There are three anchors in total for the Trilateration method as depicted in Figure 4.3.
For the second constraint mentioned above, this can be resolved by projecting the
coordinate values of the second anchor (Anchor2 in Figure 4.3) onto the X-axis.

4.2.2 Multilateration: Closed-form Least Squares

A true-range Multilateration method, based on the Cartesian equation of a sphere, is
slightly different from the typical Multilateration (based on the hyperbolic equation),
which is widely used in TDoA-based systems [87, 126, 198, 229, 236]. The term true-
range in the former case is used to distinguish it from the pseudo-range in the latter
case and GNSS system. In this regard, true-range refers to the performance metric of
the measurement that is more or less independent of the influence of clock drift errors.
In other words, errors due to clock drifts in the ranging phase of true-range systems
are negligible. This can be accomplished, for instance, by using AltDS-TWR [130,
149] in the bidirectional UWB localization system. In both cases of the mentioned
Multilateration technique, the location of an object is determined by using multiple
ranges (measured distances) between the anchors and tag as depicted in Figure 4.4.
Theoretically, the unknown location of a tag based on the known positions of the

anchors can be determined by calculating the intersection of three circles in 2D (solid
circles in Figure 4.4) and at least four spheres in 3D. However, the unavoidable deviations
due to noise in the wireless channel corrupt the rangingmeasurement in practice (dotted
circles in Figure 4.4) as explained in Chapter 2.4 as well. The core causes of noise in
wireless channel of UWB includes the NLOS conditions, multi-path signals, hardware
limitations, etc. Due to these measurement noises, the circles rarely intersect at a
single location in practice. Rather, what we typically attain is an area of the estimated
location. In Figure 4.4, the mentioned estimated area using three circles is shown in
red color, and the areas using four circles in green. Based on the visual representation
under the assumption of constant deviation, we can conclude that the estimated area is
getting smaller if we increase the number of anchor nodes in the system (Figure 4.4).

For the demonstration purpose regarding the derivation of true-range Multilateration
algorithm (Figure 4.4) [66], we can suppose that the tag in 3D is located at position
X t = [x t , yt , zt ]

T , and the anchors (centers of spheres) are at positions X i = [x i , yi , zi ]
T ,
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Anchor 1 Anchor 2

Anchor 3Anchor 4
Tag

Figure 4.4: Illustration of positioning algorithms based on true-range Multilateration in 2D. The
image was reproduced with minor changes from [175] (©2019 IEEE. Reprinted with permission).

where i = 1, 2, ..., N are the known anchors’ IDs. Then, the generic spherical equation
for the true-range Multilateration using the measured distances between anchors and
tag (i.e., the radius of a sphere) can be written in 3D as follows (Figure 4.4):

d2
i = (x i − x t)

2 +(yi − yt)
2 +(zi − zt)

2 (4.3)
where, di is the measured distance (range) between the anchor X i and tag X t .

For the sake of simplicity, the formula derivation of the true-range Multilateration
for four anchors in 3D will be demonstrated in this section. It should be noted that the
algorithm is not restricted to four anchors. Instead, it can be expanded to any number of
anchors available in the system. That being said, the measured four distances between
four anchors and a tag using (4.3) can be written as:

d2
1 = (x1− x t)

2 +(y1− yt)
2 +(z1− zt)

2 (4.4)
d2

2 = (x2− x t)
2 +(y2− yt)

2 +(z2− zt)
2 (4.5)

d2
3 = (x3− x t)

2 +(y3− yt)
2 +(z3− zt)

2 (4.6)
d2

4 = (x4− x t)
2 +(y4− yt)

2 +(z4− zt)
2 (4.7)

Subtracting (4.4) from (4.5) and simplifying yields:

(x2− x1) · x t +(y2− y1) · yt +(z2− z1) · zt

=
1
2
· [d2

1 − d2
2 +(x2

2 + y2
2 + z2

2)− (x2
1 + y2

1 + z2
1)] (4.8)

Similarly, by subtracting (4.4) from (4.6) and (4.7), we can achieve the system of
equations in a matrix notation as:

Ax = b (4.9)
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where,

A=





x2− x1 y2− y1 z2− z1
x3− x1 y3− y1 z3− z1
x4− x1 y4− y1 z4− z1



 , x =





x t
yt
zt



 ,

b =
1
2
·





d2
1 − d2

2 +(x2
2 + y2

2 + z2
2)− (x2

1 + y2
1 + z2

1)
d2

1 − d2
3 +(x2

3 + y2
3 + z2

3)− (x2
1 + y2

1 + z2
1)

d2
1 − d2

4 +(x2
4 + y2

4 + z2
4)− (x2

1 + y2
1 + z2

1)





In this regard, it is noteworthy that the elements of the matrix A in (4.9) come from
the reference coordinates of the anchor nodes, i.e., the known coordinate values of the
system. All elements in the vector b are also known to the system, i.e., the measured
distances (ranges) and the coordinate of the anchors. Thus, the vector x is the only
unknown term in (4.9) as well as the desired value to be estimated in the system, i.e.,
the location of the interested tag device.
As a matter of fact, we can address Equation (4.9) as a least squares problem if

the square matrix AT A (e.g. in the case of more than four anchors in the system) is
invertible [195]. Theoretically, the matrix AT A becomes a singular (or) non-invertible
matrix if and only if all coordinates of the anchor nodes lie on a col-linear line (i.e.
they all lie on a single straight line) in 2D and a co-planar plane (i.e., on the same
plane) in 3D [15]. This manner can be checked easily by finding the column rank of
the matrix A, i.e., the independent column vectors of the matrix [195]. In this regard,
the column rank of the concerned matrix A should be exactly 2 for a 2D environment
and 3 for the 3D. This can be accomplished by the careful deployment of the anchor
nodes. When the required verification of the column rank is met, the estimated solution
for (4.9) can be calculated as follows [15, 66, 195]:

x = (AT A)−1AT b (4.10)

where x is the estimated coordinate of a tag device. When the number of anchors
in the system is more than three in 2D and more than 4 in 3D, the Ordinary Least
Square (OLS) method defined in (4.10) is generally considered as the over-determined
system. The term over-determined is used in the sense that there are more equations
than unknowns in the problem to be solved.

4.2.3 First-order Taylor Series: Non-linear Iterative Method

TS method can be used as a UWB-based position estimation algorithm in a 3D environ-
ment for both TDoA-based and the ToA-based systems [65, 81, 94]. In literature, the
modified version of TS method was also conducted and used as the location estimation
algorithm for TDoA wireless positioning and navigation [226].
Based again on the generic spherical equation for UWB-based positioning and navi-

gation given in Equation (4.3), a function that corresponds to the ith measured range
between the ith anchor and a tag can also be defined as [65] (Figure 4.4):

fi(x , y , z) =
Æ

(x i − x)2 +(yi − y)2 +(zi − z)2 (4.11)
= di + ϵi (i = 1,2, ..., n)
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where, ϵi is the range estimation error between a tag and the ith anchor. In this
regard, it is assumed that the errors (ϵ) are statically distributed, and its elements are
independent to each other based on zero-mean Gaussian random variables [65]. Thus,
the error covariance matrix can be written as:

R = E[ϵϵT ] = diag[σ2...σ2] (4.12)

where, σ is the range estimation error.
If we suppose that (xv , yv , zv) is an initial guess of the true tag’s location (x t , yt , zt)

of the system, we can express it in the equation as:

x t = xv +δx , yt = yv +δy , zt = zv +δz (4.13)

where, δx , δy , and δz are the location errors related to the true location of a tag to be
determined. In other words, it is the incremental error between the guess and the true
position of the mobile node or tag.
If Equation (4.11) is expanded into the TS by keeping the first-order term, it is

possible to achieve as in the following:

fi,v + ai,1 ·δx + ai,2 ·δy + ai,3 ·δz ≈ di + ϵi (4.14)

where,
fi,v = fi(xv , yv , zv), ai,1 =

∂ fi

∂ x

�

�

�

xv ,yv ,zv
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xv − x i

ri
,
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∂ fi

∂ y

�

�

�

xv ,yv ,zv
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yv − yi

ri
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∂ fi

∂ z

�

�

�

xv ,yv ,zv
=

zv − zi

ri
,

ri =
Æ

(x i − xv)2 +(yi − yv)2 +(zi − zv)2

Equation (4.14) can be written in matrix notation as

Hδ =∆d + ϵ (4.15)

where, ∆d = di − fi,v = di − ri ,

H =







a1,1 a1,2 a1,3
a2,1 a2,2 a2,3

...
an,1 an,2 an,3






, δ =





δx
δy
δz



 , ϵ =







ϵ1
ϵ2
...
ϵn







Using the covariance of measurement error (R) in (4.12) as a weight, (4.15) can be
solved using the over-determined weighted least square method [65] as:

δ = (HT R−1H)−1HT R−1∆d (4.16)

If we substitute the initial guess (xv , yv , zv) and the computed incremental error (δ)
from (4.16) to (4.13), we can achieve the location estimation (x t , yt , zt) of the tag or
mobile node by continually refining the mentioned process using iterative approach.
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In summary, positioning based on TS method starts with an initial guess. Then, it
improves the estimate at each iteration step by determining the solution of the local
linear least-squares parameters. The method is iterative because the beginning states of
the TS will encounter some errors depending on how well the initial guess constitutes
the actual ground truth. As the iteration continues, the method will eventually converge
except for a few cases where realistic initial guesses are not available. In such a scenario,
the method could take a long time to converge or fail to converge completely. However,
such scenarios hardly happen especially in UWB-based position estimation process due
to short-range environments (i.e., typically less than 100 m). Nevertheless, the realistic
initial guess should be given within the mentioned coverage range.

4.2.4 Standard Kalman Filter: Continuous Tracking Mechanism

The positioning techniques described so far (from Section 4.2.1 to 4.2.3) are suitable
for static location estimation of objects in wireless communications. The reason is
that there is no guarantee that the estimate for two consecutive events at the same
location would provide the same or nearby value in such algorithms. For instance, an
added noise in UWB measurement due to NLOS condition introduces a location error
that could cause to jump the estimated positioning data invariably. To address such a
scenario, continuous object tracking algorithms are beneficial for many applications.
KF is widely used for continuous object tracking systems since the method take

advantage of past information to predict the best estimate for the current state condition.
As a matter of fact, the filter even supports estimations of past, present, and future
states [17, 56]. In some cases, it is claimed in the literature that the filter still works
fine in a situation where the precise nature of the system model is unknown [17]. This
allows the KF to be a versatile method for many application domains including position
estimation, filtering, and smoothing of noisy data. However, a defined system model
is mandatory for the filter to be used as a location estimator for location estimation
processes addressed in this chapter. The implementation process of KF for the purpose
of location estimation is expressed in Section 4.3.3.1. In short, an appropriate motion
model of the state and measurement function is necessary for the implementation.
In this chapter, standard KF was used as a continuous tracking mechanism for loca-

tion estimation of UWB-based static algorithms as well as the data smoother for the
resultant location output from the closed-form positioning algorithms. In particular,
the standard KF is used for tracking purposes and refining process of the outcomes
from three positioning algorithms namely Trilateration (Section 4.2.1), Multilatera-
tion (Section 4.2.2) and Taylor series (Section 4.2.3). Regarding this, the measurement
function in the filter is simply the positioning outcome provided by the mentioned
static algorithm. In contrast, the EKF (Section 4.2.5) and UKF (Section 4.2.6) are used
as standalone positioning algorithms by taking the ranging equation in (4.3) as the
measurement function, i.e., a nonlinear function.
Generally speaking, the standard KF gives a recursive solution to a linear filtering

problem for estimating the state of a process governed by the difference equation and
its measurement as formulated in the following [17]:
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Figure 4.5: Illustration of Kalman Filter operation. P−k and Pk are the priori and posteriori estimate
of error covariance matrices, and Kk is the n×m matrix Kalman gain. The representation of the
concept depicted in the image was inspired by the work in [17].

xk = Axk−1 + Buk−1 +wk−1, wk ∼ N(0,Q) (4.17)

zk = H xk + vk, vk ∼ N(0, R) (4.18)

where, xk is the state vector, A is the n× n state transition matrix, uk is the input vector,
B is the n× l input control matrix, zk is the measurement vector, H is the m× n state
to measurement transition matrix, wk and vk are the process and measurement noise
respectively. Q and R are the process and measurement noise covariance respectively
and m, n, and l are the number of available measurements, state variable, and inputs.

In general, the Kalman filter estimates a process by recursively resembling two sets
of equations namely a predictor (time update) and corrector (measurement update) as
illustrated in Figure 4.5 [17, 109]. To shorten the discussion of this well-established
filter, the author would refer to the introductory theory of KF to [17, 56] for more details.
In a simple term, the filter predicts the new possible outcome based on the previous data
(i.e, the initial value if the filter is used for the first time) and process noises introduced
by the system in the time update phase (predictor). In the measurement update phase
(Corrector), the measurement data originated from the measuring device (e.g., UWB
hardware) were taken into account. Then, the Kalman gain is applied to decide which
portion of the data should be kept by taking the difference between the measured
value and the predicted value. Using the Kalman gain, it is feasible to calculate a new
predicted value of the state and its uncertainty (variance) by feeding back into the time
update phase. This process repeats continuously in each cycle as depicted in Figure 4.5
until the filter eventually converges to the desired solution.
In this dissertation, the standard KF is used for the purpose of continuous posi-

tioning (or) tracking in location estimation algorithms for linear methods which do
not have such capability naively within their standalone process. Such algorithms in-
clude Trilateration, Multilateration, and TS approach (Figure 4.2). Standard KF equip
the mentioned simple algorithms to provide the optimal solution using basic linear
arithmetic. Concurrently, standard KF acts as the output data filter for smoothing the
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outcomes of linear positioning algorithms. The implementation of standard KF for the
purpose of continuous positioning and tracking system is expressed in Section 4.3.3.1.

However, it should be noted that the standard KF assumes the processed data are in
the form of Gaussian Distribution and its estimation is based only on linear equations.
In pragmatic real-world situations, most of the conditions are in the form of non-linear
functions. This is where the EKF comes into effect for solving the non-linearity in the
system as described in Section 4.2.5.

4.2.5 Extended Kalman Filter: Recursive Positioning Technique

For solving non-linear problems, the extension of the standard KF called EKF is widely
utilized in many systems [17, 191]. The operation of EKF is very similar to standard KF
as depicted the functional diagram in Figure 4.6. In contrast to standard KF, EKF can be
achieved by linearizing the state and measurement equations using the TS expansions.
Thus, EKF can fundamentally be thought of as the combination of TS (Section 4.2.3)
and standard KF (Section 4.2.4) [17, 90]. Accordingly, the non-linear functions are
generally linearized by keeping either the first-order or the second-order of the TS
expansion. The outcome achieved by the former case is usually called the Jacobian
approximation, whereas the latter case is called the Hessian approximation.

The most crucial exception opposed to the TS is that the EKF is keeping track of the
total quantities of the state variables whereas the incremental ones are keeping track
in the TS approach [22]. However, it is possible that the performance of the EKF could
be very poor (or) could be divergent in some cases if the underlying non-linearity of
the problem is very high [191]. Principally, EKF assumes that the non-linearity of the
given problem to be solved is within the scope of the Gaussian approximation. In other
words, EKF will be likely to divergent if the process and measurement noises in the
system cannot be modeled with Gaussian approximation.
Figure 4.6 highlights the core differences between EKF and the standard KF. In

terms of application areas, there are several used cases of EKF in many fields such as

Figure 4.6: Illustration of Extended Kalman Filter Operation. The representation of the concept
depicted in the image was inspired by the work in [17].

93



4 Benchmarking Position Estimation Algorithms for UWB Localization

nonlinear state estimation, nonlinear dynamic systems, machine learning, etc [162,
186, 206]. Importantly, the EKF was also one of the primary position estimation
algorithms in wireless localization systems [21, 22, 23, 26, 112, 198, 229, 230]. The
main reason is that EKF is capable of serving as a standalone positioning algorithm with
tracking capability based on past information. Thus, EKF was applied as the standalone
positioning method for bidirectional UWB-based localization system in this chapter.

4.2.6 Unscented Kalman Filter: Statistical Positioning Method

The EKF expressed in the previous section was one of the most widely used estimation
algorithms for nonlinear systems since its first use-case at the Apollo space mission
in 1962 [155]. However, EKF tends to be difficult when implementing and tuning in
practice due to the need of linearization based on Jacobian (or) Hessian [107]. It is
mostly suitable for a system with easy to differentiate nonlinear functions. The UKF
was developed with the intention of overcoming the mentioned difficulties encountered
by the EKF using a statistical transformation called Unscented Transform [106, 108].
The Unscented Transform (UT) is a method to propagate the mean and covariance of
the information in a system through nonlinear transformations. It has been proved that
the UKF is more robust compared to EKF in terms of accuracy and ease of implementa-
tion while maintaining the same order of computing complexity [106, 107, 206]. The
original paper of UKF can be found in [106].

In short, the UKF addresses the nonlinear problem using the so-called sigma points,
which are deterministic sample points carefully chosen for the transformation [106,
206]. The transformed method is known as the unscented transformation. There
are two steps in UKF. The first step involves the determination of the sigma points.
The second step involves the update of errors related to the state and measurement
functions similar to the standard KF and EKF. For the former case, it is supposed that a
random variable x is propagated through a nonlinear function with a known mean x̂
and covariance Px , which can be formulated as follow:

y = g(x) (4.19)

The sigma points for (4.19) is determined in UKF as σ = 2n+ 1, where σ is the
dimension of the state [230]. From there, the mean related to the vector of sigma points
X i and its corresponding weight Wi can be formulated. Hence, the approximation of
the mean of sigma points using UT yields:

X i =







x̄ , when i = 0

x̄ +(
Æ

(n+λ)Px )i , when i = 1, 2, ..., n
x̄ − (
Æ

(n+λ)Px )i , when i = n+ 1, n+ 2, ..., 2n

(4.20)

where X i is the sigma vectors of 2n+ 1 in which n is the dimension of the state, λ is
the scaling parameter which is defined as λ = α2(n+ κ)− n. α specifies the sigma
points spreading around the mean x̄ which is usually set to a small positive value in
practice (e.g. 1e−3). Additionally, κ is a secondary scaling parameter in addition to α
and this κ value is usually set to zero in practical implementation.
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The parameters for the weight correspond to two kinds, namely the weight related
to the mean (W (m)

i ) and the weight related to the covariance (W (c)
i ). The said two

weighted for UKF can be defined as follows:

W (m)
i =

¨

λ
n+λ , when i = 0

1
2(n+λ) , when i = 1,2, ..., 2n

(4.21)

W (c)
i =

¨

λ
n+λ +(1−α2 +β), when i = 0

1
2(n+λ) , when i = 1,2, ..., 2n

(4.22)

where β corresponds to the prior knowledge of the distribution of the input random
signal, which optimal value is β = 2 for Gaussian distribution [206]. The impor-
tant characteristic to note here is that the normalized sum of the two mentioned
weights (W (m)

i and W (c)
i ) should be 1.

Based on the above-mentioned sigma points, the approximation of the nonlinear
function can be computed as:

Yi = g(X i) where i = 0,1, ..., 2n (4.23)

The posterior sigma points for the weighted sample mean and covariance are:

ȳ ≈
2n
∑

i=0

W (m)
i Yi (4.24)

Py ≈
2n
∑

i=0

W (c)
i (Yi − ȳ)(Yi − ȳ)T (4.25)

The conceptual approximation process of the UT for the UKF is depicted in Figure 4.7,
in which it is compared with the process applied in EKF. In a nutshell, the rest of

Figure 4.7: Conceptual illustration of the EKF (upper row) and the UKF (lower row) regarding the
approximation over the nonlinear functions. The blue circles represent the actual transformation.
The image was inspired by the work in [206] and it was modified from it.
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the UKF operation is very similar to the EKF, apart from the approximation process of
the nonlinear function with UT. Thus, it is also assumed in UKF that the distribution of
the state and measurement functions are Gaussian Random Variable (GRV) akin to EKF.
For a better understanding of the theory and applications of UKF other than position
estimation purposes, the author would refer to the works in [107, 206]. The practical
use-cases of UKF for wireless positioning system including the integration process for
the UWB-based localization system was addressed in detail at the works in [74, 230].
In general, the algorithm of UKF can be accomplished in the following steps. For

brevity, the procedure was outlined without giving any mathematical equations and
the details can be found in [74, 206].

1. Select the sets of sigma points (X i) and their corresponding weights (W (m)
i and

W (c)
i ) for 0≤ i ≤ 2n+1 using (4.20), (4.21), and (4.22) based on the dimension

of the system. If the state function is linear, the sigma point calculation can be
skipped and use the linear model directly.

2. Calculate the time update state of UKF
3. Compute the Kalman gain for the UKF operation
4. Compute the predicted measurement mean and covariance of UKF
In summary, the general advantage of UKF over the EKF is in cases, where non-linear

functions cannot be easily differentiated analytically by a method such as Jacobian or
Hessian. In such particular cases, UKF is effective to propagate the nonlinear functions
through its sigma point transformation since no analytical differentiation are necessary.
However, the two methods gave comparable results for the use-case of UWB localization,
where the nonlinear function is differentiable, as discussed in Section 4.4.

4.3 Implementation of Bayesian-based Filters for IPS

The bidirectional UWB localization system under investigation in this dissertation is
assumed as a state-space model. In this regard, it is assumed that the target motion of
the system and its measurements can be represented with some known mathematical
models. In general, there are two models to represent a dynamic system in the state-
space approach. The first model concerns about the evolution of the state with respect
to time, which is typically called the dynamic or system model. The second model deals
with the noisy measurement that relates its observation to the state of the system, which
is typically called as a measurement model. In this dissertation, it is assumed that the
mentioned noisy measurement data from the UWB localization system are available at
a discrete time. Specifically, the measurement update rate of 10 Hz was used in all the
presented evaluation results given in this dissertation (i.e., the discrete-time system as
opposed to the continuous-time). The reason for using this update rate is that the UWB
hardware used in the evaluations, which is manufactured by Decawave (Qorvo), is
capable of extracting data at this rate in real-time.

The state model is one of the key discriminators for whether the filter would be used as
a location estimation algorithm or other filtering processes in various applications. Based
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Figure 4.8: Highlight of the motion model commonly used in all position estimation algorithms

on the concerned problem, the state and measurement models could be either linear
or nonlinear. As already specified in Equation (4.3) (Section 4.2.2), the measurement
function of the ranging phase in UWB system is expressed in a quadratic equation.
Therefore, the measurements in UWB-based localization systems are generally in the
form of a non-linear function. However, the state function can be defined as linear
mathematical equations based on Newton’s law of motion. Indeed, the linear model
for the state function is a common practice in point-based wireless navigation and
positioning such as UWB, GNSS, etc [230]. The point-based system refers to modeling
the moving targets as a point object without any shapes in location-based services such
as target tracking, navigation, and localization [166]. KF is one example of among
other available point-based localization schemes based on the state-space approach.
This section focuses on the maneuver/motion models (Section 4.3.1) used in the

state-space model as well as its measurement concerns (Section 4.3.2). Accordingly, the
concrete implementation process of the standard KF was discussed in Section 4.3.3.1,
followed by the implementation of EKF in Section 4.3.3.2, and UKF in Section 4.3.3.3.

4.3.1 Dynamic or Motion Model for UWB Localization

A motion model relates the dynamic behavior of the system between measurements and
the localization algorithms. As depicted in Figure 4.8, the motion model is a common
block for all the location estimation algorithms evaluated in this dissertation. It is worth
noting that localization systems can indeed be integrated without the need to use the
state model (for instance, by using PF) [80]. Though, the use of motion models in
wireless object tracking and navigation system generally provides better performance
compared to the model-less approaches if the underlying model is designed to effectively
represent the state [121]. This signifies that the right choice of motion model is crucial
in some system implementations of UWB-based localization.
In multidimensional systems, e.g., in 3D Cartesian coordinate, the motion of an

object along the x direction is theoretically independent of its motion along the Y and
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Z directions. Thus, the motion model can be divided separately into three independent
dimensions in 3D. This means, in principle, the motion of an object in the horizontal
direction (e.g. in 2D) is unrelated to the motion in the vertical direction, and vice versa.
For instance in 3Ds, the motion of an object in all three-dimensional directions can be
computed by examining and combining each three one-dimensional axes separately.

In this regard, the most commonly used motion models for wireless positioning and
navigation systems (i.e., UWB, GNSS, etc.) are the CV and CA motion models. In CV
and CV models, the general assumption is that the derivatives of the position in the
second-order (i.e, velocity) and the third-order (i.e., acceleration) terms are not zero,
but a random process with zero-mean. By all means, there exist several other kinematic
models in literature based on the behavior of maneuvers. For a comprehensive list of
the motion models for the dynamic systems including the positioning and navigation
use-cases, a great survey can be found in [166]. However, the author would stress out
that many practical applications in target tracking and navigation systems for UWB as
well as in other wireless positioning approaches rarely use the other models available
in literature due to the increased complexity in implementation while the performance
improvement is not significant compared to the CV and CA.
For the sake of approval, the evaluation of four motion models specifically for flight

navigation was conducted in [121]. The experimental results based on real-world data
show that CA motion model performed the best in a high dynamic maneuver scenario
whereas the CV (or) decoupled state motion model provided reliably good outcomes in
all test conditions, i.e., taking off, straight and level, dynamic maneuver, and landing
phases of the flight. CV motion model was also examined in many application areas
of positioning and navigation in conjunction with location estimation algorithms. To
mention them a few, CV was chosen as a motion model for PF-based location estimation
in [83], for the EKF-based position estimator in [213], and it integrated with the
standard KF for smoothing the output location data in [175]. Similarly, CA model was
also the common choice for many wireless positioning and navigation systems [198,
230] as well as in sensor fusion system [75]. Therefore, the CV and CA motion models
are addressed within the context of UWB localization in the coming next two subsections.
In short, the motion model corresponds to two matrices in the implementation of the
Bayesian-based state-space model namely the state or dynamic model of the system
and its corresponding process noise.

4.3.1.1 Constant Velocity Motion Model

Based on the Newtonian kinematic equation, we can express our 3D physical word, i.e.,
Cartesian Coordinate system, with its 3D position, velocity, acceleration vectors [224].
Concerning this, the location of a moving object to be examined in a system is usually
assumed as a point-based target/tag (i.e., the estimated location is based on the center
of the object). For such a point-based localization system, the state vector can be
expressed in many ways. Among different available models, two widely used state
vector implementation styles were concretely discussed in this section. Though the
mentioned two state vectors are identical, the different implementation processes
for the same information in literature could be confusing to the practitioners and
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researchers who are new to this research field. The reason is that the order of the state
vector defines slight implementation changes in the structure of the transition matrix,
that relates the measurement and the state, as well as the matrices concerning the
process and measurement noises.

A motion model for moving objects can generally be classified into two types namely
maneuver and non-maneuver models [166]. The CV model addressed in this section can
usually be put under the former category based on how the process noise is processed
(for instance, it is assumed as white Gaussian noise). In contrast, the CA motion model
addressed in Section 4.3.1.2 is one of the widely used models in the latter case. In
literature, CV is also called as the uniform motion model, Position-Velocity (PV) model,
and white-noise acceleration model.

In general, the order of a state vector in a state-space system at Cartesian coordinate
regarding the CV model can be written as either xk = [x ẋ y ẏ z ż]T or xk = [x y z ẋ ẏ ż]T .
Here, [x y z] is the vector related to the position of the moving target (i.e. a tag in UWB
localization) whereas [ ẋ ẏ ż] is its corresponding velocity vector. Referring back to
the state-space model for Kalman-based filters in Section 4.2.4, the dynamic state
model implies the matrices A and the process noise Q. In some literature, the focus of
the location estimation on the state vector is usually addressed on the 2D Cartesian
coordinate. This means the velocity part for the Z-direction is omitted [166]. For the
sake of clarity, the velocities for all three directions are addressed in this chapter.

For the state vector xk = [x ẋ y ẏ z ż]T , the corresponding state-space model can be
described in a discrete-time system as [15]:

xk = Axk−1 + Γwk−1 (4.26)

where wk−1 is a zero-mean white random or Gaussian noise. For simplicity, we first
assume a single coordinate case (i.e., the multi-coordinate system follows subsequently).
The transition matrix for (4.26) in a single coordinate is:

A=

�

1 T
0 1

�

The vector gain that multiplies the scalar process noise wk−1 becomes [15]:

Γ =

�

1
2 T2

T

�

The covariance of the process noise for a single coordinate Q is:

Q = E[Γwk−1wk−1Γ
T ] = Γσ2

wΓ
T =

�1
4 T4 1

2 T3

1
2 T3 T2

�

σ2
w (4.27)

σ2
w is the variance of the process noise in a single dimension, which is scalar. In CV

model given above, it is assumed that the changes in the velocity over a discrete time
interval (i.e., the value of σwT , are smaller than the actual velocity of the system.

For multidimensional or 3D, the motion model for the state-space can be written as:

xk = diag[Acv , Acv , Acv ]xk−1 +wk−1 (4.28)
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Q = diag[σ2
wxQ̇cv ,σ2

wyQ̇cv ,σ2
wzQ̇cv ] (4.29)

where,

Acv =

�

1 T
0 1

�

, Qcv =

�1
4 T4 1

2 T3

1
2 T3 T2

�

, wk−1 =





wx
w y
wz





From the above equations, wk is the discrete-time white Gaussian noise sequence,
T is the sampling interval or system update rate in many practical applications, and
σ2(w) is the variance of the process noise. One of the core ideas to model the process
noise in motion model as a random process is that it is unrealistic to assume that there
are no disturbances in the system. Therefore, it is assumed that the random process
is able to approximate the real-world system in discrete time if the right interval can
be set. For the sake of completeness and clarity, the full matrices for state or dynamic
model for CV and its corresponding covariance of the noise term can be described as:

A=















1 T 0 0 0 0
0 1 0 0 0 0
0 0 1 T 0 0
0 0 0 1 0 0
0 0 0 0 1 T
0 0 0 0 0 1















, Q =

















1
4 T4 1

2 T3 0 0 0 0
1
2 T3 T2 0 0 0 0
0 0 1

4 T4 1
2 T3 0 0

0 0 1
2 T3 T2 0 0

0 0 0 0 1
4 T4 1

2 T3

0 0 0 0 T1
2 T3 T2

















σ2
w

Here, it is assumed that the variances σ2
w of the process noise Q are in a scalar. The

core significant feature within the matrices is that the parametric values regarding the
motion model are ordered as blocks of data in the main diagonal of the matrices.

Alternatively, the matrices related to the state (dynamic) model and its corresponding
covariance of the noise term for the CV become as in the following, if the state vector
is organized as in the order of xk = [x y z ẋ ẏ ż]T .

A=















1 0 0 T 0 0
0 1 0 0 T 0
0 0 1 0 0 T
0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1















, Q =

















1
4 T4 0 0 1

2 T3 0 0
0 1

4 T4 0 0 1
2 T3 0

0 0 1
4 T4 0 0 1

2 T3

1
2 T3 0 0 T2 0 0
0 1

2 T3 0 0 T2 0
0 0 1

2 T3 0 0 T2

















σ2
w

In summary, the final outcomes of the individual parameters in the state vector will
be identical for both implementation styles presented in this section. The former one
based on the state vector of xk = [x ẋ y ẏ z ż]T deals with the computation of block
diagonal matrices (i.e., blocks of values are presented on the diagonal of a matrix, which
is different but similar to a single main diagonal line in typical matrix representation).
On the other hand, the latter mainly deals with symmetric matrices, especially on the
covariance of processes noise. Personally, the author prefers the implementation style
of the latter. Therefore, the forthcoming sections in this chapter are based on the later
state vector ordering approach specifically xk = [x y z ẋ ẏ ż]T .
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4.3.1.2 Constant Acceleration Motion Model

In CA motion model, it is assumed that the acceleration, which is typically a white
noise process if nothing is explicitly defined, is nearly constant and it is an indepen-
dent process between two-time intervals in a discrete system. Similar to the CV in
Section 4.3.1.1, the state vector of CA model add the acceleration terms in addition to
the position and velocity terms. More precisely, the state vector of CV model includes
the position, its corresponding velocity and acceleration, which can be represented as
xk = [x y z ẋ ẏ ż ẍ ÿ z̈]T . In simple terms, the velocity is the derivative of the position,
and the acceleration is the derivative of its velocity term. Therefore, the CA model
is also commonly called in literature as a Wiener-sequence acceleration model or a
discrete-time Wiener-process model [166].
Similar to the CV model discussed in Section 4.3.1.1, the matrices related to the

state mode (A) and covariance of process noise (Q) regarding CA model for a single
coordinate can be represented as follows [15]:

A=





1 T 1
2 T2

0 1 T
0 0 1



 , Γ =





1
2 T2

T
1



 , Q = Γσ2
wΓ

T =





1
4 T4 1

2 T3 1
2 T2

1
2 T3 T2 T
1
2 T2 T 1



σ2
w

For multidimensional system with the state vector as xk = [x y z ẋ ẏ ż ẍ ÿ z̈]T , the
dynamic model (A) and its corresponding process noise (Q) are:

A=



























1 0 0 T 0 0 1
2 T2 0 0

0 1 0 0 T 0 0 1
2 T2 0

0 0 1 0 0 T 0 0 1
2 T2

0 0 0 1 0 0 T 0 0
0 0 0 0 1 0 0 T 0
0 0 0 0 0 1 0 0 T
0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 0 1



























(4.30)

Q =





























1
4 T4 0 0 1

2 T3 0 0 1
2 T2 0 0

0 1
4 T4 0 0 1

2 T3 0 0 1
2 T2 0

0 0 1
4 T4 0 0 1

2 T3 0 0 1
2 T2

1
2 T3 0 0 T2 0 0 T 0 0
0 1

2 T3 0 0 T2 0 0 T 0
0 0 1

2 T3 0 0 T2 0 0 T
1
2 T2 0 0 T 0 0 1 0 0
0 1

2 T2 0 0 T 0 0 1 0
0 0 1

2 T2 0 0 T 0 0 1





























σ2
w (4.31)

In summary, the two motion models (i.e., CV and CA) addressed in this dissertation
are simple, and yet very powerful kinematic models for many applications in navigation
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and tracking-based localization systems. Moreover, the two models are mathematically
traceable and they are the most commonly used dynamic model in diverse fields of
academic and industrial application areas compared to other available motion models
in literature [15, 166]. Compared to CV, CA model covers both the velocity and
acceleration of the motion of the system under investigation. Therefore, CA motion
model is usually regarded as the preferred model in many use-cases. The results from
both models are addressed in this dissertation. Though, CA model will be used as the
default for presenting results in this chapter if nothing is stated explicitly.

4.3.2 Measurement Model for UWB Localization

In Bayesian-based state-space systems specifically in Kalman-based approaches, the
measurement model is mainly associated with the transition matrix (i.e., H in Kalman
filter operation) that relates to the measurement and the system state vector as well
as the measurement noise matrix (i.e., R). Based on the measurable input data for
the mentioned state-space approach, the measurement model for a system under
investigation differs significantly in wireless localization. Two forms of measurement
model were applied in the evaluation results of UWB localization systems presented in
this dissertation. The first measurement model concerns smoothing the outcomes, in
which the inputs to the state-space model are already location data with a few noises in
it. Themain goal here is to smooth the noisy data to get better location estimation results
typically in real-time at 3D. The second measurement model is related to estimating
the location of unknown tags from the ranging data between anchors and tag in UWB
localization. In this case, the measured inputs for the state-space model are the ranging
data, i.e., the distances achieved from the UWB hardware, as opposed to the estimated
positioning data in the first model. The measurement model designed particularly
for a smoothing filter is simple to implement and yet relatively effective in practice.
Regarding this, the complete integration of the measurement model, as well as its
corresponding motion model for smoothing purposes, is addressed in Section 4.3.3.1.
To be specific, the standard KF applied in this dissertation falls under the first cate-

gory (i.e. smoothing the measurement noise). This refers that the location estimation
data fed into the standard KF were, indeed, the estimated location data with their
position x , y ,and z resulted from three evaluated algorithms namely Trilateration,
Multilateration, and TS techniques. In this particular situation, standard KF is used to
smooth out the outcomes from the above-mentioned algorithms as the final outputs for
the system under investigation. To put it in simple terms, the standard KF was used
as a smoothing filter for the Trilateration, Multilateration, and TS-based positioning
algorithms, in which the mentioned methods already provide their estimated location
data (i.e., x , y ,and z in Cartesian coordinate).
By contrast, the EKF and UKF applied in this dissertation fall under the second

category, which is a range-based measurement model. As such, the raw UWB ranging
measurements, i.e., measured distances between tag and anchors, are used to get
the location of the tag by using EKF and UKF as the standalone UWB positioning
algorithms in this dissertation. In this case, a single algorithm acts not only as the
position method but also as the task of filtering in one shot. This is also one of the
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reasons why non-linear positioning algorithms such as EKF, UKF and PF are very
popular for localization purposes. The complete integration of such a system for EKF is
addressed in Section 4.3.3.2 and UKF in Section 4.3.3.3.
In summary, the measurement model needs to adapt the state vector of the system

in order to apply it correctly in the applications. As it has already been shown in
the previous sections, the arrangement of the elements in the state vector affects the
matrices for the dynamic model and its corresponding process noises. The same is true
for the measurement model as explained in the forthcoming subsections.

4.3.3 Integration of the Dynamic and Measurement Models

In the state-space approach, the motion model, the measurement model, and the
location estimation algorithm are tied together. In other words, the target motion
model needs to work jointly with both the location estimation algorithms and the
measurement model. For the sake of a complete picture, this section addresses the
implementation of the said joint motion and measurement models as well as the position
algorithms for each of the evaluated techniques described in this dissertation.

4.3.3.1 Implementation of Standard KF for UWB Localization Systems

As already mentioned, the standard KF is used to smooth the location outputs achieved
from three positioning algorithms namely Trilateration, Multilateration and TSmethods.
In fact, there are two advantages by using standard KF on top of the mentioned location
estimation algorithms. Firstly, the filter lets the said localization algorithm the ability to
provide a continuous location information provider. Secondly, the standard KF also acts
as the smoothing filter in such a scenario so that the noisy outcomes resulting from the
algorithms are smoothed out. For instance, the output of static algorithms could jump
around even if the actual device is not moving at all in case there are measurement
errors due to NLOS condition. In such a situation, the standard KF on top of the static
algorithm smoothed out the noise to produce stable and reliable estimations. The
high-level overview of the standard KF implementation is illustrated in Figure 4.9. Note
that the input of the filter is a location data (e.g., x , y ,and z in Cartesian coordinate)
as opposed to EKF and UKF. Additionally, it is noteworthy that the control input of
standard KF is usually omitted in practices, especially in the tracking scenario.

Figure 4.9: High-level overview of standard KF implementation for continuous tracking mecha-
nism in UWB-based localization. The input of the KF filter is location data.
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For a kinematic motion model of the state in standard KF, both a CV [15, 22],
a.k.a Position Velocity model and CA, a.k.a Position-Velocity-Acceleration, are applied
for the implementation in this dissertation. In specific, the same motion model (i.e.,
either CV or CA) were applied for all Kalman-based filters (i.e., standard KF, EKF
and UKF) evaluated in this chapter. For the sake of brevity, the author will discuss
the implementation process of the CA in this section, in which the process of CV has
been more or less covered as well. Besides, the detailed implementation of CV model
for UWB localization has been already addressed in our previous works in [171, 175].
As already mentioned in the earlier section, there are, indeed, several other target

tracking motion models in literature based on the system requirements [166]. However,
the CV and CA models are simple to implement, mathematically traceable, easy in
spotting implementation errors, and most prominently, satisfy the necessity of many
use-cases in UWB localization. Exemplary case studies were given in this chapter based
on the data gathered from Cognitive Interaction Tracking (CITrack) [119] lab and the
sport hall (see the results in Section 4.4).

For the sake of a clearer complete picture, the author would like to refrain from a few
matrices already explained in the earlier sections once again for the implementation
of the standard KF. The common part of all systems due to the uniform motion model
applied in the algorithms, e.g., the matrices related to the state and its process noise
covariance, will not be repeated again in the upcoming implementation of EKF and UKF.
Hence, the necessary parameters of standard KF for UWB-localization can be expressed
as in the following. The mentioned parameters are: the state vector (x), state transition
matrix (A), measurement-to-state transition matrix (H), covariance of the process noise
(Q), and covariance of the measurement noise (R) as defined below [15, 166]:

xk =
�

x y z ẋ ẏ ż ẍ ÿ z̈
�T

, R = diag(
�

σ2
vx σ2

v y σ2
vz

�

)
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0 0 1

2 T2 0 0 T 0 0 1
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H =





1 0 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0 0
0 0 1 0 0 0 0 0 0





where x , y and z are the position coordinates of the state in 3D, ẋ , ẏ and ż are their
corresponding velocities (derivation of the position), ẍ , ÿ and z̈ are their corresponding
acceleration (derivation of the velocity), and T is the update rate of the system, which
is expected to be quite small so that the changes in acceleration over this interval could
be assumed as a constant (or) approximately constant [15].
For reference, the evaluation results given in this dissertation are based on the

subsequent values during the data measurement processes. The system update rate (T)
was 10 Hz, σ2

w in the process noise (Q) was 0.01 (i.e., this particular value was based
on the manufacturer’s precision rate of the UWB hardware used in the evaluation
which is DWM1000 module from Decawave (Qorvo) [44]), and [σ2

vx ,σ2
v y ,σ2

vz ] in the
measurement noise (R) was [0.015, 0.015,0.025] (i.e., this particular value was drawn
from our prior experimental measurement results).

4.3.3.2 Implementation of EKF for UWB Localization Systems

In this chapter, the EKF and UKF were used as a standalone positioning algorithm
as well as the mechanism for continuous tracking and navigation of objects in UWB
localization. Compared to the implementation of standard KF in Section 4.3.3.1, the
core difference is that the input to the filter of EKF and UKF are the unprocessed
ranging data as opposed to the processed position (or) location data in the former
case. Figure 4.10 illustrates the high-level overview of the mentioned EKF and UKF
implementation for the use-case of UWB localization systems. Note that the input of
the filter is a ranging data as opposed to positioning data in standard KF. This implies
that the filter also acts as a positioning algorithm. Similar to standard KF given above,
the control input is usually omitted in practices.
It is noteworthy that the state model of the system still remains unchanged for

both the linear and nonlinear location estimation algorithms addressed in this thesis.
The reason is that the non-linearity in the context of UWB-based localization system
occurred only in the measurement (i.e, based on the quadratic Equation (4.11)). In
terms of the state-space model, the mentioned equation falls under the category of

Figure 4.10: High level overview of nonlinear Bayesian-based filters (EKF and UKF) implemen-
tation for UWB-based localization. The input of the filter is a ranging data as opposed to the
location data in standard KF.
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measurement function. Therefore, the state or dynamic model is still the same for
both linear and non-linear across all evaluated algorithms. In fact, the assumed linear
endeavor model is directly related to Newton’s second law of motion. Accordingly, the
mentioned assumption is, indeed, in-line with the conventional wireless tracking and
navigation scenarios widely practiced in several applications [15, 22]. Therefore, the
state model defined in Section 4.3.1 were applied as before for both EKF and UKF
without any modification. This shows that the state transition matrix (A) and covariance
of the process noise (Q) related to the state are exactly the same as in the standard KF
implementation (see Section 4.3.3.1). For the sake of brevity, this section addresses
the implementation of the measurement model for EKF omitting the state model part.

Therefore, the observation vector (z) of the measurement update phase for the EKF
as a standalone positioning algorithm in the state-space model can be written as [223]:

zi,k = [d1,k d2,k ... dn,k]
T (4.32)

where, di,k denotes the measured range (or) distance between a tag and the ith anchor
at the current estimation time zk. i = 1,2, ..., n indicates the number of anchor nodes
that have range/distance information with the targeted tag.
Referring back to the nonlinear range Equation (4.11), the measurement function

for EKF can be expressed as h( x̂k/k−1).h( x̂k/k−1) is simply the measured distances
between the tag and ith anchors at the estimation time tk, which we can be defined as:

h( x̂k/k−1) = [ f1(t, A1) f2(t, A2) ... fn(t, An)]
T (4.33)

where, fi(t, Ai) =
Æ

(x i − x t)2 +(yi − yt)2 +(zi − zt)2

Assuming that the applied state model is CA, the Jacobian matrix (Hk) for EKF (i.e.,
the approximation of first-order Taylor series) can be derived as:

Hk =









x t − x1

f1(t, A1)

yt − y1

f1(t, A1)

zt − z1

f1(t, A1)
0 0 0 0 0 0

... ... ... ... ... ... ... ... ...
x t − xn

fn(t, An)

yt − yn

fn(t, An)

zt − zn

fn(t, An)
0 0 0 0 0 0









Similarly, the error covariance matrix (Rk) for the measurement function concerning
the EKF can be achieved as follow:

Rk = diag([σ2
1,k σ2

2,k ... σ2
n,k]) (4.34)

In the author’s implementation, i.e., based on four anchors in the system setup, the val-
ues used for the error covariancematrix Rk are (diag([0.0016,0.0014, 0.0014,0.0014])).
These values came from the prior experimental evaluation results conducted in the
intended application environments. To achieve the best performance for a certain
deployment, the mentioned value may need to adapt or tune a bit upon the hardware
setups and its intended scenarios other than the one provided in this dissertation.
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4.3.3.3 Implementation UKF for UWB Localization Systems

From the high-level point of view, the implementation process of UKF for the use-case
of UWB localization system is quite similar to EKF as described in Figure 4.10. The main
difference between the EKF and UKF lies in how the non-linearity of a given system
is handled. As already mentioned in Section 4.2, EKF uses either Jacobian or Hessen
approximation to linearize the nonlinear functions whereas the UKF uses the sigma
points (Section 4.2.6). From the perspective of UWB localization system, the nonlinear
function occurs only at the measurement function due to the ranging equation defined
in Equation (4.11). Therefore, the dynamic state function for UKF is again linear
similar to EKF and the standard KF implementation. Consequently, the same motion
model (Section 4.3.1) is usable for the UKF as well. Hence, the unscented transform
(Section 4.2.6) using sigma points was applied only to the measurement model. In
other words, the nonlinear function due to Equation (4.11) for UWB localization system
was approximated by using sigma points in UKF implementation.

In the evaluation results presented in this chapter, the error covariance matrix (Rk)
regarding the measurement noise for UKF was exactly the same for the one used in EKF
due to the nonlinear Equation (4.34) (Section 4.3.3.2). Again, the mentioned value
was extracted from prior measurement results. In UKF, the spread of the sigma points
around the mean value of the state is controlled by the scaling parameter composed of
α and κ (Section 4.2.6). In our implementation, the α value is set to 0.001, whereas
the value of κ is assumed to be zero. In addition, the parameter related to the prior
knowledge of the distribution in UKF (β) was chosen as 2, which is the standard choice
for a non-linear system with Gaussian distribution [206].
For uniformity and consistency, the initial estimated locations for all the Bayesian-

based filters examined in this chapter were set to (2, 1.5,2) in the Cartesian coordinate.
Though any arbitrary realistic position can be chosen for the initial condition, the
convergence of the filter may suffer if implausible values are used.

4.4 Comparative Experimental Evaluation Results

In this section, the comparative analyses of five true-range position algorithms were eval-
uated in different scenarios and their corresponding results are reported. Specifically,
performance comparisons conducted at three scenarios at two different locations were
analyzed using the actual experimental data from the ground. The mentioned three
scenarios were: a static condition (Section 4.4.2), a LOS situation (Section 4.4.3), and
a NLOS scenario (Section 4.4.4). Moreover, the qualitative and computation complexity
of the analyzed five algorithms were addressed in Section 4.4.5.

For the reproducible results and uniform process across the algorithms presented in
this chapter, the outcomes described in this chapter were implemented on Matlab from
Mathworks. The required data and Matlab scripts applied in the evaluation were also
provided as an open source in the public domain as already mentioned at the beginning
of the chapter. For the implementation of the EKF and UKF, the "state estimation library
of the control system toolbox” from Matlab is used as a dependency for the sake of
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simpler reproducible results. The rest of the source codes are self-implemented in-
house at Cognitronics and Sensor Systems research group, CITEC, Bielefeld University.
The experimental data were collected by using the UWB hardware manufactured by
Decawave (https://www.decawave.com/), which is now become part of Qorvo.

4.4.1 Experimental Setup

The data collections of the measurements were conducted at two separate locations in
order to evaluate small-scale and large-scale scenarios for the demonstration of practical
use-case in UWB localization. Figure 4.11 depicted the mentioned two environments
which were in the CITrack laboratory [119] and at the university’s indoor sports hall.
Two ground truth references were applied during the data collection for the mentioned
two scenarios. In CITrack (left bounding box in Figure 4.11), the integration and
evaluation of current tracking technologies in a controlled environment of 6x6x3.7
m can be evaluated in real-time. The Vicon’s motion capturing system, which has an
accuracy of millimeter range, was also integrated into CITrack. Therefore, the Vicon
system in the CITrack was utilized as the ground truth reference for evaluations made
in CITrack lab., which are denoted as the small-scale scenario in this dissertation.
Regarding the ground truth reference for system evaluation in sport hall, there exist
several designated lines (see right bounding box in Figure 4.11), which are dedicated
for a specific sport category such as badminton, volleyball, etc. We used those lines as
the ground truth reference to present the evaluation results, i.e., the measurements
were conducted by following those lines during the data collection process.

In the experiment, we used the commercially available TREK1000 system [47] from
Decawave (now Qorvo) as an UWB hardware for collecting the measurement data.

Figure 4.11: Set-up for the experimental evaluations conducted at the laboratory environment
in CITrack [119] and University’s indoor sport hall arena.
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Four anchors, in total, were utilized during the data collection process and deployed
in the four corners of each test environment, which were conducted at CITrack and
sport hall (see Figure 4.11). For the sake of convenience, the measurement data of a
single tag was recorded in the course of the data collection process to demonstrate
the UWB-based tracking and navigation. The four measured ranges between every four
anchors and the tag were logged during the measurements. This makes sure that the
same ranging data was applied consistently to each algorithm in order to compare their
performance. The mentioned logged ranging data were fed into each of the evaluated
location estimation algorithms in the post-processing phase using Matlab. As already
mentioned, the logged ranging data and its corresponding source code (Matlab scripts)
were given as an open source for the purpose of result verification and further work.

Regarding the Vicon system as a reference in the small-scale scenario at CITrack
Lab., it was necessary to transform the two separate systems (Vicon vs. UWB) into the
common frame in order to quantify the measurement results. To accomplish this, the
point cloud registration method Iterative Closest Point (ICP) algorithm was applied for
registering the data between two systems. For the qualitative score of the performance
comparison, RMSE value was used in the evaluation.

4.4.2 Performance Comparison based upon a Static Scenario

The scatter plot in Figure 4.12 demonstrated the visual representation of the perfor-
mance comparison among five positioning algorithms at a static scenario in 2D. The
static refers to the situation where the mobile tag was not moving and stayed stationary
in the course of the whole data collection process. For better visualization, the refer-
ence location of the stationary tag was shifted to the origin of the coordinate (i.e., at
0,0). In this static scenario, it was observed that the precision of all the evaluated five
location estimation algorithms were under 10cm (Figure 4.12). In terms of accuracy,
the results showed that the RMSE was less than 0.1cm in reference to the Vicon system
(Figure 4.12). More qualitative results using RMSE as the quantifying score for both CA
and CV motion models were discussed in Section 4.4.5.
It was remarkable to see in the evaluation results that both EKF and UKF had

comparable performances. Specifically in this particular evaluation data, the distinction
between the two algorithms cannot be clearly identified and their difference can be
seen only at the initial conditions when the two filters were not completely converged
yet (Figure 4.12). Such occurrence was evident in all the evaluated scenarios expressed
in this chapter (i.e., noticeable in the upcoming sections as well). Therefore, a conclusion
can be drawn based on evaluation results that EKF and UKF have equivalent performance
in terms of accuracy in UWB localization. This implies that the non-linear measurement
function in the ranging phase was based on Equation (4.11) in the state space model.
Moreover, the scatter plot in Figure 4.12 showed that the TS technique happened

to be the worst performance in a static scenario compared to the other four location
estimation algorithms. Meanwhile, the linear positioning methods (namely Trilat-
eration and Multilateration) were shine to be a better accuracy than the non-linear
techniques (EKF, UKF, and TS) in static scenario (Figure 4.12). In general, a few
outliers appeared in all evaluated five positioning estimation algorithms, especially in
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Figure 4.12: Performance comparison of five position estimation algorithms for the static scenario
at CITrack, in which CA is used as a motion model for the state.

their initial conditions (Figure 4.12). Indeed, it is a very common situation in Bayesian-
based filters due to its iterative nature and the impact doesn’t play a crucial role in the
real-world situation as long as the filter is converged eventually.

4.4.3 Performance Comparison based upon a pure LOS Scenario

For a pure LOS scenario, the performance comparison for five position estimation algo-
rithms was conducted at two different environments marked as a small-scale scenario
for the data gathered at CITrack (i.e., left image in Figure 4.11) and as a large-scale
scenario for the data gathered at the university’s indoor sport hall arena (i.e., the right
image in Figure 4.11). The corresponding evaluation results of each test environment
were given in Figure 4.13 and Figure 4.14 respectively. As already mentioned in the
chapter, the Vicon camera system was used as the ground truth reference for the small-
scale scenario (CITrack) whereas the borderlines of the Badminton field were applied
as the ground truth reference for the large-scale scenario (the indoor sport arena on
the campus of Bielefeld University). CA motion model was utilized as the state model
in the presented results provided in Figure 4.13 and Figure 4.14.

In the small-scale LOS scenario, the evaluation results revealed that the linear location
estimation algorithms (Trilateration and Multilateration) closely followed our reference
trajectory from the Vicon system (Figure 4.13) compared to the nonlinear ones. This
claim can also be confirmed with the qualitative score using RMSE in Section 4.4.5.
As previously noted in the static scenario, both EKF and UKF provided equivalent
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Figure 4.13: Performance comparison of five position estimation algorithms for tracking the
movement of a mobile tag in the CITrack using CA as the motion model for the state.

results. Interestingly, the TS method showed outcomes similar to the EKF and UKF in
this small-scale LOS scenario. For better visualization of the results, Figure 4.13 (a)
provided the portion of the results in a zoom-out view in which all the trajectories
from each location estimation algorithm seem closely followed to the reference. In
addition, there was an accidental, but important occurrence, happened during the data
collection process which can be seen in Figure 4.13 (i.e., roughly between 2.7 m and
3.7 m in X-axis). This unusual measurement had an impact on all the five evaluated
location estimation algorithms. Importantly, such conditions can occur frequently
in practice. The evaluation results showed that linear methods (Trilateration and
Multilateration) were more sensitive to react negatively to this occurrence compared to
their counterpart non-linear systems (TS, EKF, and UKF). It is worth mentioning that
the ability to overcome such granular incidents naturally (or) algorithmic way could
play important role in some UWB-based system implementations in practices.

During the data collection process for a large-scale scenario in sport hall presented in
Figure 4.14, the UWB tag was put on top of the person’s head in order to get the LOS
view from all the four anchor nodes. The four anchors were allocated at the corners of
20x40m area in sport arena (Figure 4.14). The measurement was conducted when a
person jogging (running) along the borderlines of the basketball field.
In general, the trajectory of the runner on the field was able to track correctly by

all the evaluated position estimation algorithms in this LOS large-scale scenario in
sport arena (Figure 4.14). As expected, all the algorithms gave a similar performance
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Figure 4.14: Performance comparison of five algorithms for tracking a moving UWB tag in a
large-scale scenario (an indoor sports arena) at LOS. CA was used as the motion model.

from the aspect of bird eye view in 2D. The comparison of the five algorithms based
on the RMSE as the qualitative score further confirmed the similarity between the
five outcomes in LOS scenario (Section 4.4.5). In order to compare the five evaluated
algorithms visually in this scenario, three subsets of the outcomes were enlarged in
Figure 4.14. The optimum case of the evaluation results (Figure 4.14 (a)) showed that
all the position estimation algorithms achieved an absolute error of less than 12 cm
in reference to the ground truth when CA is used as the motion model. In a dilemma
depicted in Figure 4.14 (b) and (c), the evaluation results revealed that an absolute
error of up to 22 cm could be reached. As already witnessed in the small-scale scenario,
the EKF and UKF gave the exact same performance in the LOS scenario whereas the TS
method closely followed the trajectories of EKF and UKF in most cases. Moreover, the
evaluation results showed that all the evaluated position estimation algorithms suffered
from the abrupt changes in the corner of the field (Figure 4.14 (b)). In fact, we have
shown in our previous work [171] that the corner impact in the evaluation was even
worse if the CV motion model was applied as the state model. This signifies that the
model choice for a specific system integration could have some significant impacts on
the overall system performance. Therefore, Section 4.4.5 considered the impact of the
motion model (CV vs. CA) in UWB localization for the four scenarios addressed in this
chapter using RMSE as a qualitative score.
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4.4.4 Performance Comparison based upon a NLOS scenario

For evaluating the comparative analysis of NLOS condition, a soft-NLOS scenarios
were conducted in the indoor sports hall arena at different settings (Figure 4.15 and
Figure 4.16). In each of these NLOS cases presented in this section, a person carried
the UWB tag in front of his chest during the data collection period in order to block the
direct LOS communication between some anchors and the tag. The mentioned UWB
tag was at 0.3 m distance from the body of the person who carried it.
Figure 4.15 showed the evaluation results of five position estimation algorithms

when the four anchors were placed at 20x20 m square area in sport hall. The data
were collected during a runner took two consequent paths one after another (i.e., the
first path included the border of a square whereas the second path was across the four
corners in the shape of the letter ’X’). In general, the accuracy of all the evaluated
position estimation algorithms degraded sharply due to the NLOS condition in reference
to the ground truth (Figure 4.15). In specific, the two linear positioning estimation
algorithms (Trilateration and Multilateration) performed poorly in the NLOS scenario
whereas the two non-linear methods and statistical approach provided quite impressive
performances (Figure 4.15). Similar result can also be seen in Figure 4.16. In terms
of measurement function, this implied that the incremental correction in the iterative
and/or recursive approach (i.e., TS, EKF, and UKF) plays a beneficial role in scenarios
where abrupt disturbance in UWB signal could occur. The deviation due to NLOS can
even be visualized in the best fraction of the measurements (Figure 4.15 (b) and (c)).

Figure 4.15: Comparison of five location estimation algorithms at a NLOS scenario in university’s
indoor sports hall (20x20 m arena). CA was utilized as the dynamic motion model.
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Figure 4.16: Evaluation of NLOS condition at two anchor settings and trajectory paths: (a)
allocation of the four anchors at 20x40 m , (b) allocation of the four anchors at 20x20 m.

In addition, there was a drift from the reference in Figure 4.15 during measurements
which occurred at the center when the person ran from the bottom left corner to the
upper right corner (Figure 4.15 (a)). In fact, this drift was used as a good opportunity
for comparing how well the evaluated algorithms can detect such occasions in this
section. The results revealed that the mentioned drift was correctly detected by all the
five algorithms (Figure 4.15 (a)). However, all the considered positioning methods
provided different reactions to this occurrence in which EKF and UKF have the best
response whereas Trilateration provided the worst (Figure 4.15 (a)).
Since NLOS condition in UWB localization is still an open and active research chal-

lenges in literature, the behavior of NLOS in terms of the location estimation algorithms
were further explored in this Section (Figure 4.16). In the figure, two types of anchors’
settings were conducted in sport hall arena, i.e., the four anchors were allocated at
20x40 m in the first set-up whereas they are put at 20x20 m in the second setup. Fig-
ure 4.16 (a) showed the evaluation results of the five algorithms regarding the NLOS
condition, in which the movement of the UWB tag was limited to be inside the four
anchors. In contrast, Figure 4.16 (b) allowed the moving UWB tag to be expended
beyond the square area of the four anchors allocation. As observed previously, the
abrupt changes due to NLOS had strong negative impacts on the two linear methods
(Trilateration and Multilateration). In contrast, the three nonlinear methods followed
quite adequately the trajectory of the ground truth. However, all the five algorithms
suffered the impact of the NLOS condition in the measurements. Moreover, it was
impressive to see that the bidirectional UWB system using TWR method has the ability
to provide positioning data even when the moving tag was our of the square area of
the anchors’ allocations (Figure 4.16 (b)). This is one of the crucial and advantageous
aspects of ToA-based system compared to its counterpart TDoA-based system, in which
the location data are available only inside the anchors’ allocations [198, 230].
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4.4.5 Qualitative Score and Computational Aspect

For the qualitative score to discriminate the performance of the evaluated five position-
ing algorithms, the RMSE was applied as the decisive factor in this chapter. Figure 4.17
described the side by side RMSE comparison for CV and CA models regarding the four
scenarios (i.e., static, small-scale LOS, large-scale LOS, and NLOS scenarios) addressed
in this chapter. The evaluation results showed that there was no considerably large
difference between CV and CA in terms of RMSE in all the evaluated location estimation
algorithms in each scenario (Figure 4.17). Indeed, the use of CA as the state model
did, in general, improve the RMSE score a bit in all the measured scenarios except
in the static condition. This makes sense since the addition of acceleration in the CA
compared to the CV doesn’t have any influence on the static condition. Instead, it
generally accumulated more noises into the state model.
For each evaluated positioning algorithm, the heatmap in Figure 4.17 summarized

the four measurement scenarios by using RMSE as the decisive score. The figure
showed a clear distinct line between the NLOS condition and all the LOS situations (i.e.,
static, small-scale, and large-scale) in terms of RMSE. The contrast between the two
groups was indeed significantly large. This explained the challenges of NLOS condition
in UWB localization, and the reason why it is still an active open research problem. In
specific, the location error of EKF and UKF algorithms due to NLOS jumped into approx-
imately 4 times compared to the LOS in the particular measurement data (Figure 4.17).
Similarly, TS technique rose around 5 times due to NLOS condition whereas the Multi-
lateration increased circa 6 times and the Trilateration up to 10 times. In terms of LOS
data comparison, the large-scale scenario in the sport-hall arena provided a higher
error rate than the static and small-scale scenario. In the small-scale scenario (the first
to fourth columns in Figure 4.17), the linear positioning algorithms showed up pretty
well with a smaller error rate compared to the nonlinear methods. Overall, the EKF

Figure 4.17: RMSE comparison for the evaluated five algorithms at four different scenarios
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Figure 4.18: Computational time comparison of the evaluated five location estimation algorithms
using CV and CA motion models. The presented time referred to the mean time required for a
test-bed machine to compute a location by each algorithm in microseconds.

and UKF produced comparable results in all measured scenarios as already mentioned
previously. Moreover, EKF and UKF consistently provided quite reliable outcomes even
in the NLOS condition (the fourth and fifth row in Figure 4.17). Interestingly, the TS
was able to produce comparable results to the EKF and UKF at both LOS and NLOS
conditions. By contrast, the Trilateration and Multilateration performed extremely bad
in NLOS condition compared to the other three algorithms.

Regarding the comparison of computational complexity for each algorithm, the time
that the CPU (or) computational machine requires to run a given task was applied [63].
To accomplish this, the processing time was measured based upon the sample data
size of 2400 for 10 iterations on the exact same machine (i.e., Intel Xeon CPU E3-1226
v3, which has 4 cores with 3.30 GHz and 16 GB RAM without external graphic). In this
case, the start and end of each algorithm to accomplish the mentioned 2400 samples
within a for loop were recorded, and computed the execution time for each sample.
The recording was repeated 10 times. Figure 4.18 represented the mean computational
time for each algorithm addressed in this chapter using two motion models namely CV
and CA. It should be noted that the exact computational time may vary a bit depending
on the specification of the machine. However, the trend of the data should be the same
in any condition as the author has confirmed in at least three different machines.

The evaluation results showed that the CAmodel generally needs more computational
time than the CV model in all the evaluated five algorithms (Figure 4.18). However, the
gap between the two models was not that much. In specific, the processing time for CA
model is roughly around 5µs longer than CV model in TS and the two linear algorithms.
On the contrary, it was roughly around 15µs more in EKF and 50µs in UKF. In terms
of computational time for each five algorithms, the evaluation results uncovered that
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the EKF and UKF were extremely worse than the rest of the three position estimation
algorithms (Figure 4.18). On the contrary, Trilateration outperformed them all in the
context of processing time in both CV and CA whereas the UKF was the worst. In
addition, the evaluation results indicated that the EKF necessitated roughly around 10
times computational time than the Trilateration, TS, and Multilateration methods (Fig-
ure 4.18). Compared to the EKF, the UKF needs nearly double processing time in
both CV and CA models. In contrast, the Trilateration, TS, and Multilateration gave
quite a small processing time specifically 11.35µs, 20.24µs, and 30.61µs respectively
when CA was applied as the motion model of the state.

It is remarkable to see that TS method required a quite short processing time com-
pared to the other nonlinear methods. Interestingly, the results showed that TS provided
even less computational time than the Multilateration technique. As can be seen in the
previous section, TS also provided a rather appealing performance in terms of accu-
racy, i.e., comparable to the EKF and UKF. Therefore, the evaluation results suggested
that TS is the most efficient and competent method among the five evaluated position
estimation algorithms in terms of processing time and performance score.
In summary, EKF and UKF were able to produce impressive outcomes in terms

of RMSE. Despite that, the evaluation results showed that they suffered considerably
large computational time compared to the other three methods. On the one hand, the
two linear algorithms needed relatively small processing time. On the other hand, they
struggled to endure the abrupt changes, especially in the NLOS scenario. Moreover, the
evaluation results revealed that TS-based positioning technique was not only capable
of producing a performance score similar to the EKF and UKF but also very efficient in
terms of the computational time (Figure 4.17 and Figure 4.18).

4.5 Chapter Discussion and Conclusion

UWB has been regarded as a promising technology for precise wireless localization
systems, especially in indoor environments. Nowadays, the UWB hardware chips
are available at low prices thanks to the leading manufacturers in the fields such as
Decawave (now part of Qorvo), Bespoon, Ubisense, etc. Regarding this, the performance
comparison of the commercially available UWB systems has been conducted by renounce
researchers in the field [100, 103]. Moreover, Decawave, for instance, shipped the UWB
evaluation kits called MDEK1001and TREK1000, in which Trilateration algorithm was
already implemented in it so that the intimidating development time of UWB technology
could be shortened. By far, Trilateration is the simplest location estimation algorithm.

Fundamentally, location estimation algorithms are the backbone of any localization
system including the UWB technology. Hence, many positioning algorithms were pro-
posed for UWB and wireless communications in the literature. However, the detailed
implementation process of the algorithms was usually overlooked. This leads to daunt-
ing experiences for practitioners and researchers who want to reproduce or use the
defined system in literature for real-world problems. This is especially true for the
newcomers in the field. In light of this, the concrete implementation process and their
corresponding evaluation results of five commonly used location estimation algorithms
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in UWB localization were addressed in this chapter namely Trilateration, Multilater-
ation, TS, EKF, and UKF. The mentioned five positioning estimation algorithms have
been designed, implemented, and evaluated using the experimental data extracted
from the real UWB hardware. This is in contrast to a few comparative analyses available
in the literature which are solely based on simulation. Moreover, the evaluation results
came from the finalized implementation of each algorithm based upon the pragmatic
integration approach. To the best of the author’s knowledge, the first such pragmatic
comparison was done by our previous work in [171] and this chapter is the heavily
revised and extended version of the mentioned work.
The Bayesian framework of the state-space approach has been applied for the im-

plementation of all the evaluated algorithms in order to confront with the pragmatic
real-world system integration. For this reason, a standard KF has been coupled on top of
Trilateration, Multilateration, and TS positioning methods so that a continuous tracking
mechanism could be naturally applicable to those systems. Since the EKF and UKF are
inherently capable of such continuous tracking mechanisms, they were applied as the
standalone location estimation algorithms for UWB system in the chapter. For a state-
space approach, dynamic state functions and measurement likelihood functions are
necessary to provide to the system under investigation. In general, the mentioned two
functions could be either linear or nonlinear. For the sake of brevity, the linear function
based on Newton’s law of motion was traditionally applied for the state function in
wireless positioning and navigation system. Therefore, the non-linearity occurs only in
the measurement function of the state-space model, especially for range-based wireless
positioning systems including the UWB technology addressed in this thesis.

Accordingly, the dynamic model of the state was assumed as linear in this dissertation.
Concerning this, two linear dynamic models (i.e., CV and CA models) were thoroughly
explored for the UWB based localization system (Section 4.3.1). The detailed expression
of the mentioned two motion models specifically for UWB localization was regarded
as an important aspect of the dissertation because the literature is usually overlooked
and expressed only in a general sense. For instance, the details of the implementation
process for different system aspects were not given even in most referenced papers and
books in the field [15, 66, 166]. This often the time leads to confusion in practice for
user-specific system integrations (e.g., for UWB localization). Therefore, the integration
process of the state and measurement function for each algorithm was thoroughly
explained in the dissertation (Section 4.3) so that newcomers in the field can easily
understand and implement it. For this purpose and further exploration, the basic source
code and the experimental data used for presenting the results in this dissertation were
given publicly as already stated at the beginning of the chapter.
Regarding the approximation of the nonlinear measurement function (i.e., Equa-

tion (4.3) for UWB localization system) in positioning and navigation, one of the most
advanced and frequently used algorithm was PF [11]. In brief, EKF approximates the
nonlinear function by using analytical linearization methods such as Jacobian or Hes-
sian whereas UKF approximates the nonlinear function by using a statistical approach
based on a set of deterministically chosen sample points called "sigma points". By
contrast, the PF uses the Sequential Monte Carlo (SMC) methods to generate simulated
particles for addressing the nonlinear functions in the system. This dissertation highly
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acknowledges the prominence of PF as a location estimation algorithm in many applica-
tion areas including in UWB technology [76, 84, 103, 213]. However, the method was
excluded from the evaluation because the improvement of the performance score com-
pared to EKF and UKF was insignificant in terms of the non-linear function applicable
in UWB-based positioning and navigation. The perfection of PF compared to the more
classic EKF and UKF will be noticeable only when the non-linearity of the measurement
function cannot be analytically expressed. However, that is not the case in the UWB
measurement function. Moreover, it was quite obvious that the computational cost
of PF dramatically increases due to the increased number of particles to be applied
compared to the sigma points requirement in UKF. If the readers are interested in a
good understanding of the PF as either a location estimation algorithm or a general
purpose approximation method, the author would refer to the tutorial in [11, 84],
and the book in [52, 165]. For pragmatic exercises with a source code to understand
general approximation methods, the author would refer to an intuitive open source
book on interactive Jupyter notebook [124], in which the theory of both PF and the
Kalman-based filters were examined in Python language.
In literature, the linear location estimation algorithms (namely Trilateration and

Multilateration) are less valued and usually discriminated as poor performances in
simulation results. However, either the quality of the ranging process (true-range) or
the pragmatic integration of the method was normally neglected when the merits of
performance scores are conducted in simulation environments [31, 81, 111, 182, 227].
The evaluation results given in this chapter were achieved upon both the pragmatic
system integration and careful quality access of the ranging data extracted from the
real UWB hardware. In terms of accuracy by using RMSE as a decisive score, our
evaluation results indicated that the linear location estimation algorithms produced
superior performance scores in static and small-scale LOS scenarios compared to the
nonlinear positioning methods (Section 4.4.2 and 4.4.3). In contrast, the nonlinear
positioning methods showed better resistance to abrupt changes of signal due to
unintentional measurement errors or alike. Moreover, the three nonlinear methods
appeared to be significantly superior performance scores than their counterpart linear
algorithms at NLOS scenario. Overall, the evaluation results showed that the NLOS
condition extremely degraded all the five evaluated algorithms. Therefore, we can
conclude that this deterioration of performance score due to NLOS is independent of
the algorithmic usage and needs to address from a different perspective. Moreover, the
methods to overcome the mentioned impact of NLOS in UWB are challenging, and it
is actively explored research problems in literature [138, 147, 177]. Regarding this,
the identification and mitigation of the NLOS condition in UWB-based positioning and
navigation was separately addressed in Chapter 5 in this dissertation. It should be
noted that the results given in this Chapter 4 were based solely upon the measurement
data without using any NLOS identification and mitigation techniques.
In terms of the motion model, our evaluation results suggested that there were no

substantially large differences between the performance score of CV and CA motion
models. In other words, the two motion models are more or less equivalent in terms of
the accuracy or performance score. Likewise, it can be stated that the computation time
required by the two models was rather comparable too even though a higher processing
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time was necessary for the CA model across all the five algorithms. Therefore, we can
conclude based on our observation given in this chapter that both of the two motion
models are equally usable in any given location-based UWB application in practice if
the constraint in processing time is not relatively strict.

Regarding the computational time, the evaluation results showed that EKF and UKF
were terribly higher than the other three positioning algorithms. To express in other
words, the processing time for EKF was roughly around 10 times higher than the
other three algorithms whereas it was approximately 18 times higher in UKF. By
contrast, the evaluation results revealed that the Trilateration algorithm needs the least
computational time followed by the TS and Multilateration. From this observation, it
can be concluded that Trilateration is the best whereas UKF is the worst among the
evaluated five location estimation algorithms in terms of computational time. Moreover,
the results showed that EKF and UKF provided nearly equal outcomes in all the tested
scenarios in terms of the performance score. However, the computational time of UKF is
almost double higher than the EKF. This fact leads to the conclusion that EKF and UKF
can be equally usable as the location estimation algorithm for UWB-based localization
systems in practice. However, EKF will be the preferred method if the processing time
of the algorithm plays a crucial role in the intended system use-case in the application.

Moreover, the evaluation results revealed a crucial fact regarding the TS positioning
technique. In all the evaluated scenarios, the experimental results constantly showed
that TS method was capable of producing the performance score rather quite close
to the EKF and UKF meanwhile its computational time was approximately as low as
the Trilateration positioning method. Therefore, we can conclude based on the results
that TS algorithm was the most efficient method among the five location estimation
algorithms examined in this chapter in terms of both the computational time and
performance score. In general, it should also be noted that the Kalman-based location
estimation algorithms need a good approximation of the initial value unless it could
diverge from the trajectory of the real path in rare cases. The general rule of thumb is
to choose a value, which is located inside the coverage areas of all the anchor nodes
as the initial value. In practice, the origin of the UWB-based coordinate system is
also frequently used as the initial location information for the Kalman-based filter.
Moreover, it should be highlighted that all the evaluated algorithms addressed in this
chapter, except for the Trilateration method, can also be used as the location estimation
algorithm for the TDoA-based UWB localization systems.

In this chapter, the evaluation results were presented in 2D so that the outcomes from
the five positioning algorithms were easily visualized for better comparative analyses.
Another reason was that the availability of the data was more appropriate for 2D setting
by the time of writing this dissertation. However, it should be cleared and noted that
all the presented location estimation algorithms in this chapter are capable of directly
producing 3D output data without the need for further intervention. For future work,
the evaluation results can be expressed on the 3D setting. Moreover, the evaluation
results indicated that the extreme degradation of performance score in all algorithms
due to the NLOS condition was a stumbling block for UWB localization. Therefore, the
identification and mitigation process of the NLOS in the context of UWB localization
system was addressed in the coming Chapter 5.
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Non-direct Path Signals in UWB

The main location estimation errors in UWB localization are due to the non-direct path
signals in the ranging phase (Chapter 3). Therefore, the identification and mitigation of
the mentioned errors are vital for persistent quality assurance in UWB-based localization
system. However, the identification and mitigation process of wireless signals such
as IR-UWB are, in general, challenging and difficult to realize in practice due to the
nature of fundamental limits in the physical radio propagation. Recently, machine
learning methods are regarded as attractive solutions for overcoming the mentioned
fundamental limits in wireless communications, e.g., the errors due to non-direct path
signals [231, 235]. Therefore, this chapter addresses the feasibility of machine learning
algorithms for the identification process of the non-direct path signals in UWB-based
localization systems. Moreover, the identification process was considered as a multi-
class problem, which is in contrast to the binary classification approaches commonly
practiced in literature. Additionally, the mitigation technique for UWB localization was
also proposed in the dissertation (Chapter 5.2). Figure 5.1 highlighted the sectional
focus of the chapter from the big picture of the overall bidirectional UWB localization
scheme, i.e., the identification and mitigation of the ranging errors sections.

Parts of the ideas presented in this chapter were published in our previous work [177],
in which three classical machine learning methods were evaluated for the identification
processes. Moreover, the research data and its corresponding source codes were given
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Figure 5.1: Illustration of the sectional focus addressed in this chapter, which is the identification
and mitigation of ranging errors due to NLOS conditions in UWB localization systems.
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as an open source in [176], which were also available on Gitlab1 and Github2. This
chapter further extended the mentioned work by presenting the mitigation technique
for the multi-class problem as well as the feasibility of additional two other ML methods
on the identification process of non-direct path signals in UWB-based ranging systems.
Accordingly, the chapter is organized as follows: Section 5.1 describes the typical

problems encountered in the radio-based ranging systems and the motivation behind
the need for a multi-class identification process in UWB as well as the state-of-the-art
approaches in the field. The mitigation technique applicable in any Lateration-based
location estimation algorithm was introduced in Section 5.2. Then, the procedures of
data preparation for the machine learning algorithms such as experimental setup, data
measurement, feature extraction, and data preprocessing processes were addressed in
Section 5.3. The overview of the ML models used in the evaluation are briefly reviewed
in Section 5.4. The comparative results regarding the identification process of the
non-direct path signals in UWB were discussed in Section 5.5.Finally, the chapter is
wrapped up with the discussion and conclusion in Section 5.6.

5.1 Background and Motivation

This section discusses the problem regarding the main sources of errors in UWB-based
ranging and localization system (Section 5.1.1) as well as the motivation behind the
need for identification and mitigation process for the mentioned errors (Section 5.1.2).
Then, the state-of-the-art methods regarding the identification process of non-direct
path signals in UWB (Section 5.1.3) are addressed based on basic two approaches
namely: (i) the classical techniques and (ii) the machine learning methods. Afterward,
the main contribution made in the chapter are described in Section 5.1.4.

5.1.1 Problem Description

In a radio-based wireless ranging system, the distance between a transmitter and a
receiver can generally be determined by multiplying the estimated TOF between the
two transceivers by the speed of light (Chapter 3). In a nutshell, the ranging algorithm,
especially in UWB-based localization system, basically assumes that the measured TOF
signals are achieved from a direct LOS situation. Therefore, the non-direct path signals,
i.e. the NLOS [16, 138, 208] and MP [41] conditions, cause a positive bias in the
estimated distances of the typical ranging scheme. For the purpose of the conceptual
illustration addressed in this chapter, an abstract view of the LOS, NLOS, and MP
conditions in typical wireless communications are depicted in Figure 5.2. In the figure,
it was illustrated that a signal sent from a tag device (green pyramid shape in the
middle) can be arrived at its receipting anchor nodes (yellow pyramid shapes) in
different forms based on the conditions of the scenarios.

The LOS in the figure refers to a propagation path of an UWB signal sending from a
transmitter reaches to its intended receiver in a direct straight line path (Figure 5.2). On

1https://gitlab.ub.uni-bielefeld.de/csang/identification-of-nlos-and-mp-in-uwb-using-ml
2https://github.com/cliansang/Identification-of-NLOS-and-MP-in-UWB-using-ML
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Figure 5.2: Illustration of LOS, NLOS and MP scenarios in a UWB-based ranging system. The
image was a slightly decorated version from our previous work in [177].

the contrary, the NLOS corresponds to a propagation path of an UWB signal that needs
to go through obstacles by penetrating them in order to reach its intended destination.
Regarding MP scenario, two possible conditions in wireless ranging system was defined
particularly in Figure 5.2. On the one hand, the first path signal is completely blocked
by obstacles in the first MP scenario defined in the figure. In that case, it is very
clear that the only arrival signal at the receiver during the measurement process is
bounded from one or more of the reflectors (Figure 5.2). On the other hand, the
measured signals in wireless communications are normally influenced and distorted
by the simultaneous arrival of multiple signals from the same source at the receivers
due to reflections such as walls and other materials in the environment (Figure 5.2). In
such a scenario, the ranging errors similar to MP occurred even if there is no direct
obstacle between the transceivers. Example scenarios in such wireless measurement
include the data collected in a narrow corridor, tunnel, indoor factory areas that exist
several metals in the environment, etc. The error caused by such MP conditions has
been proved and confirmed for UWB-based localization system in our previous work
in [172] and the work reported in [180]. Hence, the differentiation between LOS, NLOS,
and MP conditions is important for the realization of precise UWB localization system
for GNSS-denied indoor environments.

In this chapter, the multi-class classification of LOS, NLOS, and MP in UWB ranging
process was evaluated using ML methods. By specifying the mentioned classes, a
positioning algorithm addressed in chapter 4 is capable of mitigating the biases caused
by NLOS and MP condition by using the mitigation technique addressed in Section 5.2.
However, the identification of UWB measurement signals in practice is very challenging
due to a variety of physical effects such as walls, furniture, humans, the orientation
of the UWB antenna, etc are contributed as accumulated ranging errors. In turns,
this error distorts the direct LOS signal in several different ways as illustrated in

123



5 Identification and Error Mitigation of Non-direct Path Signals in UWB

Figure 5.2 [41, 93]. Therefore, machine learning techniques are regarded as attractive
solutions for solving such complicated problems. Incidentally, the use of ML methods
for the identification and mitigation process of the NLOS condition in UWB, or wireless
communications in general, are not new. The interest on ML techniques for UWB
localization has significantly increased in recent years [6, 38, 51, 93, 138, 153, 163, 179,
208, 217]. However, the majority of the contributions addressed in the literature viewed
it as a binary classification problem, i.e., the identification between LOS and NLOS
in UWB ranging system (Section 5.1.3).
In contrast, this chapter addresses the feasibility of machine learning algorithms as

multi-class problem (LOS, NLOS, and MP) for the use-case of UWB indoor localization.
The evaluations were conducted on the experimental data collected in different indoor
scenarios. For the sake of reproducible results and further exploration, the core subsets
of the experimental research data and the corresponding source codes are provided in
the public domain. The evaluation of the algorithms was conducted using the open-
source Python machine learning library dubbed scikit-learn [159] and Microsoft’s Light
Gradient Boosting Machine (LightGBM) library.

5.1.2 Motivation

The goal of the identification process in a wireless ranging system is to detect the present
of NLOS and/or MP conditions during the data communication between transceivers.
This procedure is critical because the MP effects and the NLOS conditions have generally
significant impacts on the distance estimation produced by the UWB technology. To
demonstrate the mentioned impact of NLOS and MP conditions in UWB measurements,
comparison of the three situations (LOS, NLOS, and MP) based on the real-world
experimental data was given in Figure 5.3 as an exemplary sample. The measured

Figure 5.3: Comparison of the sample measured distance errors in the three conditions (LOS,
NLOS, and MP) at static scenarios for motivational purposes.
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errors given in the figure were based on a static scenario, where the ground truth
between the anchor and a tag was put at a 6 m distance to each other.
The measured results in Figure 5.3 showed that the magnitude of errors produced

by NLOS and MP conditions were substantially larger than the LOS condition when
compared to the ground truth reference. In addition, the errors generated by the MP
condition were remarkably lower than the NLOS condition, in which the UWB signal
was completely blocked by obstacles and was necessary to penetrate through it in order
to reach the intended receiver. Surely, the severity of the errors depends heavily on the
materials made of the obstacles [41]. The NLOS error given in Figure 5.3 was based
on a human as an obstacle during the experiment. The results showed that the NLOS
condition introduces the highest impact on the measured distance errors (Figure 5.3).
These motivational facts push the author to classify the UWB-based ranging system
into three classes namely LOS, NLOS, and MP in the evaluations. The purpose is to
enhance the location accuracy produced by the UWB localization system.

Moreover, the classified ranging information addressed in this chapter is applicable for
the enhancement of the location service produced by any positioning algorithm (chap-
ter 4). This can be accomplished by using the classified ranges to eliminate the biases
caused by the NLOS [175, 217, 228] and MP conditions in the mitigation algorithm (see
Section 5.2). It should be noted that the error deviations demonstrated in Figure 5.3
correspond only to a single range measurement. In general, at least three ranges
(usually more in Multilateration) are mandatory for UWB-based location estimation
systems [81, 171]. This implies that the accumulation of such several errors in the
ranging process has a major impact on overall system performance.

5.1.3 State of the Art

The correction strategy of ranging errors in UWB due to the non-direct path signals
(i.e., NLOS and MP) is typically accomplished in two steps [113, 138] namely (i) the
identification phase of the non-direct path [18, 85, 181] and (ii) the mitigation phase of
the error produced by the non-direct path [49, 85, 138]. This chapter gives the generic
non-direct path mitigation technique (Section 5.2), which could be applicable in any
Lateration-based positioning algorithms (chapter 4). As a matter of fact, there are
indeed methods that accomplish both the identification and mitigation process within a
single technique for instance using channel statistics as a feature for ML classifiers [215,
217]. However, those techniques limit the freedom of applicable positioning algorithms
for the system under investigation in the latter case as the mitigation process can only
be applied in a few compatible algorithms.

The common andmore appropriate approach is detecting the non-direct path signal in
the first stage. Then, the location errors can be corrected by the positioning algorithms
in the second stage by using the detected information to mitigate the biased due to
the NLOS as well as the MP conditions [93, 118, 138, 208, 215, 217, 228]. According
in the research works in literature, the identification process can be put under two
categories: (i) the conventional signal processing approaches (Section 5.1.3.1) and (ii)
the modern ML-based approaches (Section 5.1.3.2). The evaluation results given in
this chapter were based on the ML-based approach.
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5.1.3.1 Conventional NLOS Identification Approaches in UWB

Conventionally, the NLOS recognition process in wireless communication systems
including UWB technology is normally seen as a binary classification problem. Thus,
the detection of MP condition is commonly regarded as unimportant in mainstream
literature research. Indeed, there are a few papers that address and enlighten the
crucial effects of the MP condition especially for UWB-based ranging system [41, 118,
172, 180]. For a summarized referencing purpose, the conventional NLOS identification
techniques as a binary classification problem can be divided as follows:

1. Identification of NLOS using a binary hypothesis test [18]
2. Detection of NLOS upon the variation of Signal-to-Noise Ratio (SNR) [181]
3. Identifying NLOS based on the values in channel impulse response [135, 138]
4. NLOS detection techniques using multi-path channel statistics such as kurtosis,

mean excess delay spread, and root mean squared delay spread [82, 85]
5. NLOS classification based on the RSS [82, 219]

In short, the identification process of NLOS condition in UWB using conventional
techniques relied mainly on the statistical conditions of the received UWB signal. To
demonstrate this situation, Figure 5.4 compares the received powers related to the First-
Path (FP) and Channel Impulse Response (CIR) signals in UWB ranging for three
conditions namely LOS, NLOS, and MP. In practice, the classification between LOS
and NLOS using a dedicated threshold is the most commonly applied conventional
technique [38, 46, 147]. The mentioned threshold is determined by subtracting the
received power level of the FP signal from the total received power. Regarding this,
the FP power level can be defined as follows [46] (Figure 5.4a–c):

F P Power Level = 10 · log10(
F2

1 + F2
2 + F2

3

N2
)−A (5.1)

where F1, F2, and F3 are the first, second, and third harmonics of the amplitude of
the first-path signal at the UWB receivers [46, 147]. N is the reported value of the
preamble accumulation count (e.g. measured by the DW1000 chip). A is a predefined
constant value, that posses 133.77 using a Pulse Repitition Frequency (PRF) of 16 MHz
and 121.74 for a PRF of 64 MHz.
The received (RX) power level for UWB signal can be defined as:

RX Power Level = 10 · log10(
C ·217

N2
)−A (5.2)

where C is the reported value of the channel impulse response power (e.g. in DW1000 chip
manufactured by Qorvo/Decawave).
Thus, the power level threshold [46], which is commonly used to discriminate

the NLOS condition in conventional UWB ranging system, can be determined as:

Threshold Power = RX Power Level − F P Power Level (5.3)

In thementioned conventional power threshold technique according to Equation (5.3),
the measured range in UWB is defined as a LOS if the threshold power level is less
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Figure 5.4: Illustration of the LOS, NLOS, and MP conditions in UWB ranging systems: (a–c)
Comparison of the FP power, and the CIR power in three scenarios: (a) LOS, (b) NLOS, (c) MP
conditions, and (d) the difference between the two power levels (FP and CIR powers) from (a) to
(c). The measurement was conducted for the three scenarios at random movement between 1 m
and 24 m distances in indoor environments.

than 6 dBm and recognized as a NLOS if it is more than 10 dBm [46]. Figure 5.4 (d)
illustrates the power difference between the FP and CIR signals for LOS, NLOS, and MP
conditions using the threshold power as 6 dBm. Each individual power level for the
three classes was presented in Figure 5.4(a-c). The evaluation results were based on
measured experimental data (Section 5.3.1). The results showed that the conventional
power threshold technique can provide sub-optimal acceptable solutions for binary iden-
tification between LOS and NLOS conditions (Figure 5.4). To be more precise, the mean
value of power threshold in LOS data based on Figure 5.4 (a) was 4.12 ± 1.13 dBm. Ac-
cordingly, the mean value for NLOS data based on Figure 5.4 (c) was 10.75 ± 5.51 dBm.
However, the solution based on the power threshold technique is not optimal at all
as a lot of overlapping areas between LOS and NLOS generally occurred, which can
also be evident in the presented evaluation results (Figure 5.4 (d)). The situation is
even tougher for the classification process of the MP conditions in UWB because the
threshold power level usually lies within the central points of the measured MP data.
Again, this process can be seen in the sample results given in Figure 5.4 (d).

It is apparent according to the evaluation results given in Figure 5.2 (d) that multi-
class classification of UWB ranging measurement (i.e., LOS, NLOS, and MP) is not
straightforward. Moreover, the indoor environment creates the mentioned complexity
even harder due to the possession of different characteristics and refractive indexes in
each individual material in the measured environments [41, 188]. This implied that
the effects of MP and NLOS conditions are heavily dependent on factors such as the
medium through which the signal travels (i.e. air or penetrating other materials such
as wood, steel, etc.), the dimension of the measured environments (i.e. the size of
rooms or places where the measurement is done), the present of objects with different
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material characteristics within the measured environment, the orientation of the UWB
antenna, etc. Therefore, ML-based techniques have been seen as engaging tactics
for performing the identification process of NLOS signals in the mentioned complex
environments in recent years (Section 5.1.3.2).

5.1.3.2 ML-based NLOS and MP Identification Processes in UWB

One of the earliest ML-based NLOS identification technique for UWB was conducted
in [138], in which the Support Vector Machine (SVM) was used as a classifier. The paper
considered the identification process as a binary classification problem (LOS vs. NLOS)
and proved that ML-based approaches were superior to the traditional parametric
techniques and signal processing technique. Subsequently, several ML-based studies
were conducted regarding the NLOS identification process for UWB-based ranging and
positioning system. For instance, SVM was utilized as the ML-based classifier for NLOS
condition in [93, 118, 138, 208]. Similarly, the classification between LOS and NLOS
for UWB was conducted using Multi-layer Perceptron (MLP) as a classifier in [19, 38,
120], Boosted Decision Tree (BDT) in [120], recursive decision tree in [147], kernel
principal component analysis in [179], bagging based ensemble technique in [163], etc.
Recently, the unsupervised ML method called “expectation maximization for Gaus-

sian mixture models” was utilized for the binary classification between LOS and NLOS
in UWB [54]. Similarly, deep learning methods specifically Convolutional Neural
Network (CNN)-based approaches were also widely used for binary classification be-
tween LOS and NLOS in UWB localization [153, 180]. In CNN-based techniques, the
transfer learning technique are the norm by modifying the existing CNN network
such as GoogLeNet [153], VGG-architecture (i.e., VGG-16 or VGG-19) [153, 180],
AlexNet [153], etc. In all of the above mentioned approaches, the primary focus is to
detect the NLOS measurement in UWB ranging. In short, the authors addressed only
the binary classification between LOS and NLOS conditions within the measured data.
By contrast, the binary classification between MP and LOS was also examined in [180].
In addition, comparative analyses of different ML techniques for the identification

process of NLOS condition in UWB had been examined in [16, 93, 120]. The pri-
mary goals in those studies were to analyze the impact of ML-based classifiers under
the same condition for the use-case in applications. In [120], two ML-based models
(i.e., MLP and BDT) were evaluated for binary classification between LOS and NLOS
in UWB and the authors concluded that the performance score of BDT is better than
the MLP. Likewise, five ML-based classifiers (i.e., SVM, K-Nearest Neighbor (KNN),
binary decision tree, Gaussian Process (GP), and generalized linear model) were ad-
dressed to discriminated the LOS and NLOS condition using MATLAB environment
in [16]. The authors drew the conclusion that KNN and GP have better performance in
general compared to the other three evaluated models. Lastly, three ML-based mod-
els (SVM, MLP, and Random Forest (RF)) were investigate to identify binary classes
(LOS and NLOS) for a narrow-band wireless communications in [93]. The authors
concluded that SVM poorly performed compared to the other two models in all of their
evaluations. Meanwhile, MLP and RF showed comparable results.
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5.1.4 Considered the Multi-class Approach and Contributions

The literature review described in the previous section showed that the non-direct path
identification process in UWB has been regarded as a binary classification problem
or hypothesis test (i.e., either LOS vs. NLOS or LOS vs. MP). To the best knowledge
of the author, only two studies looked into the ranging errors identification in UWB
as a multi-class problem [16, 118] except for the author’s co-authored previous work
in [177]. The first work [118] addressed the non-direct path identification process
in UWB ranging as a two-step procedure and SVM was utilized as a ML-based classifier.
In that work, the first step corresponds to identifying the NLOS from a LOS. Next,
the second step proceeds for classification between NLOS and MP condition if the
first step identification process resulted as a NLOS. The second work [16] subdivided
the NLOS situation into two subcategories namely the soft-NLOS and the hard-NLOS
conditions, i.e., in addition to the LOS condition. However, the mentioned work ignored
the impact of MP effects. The categorization between the mentioned two NLOS types
was conducted based upon the material of the obstacles that blocked the LOS condition
and the UWB signal has to pass through by penetration. In their evaluation, the authors
used two types of walls to distinguish a soft-NLOS and a hard-NLOS condition.
On the contrary, the authors’ previous co-authored work [177] addressed a direct

identification of the multi-class classification for UWB ranging signal. In that work, we
defined three classes (LOS, NLOS, and MP conditions) and evaluated three classical
machine learning methods namely SVM, RF, and MLP.
This chapter is the extension of our previous work in [177] by proposing a generic

mitigation technique for multi-class problems in UWB (Section 5.2) as well as by ad-
dressing the comparative analysis of five ML methods in the identification process. The
goal of exploring different models in the evaluation is to demonstrate the feasibility
of the ML techniques as a multi-class classifier for UWB localization system. In total,
five ML-based classifiers (Section 5.4) were evaluated to compare their performances
for the identification process of the UWB ranging-based multi-class problem (Sec-
tion 5.5). The evaluation results showed that even the simplest model namely NB can
provide remarkable outcomes and generalize well on unseen data collected in different
environments from the training process.

5.2 A Generic NLOS Mitigation Technique for UWB

A simple and yet very effective NLOS mitigation technique proposed in our previous
work [175] is presented in this section. The proposal in our previous work was based
solely on a binary class problem. In this section, the generic setting of the mentioned
mitigation technique for a multi-class case was proposed as an extended version. Subse-
quently, two types of implementation processes for the considered mitigation techniques
are briefly explained and demonstrated. Thus, this section was structured with the
formulation of the mitigation technique (Section 5.2.1), the overall description of the
integration process for the mitigation technique (Section 5.2.2), and the exemplary
implementation on the closed-form methods (Section 5.2.3).
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5.2.1 Formulation of the considered Mitigation Technique

This section addresses a very simple and effective NLOS mitigation technique which is
applicable in the majority of the location estimation algorithms (see Chapter 4) utilized
in UWB-based localization systems. For the motivational purpose, the effectiveness
of the said mitigation method was demonstrated using the experimental real-world
data in Figure 5.5. The figure described the comparison of two multilateral location
estimation algorithms in NLOS scenario at static condition, in which one positioning
method used the mitigation technique and the other used the regular one under the
exact same setup and applied algorithm. The results showed that the regular positioning
method produces several outliers data points due to NLOS condition. In contrast, the
mentioned errors can nicely be mitigated by using the mitigation technique provided
in this section (Figure 5.5). To be more specific, the positioning algorithm used in
the figure was based on a true-range Multilateration method for both scenarios. The
measurement was based on four anchors and a tag, in which the direct LOS condition
between one anchor out of the four and a tag was blocked by a human as an obstacle.

In UWB-based positioning systems, outliers mainly occur due to the non-direct path
signals, i.e., NLOS conditions (Fig. 5.5). For this reason, there are several NLOS
identification techniques based on either ML methods addressed in this chapter or a
conventional power threshold technique as discussed in Section 5.1.3. The mitigation
technique presented in this section is a very generic one as it can flexibly be applied in
any UWB-based location estimation algorithms (Chapter 4). The core idea is to generate
a weighting matrix from the identifiable measured ranges and correct the measurement
due to biases in the positioning phase. The pseudo-code of the algorithm regarding the

Figure 5.5: Comparison of the mitigated vs. unmitigated location outputs from Multilateration
method at NLOS condition.
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generation of the weighting matrix for mitigation of the NLOS condition in UWB-based
localization system is expressed in Algorithm 1. For the multi-class problem, i.e., three
classes in our evaluation, the pseudo-code for the weighting matrix, which is used to
mitigate the non-direct path signals (i.e., both MP and NLOS conditions), is given in
Algorithm 2. This implies that the given mitigation technique presented in this section
can basically be utilized in both binary and multi-class problems as needed. In addition,
two feasible implementation processes of the presented mitigation technique are briefly
described in Section 5.2.3 and 5.2.2 respectively.

For the sake of brevity and clarity, the weighting algorithm for binary class scenario
(Algorithm 1) regarding the mitigation technique of NLOS condition in UWB is concisely
explained in this section. The weighting algorithm for the multi-class problem (Algo-
rithm 2) is generally the extension of the explained binary class case and the idea can
easily be grasped by understanding the binary problem expressed here. In general,
the generation of the weighting matrix for the binary class problem firstly assigns
equal weights to all the identifiable measured ranges. There are two inputs in the
presented weighting algorithm for the binary class which are simply the total number
of measurable ranges and the identifiable NLOS conditions in each measurement (Al-
gorithm 1). It should be noted that the proposed technique requires more inputs for
multi-class problems depending on its realizable categories, for instance, three inputs
for three classes (Algorithm 2). Referring back to Algorithm 1, the weight of a specified
range is relegated from its initially given value using a predefined weighting factor (e.g.,

Algorithm 1 Pseudo-code regarding generation of the weighting matrix for mitigation
of the NLOS condition in UWB-based localization system for a binary class
Input: #nl {number of NLOS measurements}
Input: #r {total number of measurements}
1: iw⇐ 1

#r
{initial equal weight value, scalar}

2: W⇐ eye(#r) {initial weighting matrix (identity)}
3: if #nl = 0 then
4: return W {return the identity, no weighting required}
5: else
6: for i⇐ 1 to #r do
7: if measurement i is NLOS then
8: W(i, i)⇐ iw

2·#r
{relegate the initial scalar weight with a factor 1

2·#r
}

9: else

10: W(i, i)⇐ iw +
(iw− iw

2·#r
) ·#nl

#r−#nl
{distribute the surplus from the relegated

weight to the LOS}
11: end if
12: end for
13: end if
14: return W
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Algorithm 2 Pseudo-code of non-direct path mitigation algorithm for multi-classes
Input: #mp {number of MP measurements}
Input: #nl {number of NLOS measurements}
Input: #r {total number of measurements}
1: iw⇐ 1

#r
{initial equal weight value, scalar}

2: W⇐ eye(#r) {initial weighting matrix}
3: if #nl = 0 and #mp=0 then
4: return W {no weighting is required}
5: else
6: for i⇐ 1 to #r do
7: if measurement i is NLOS then
8: W(i, i)⇐ iw

2·#r
{a weighting factor 1

2 · #r
is used for NLOS condition}

9: else if measurement i is MP then
10: W(i, i)⇐ iw

#r
{ here, 1

#r
is used as a weighting factor for MP condition}

11: else

12: W(i, i)⇐ iw +
(iw− iw

2·#r
) ·#nl+(iw− iw

#r
) ·#mp

#r−#nl−#mp
{each LOS portion}

13: end if
14: end for
15: end if
16: return W

1/(2 ·#r) in Algorithm 1) if a NLOS condition is identified in that specific measurement.
Correspondingly, the surplus (excess) of the relegated weight is equally distributed to
all the LOS conditions in the measurement (line no. 10 in Algorithm 1).
It can be realized in Algorithm 1 that the trace (the sum of elements of the main

diagonal) of the generated weighting matrix is always 1 unless all the measured ranges
are in either LOS or NLOS condition. In those extreme cases (all implies LOS or NLOS),
no weighting (equal weight) will be applied to the measured ranges. Moreover, the
weighting matrix W in Algorithm 1 and 2 is generally assumed as a diagonal matrix due
to the fact that the measured ranges are normally independent of each other. Similar to
typical generic algorithm, the predefined weighting factor (i.e., line 8 of Algorithm 1)
can be tuned in order to give a specified weight to a NLOS data based on the system
requirements (e.g. a factor of 1/3·#r, 1/#r, etc. can be used instead of 1/2·#r). In
such a specific scenario, the formulation related to the distribution of surplus (i.e. line
10 in Algorithm 1) should be adjusted accordingly.

5.2.2 Explanatory Integration Process of the Mitigation Technique

The overview of the integration process for the proposed mitigation technique in UWB-
based localization system was depicted as a block diagram in Figure 5.6. The core
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Figure 5.6: Block diagram of the implementation process regarding the mitigation technique
given in this chapter for UWB localization.

idea regarding the implementation of the proposed mitigation technique is that the
information conveyed in the measured ranges shouldn’t change its total quantity as a
whole. In other words, the measured ranges should still pertain to their information
fully in the mitigated process even after the multiplication with the weighting matrix
has been made (Figure 5.6). In simple words, it can be supposed that the vector of the
measured ranges is multiplied by a scalar 1, which should be resulted back to the same
value in total even after the multiplication process. However, the weighting matrix in
the presented algorithm does give priority to some measurements, e.g. more attention
on LOS condition, and less to the others namely NLOS or MP conditions. This results
in an effective and efficient solution for a scenario where the negative impacts of the
non-direct path signals are necessary to be filtered out in a given problem.

Mathematically, this can be accomplished in the close-form least squares method by
multiplying the basic formula with the weighting matrix generated by the proposed
mitigation technique. Specifically, the Multilateration location estimation algorithm
was, indeed, based on the least squares technique so as the first order TS approach
addressed in Chapter 4. Fundamentally, the Kalman-based filters are also built upon the
least squares method under the hood. Therefore, the proposed weighting matrix can
literally be applied in all the considered positioning algorithms addressed in Chapter 4
except for the Trilateration method.

5.2.3 Exemplary Implementation on Closed-form Methods

This section describes the implementation process of the proposed mitigation technique
on two close-form location estimation algorithms namely Multilateration and first-order
TS techniques. In general, the major disadvantage of the OLS approach such as a typical
Multilateration method given in Equation (4.9) from Chapter 4 is that the technique
is very sensitive to outliers [195]. This implies that the estimation of the algorithm
can easily be biased by a few outliers in OLS. In the context of UWB localization, the
outliers in the measurements are mainly due to the NLOS condition in the ranging
phase. To overcome the mentioned problem caused by the outliers, the Weighted Least
Square (WLS) technique is commonly used in the applied mathematics [66]. WLS is
similar to OLS in many ways, and it is, in reality, a more generic approach. For the
Multilateration positioning algorithm, WLS can be derived from Equation (4.9) by
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multiplying both sides of the equations with the weighting matrix generated by the
proposed mitigation technique as follow [66, 195]:

Ax = b

WAx = W b

x = (AT W T WA)−1AT W T W b

x = (AT CA)−1AT C b (5.4)

where, W is the weighting matrix produced by the proposed mitigation technique
described in Section 5.2.1, and C is W T W .

For the implementation process of the mitigation technique in TS-based location esti-
mation algorithm, Equation (4.15) can be rewritten as follows akin to Multilateration:

Hδ =∆d

W Hδ = W∆d

δ = (HT W T W H)−1HT W T W b

δ = (HT CH)−1HT C b (5.5)

where, W is again the weightingmatrix generated by themitigation algorithm addressed
in this section (Section 5.2.1), and C is W T W .

5.3 Setup and Data Preparation for Identification Process

This section describes the experimental setup (Section 5.3.1), the data labeling and
feature extraction (Section 5.3.2), the data collection processes (Section 5.3.3), and
the data preprocessing process (Section 5.3.4) for the identification process of the
non-direct path signals in UWB ranging system.

5.3.1 Experimental Setup

For the data collection process of UWB ranging in our experiments, a DWM1000
module [46] manufactured by Decawave was utilized as the UWB hardware and
STM32 NUCLEO-L476RG [193] development board from STMicroelectronics was used
as the MCU. Table 5.1 gave the hardware configurations used in the data collection
and measurement process for the UWB technology in this chapter.

The evaluation results in chapter 3 showed that AltDS-TWR is the most reliable and
efficient TWR technique in literature. Therefore, AltDS-TWR was applied as the ranging
method for all the collected UWB-based data presented in this chapter. In addition,
the built-in HSI clock source of 16 MHz from the MCU was utilized for time-stamping
of the UWB ranging data because AltDS-TWR can provide accurate ranging without
the need to use high precision external oscillators (Chapter 3). In accordance with the
data-sheet [192] from the manufacturer, the applied built-in HSI clock source has an
accuracy of ±1% using the factory-trimmed Resistor-Capacitor (RC) oscillator.
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Figure 5.7: Illustration of the scenarios where training and test data were collected for evaluation:
(a) A sketch of the building where the experimental data for training and test were collected.
(b) Training data were collected for LOS, NLOS (including human blocking) and MP conditions
in a laboratory, a large hall, and a corridor (blue color in (a)). (c) Similar to (b), test data were
collected in a different room (including different types of furniture and NLOS human blocking)
and a different corridor (red in (a)).

During measurement at the data collection process, one of the two transceivers was
connected to a PC for logging the measured ranging data of UWB via a serial USART
port. The logged data included the extracted features given in Section 5.3.2. Those
logged data were saved into a file for each trial during the measurement campaign. In
order to avoid the effect of Fresnel zones in the measurements, the antenna height was
always maintained at 1.06 m in one of the UWB device under test, i.e., the static one
that recorded the measurement data into the PC.

Table 5.1: Configurations of the primary hardware used in the experimental evaluation.

Types of Hardware Properties Settings

UWB module Module name DWM1000
Data rate 6.8 Mbps

Center frequency 3993.6 MHz
Bandwidth 499.2 MHz
Channel 2
PRF 16 MHz

Reported precision 10 cm
Manufacturer Decawave (Qorvo)

MCU Module type STM32L476RG
Development board NUCLEO-L476RG

Manufacturer STMicroelectronics
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Figure 5.7 illustrates the environments and scenarios where the experimental data
were collected for the evaluation results presented in this chapter. In specific, the
experimental data were collected in three scenarios (two small rooms, a hall, and four
corridors) at seven different places in indoor environments (Figure 5.7). The two
rooms where the data collection was conducted include the 6 m × 6 m laboratory in
CITEC and the 8 m × 6 m communication room. In both of the mentioned two rooms,
different items of typical furniture were in place during the measurement.
The data collected at the narrow corridors (Figure 5.7) were designated for the

examination of the MP condition in the chapter. In this particular case, the direct LOS
signal from the UWB transceivers were indistinguishable due to the multiple reflections
from the narrow walls. In contrast, the NLOS data were achieved by blocking the
communication between two transceivers using a human as an obstacle in all the
measured scenarios depicted in Figure 5.7. Moreover, a thick concrete wall, pieces of
concrete block, and a mixture of wood and metal were also utilized as parts of the
obstacles for generating data regarding NLOS condition in the laboratory room. For
the LOS scenario, the measurement was based simply on no obstacles between the two
transceivers at different settings (i.e., static and dynamic scenarios).

The collected data included both the static and dynamic scenarios in all measurement
campaigns. In the course of the dynamic case, the UWB device attached to the PC for
data logging purposes stayed still as static whereas the other one held by a human was
in motion with random walks. Moreover, the antenna of the UWB device held by a
human was allowed to rotate between 0◦ and 180◦ during the data collection process
for the dynamic case. On the contrary, both the UWB transceivers were at stationary
positions in the static case, in which the antennas of both the transceivers were at 90◦

pointing to an upward or vertical position without any rotation.

5.3.2 Data Labeling and Feature Extraction

The multi-class labels (LOS, NLOS, and MP) predefined for evaluation of the ML-based
classifier in this chapter were manually annotated in the preprocessing phase after the
data measurement and collection processes has been finished. In order to be able to
do this, a block of observed measured data for each trial in the collection process was
saved individually as a separate file into the PC during the measurement campaign.
Regarding this, the experimental data related to each multi-class category (LOS, NLOS,
and MP) were separately collected in different scenarios and the whole block of data
was stored under a unique file name. The block of data means a collection of data
belonging to the same class in a specific environment, which were saved separately
with a unique name in PC as a single file during the measurement campaign.

For instance, the measured data related to a motion of a random walk between 1 m
to 20 m was collected in Corridor 2 (Figure 5.7) for five minutes using an update rate
of 20 Hz. During the measurement, it was made certain that no obstacles were placed
between the two transceivers as well as the measured data were solely based on the
UWB antenna at 90◦ in the upward position. The mentioned block of recorded data was
saved into the PC and annotated the whole measured data within that block as a MP
class in preprocessing phase so that it can be used in ML-based multi-class classification
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process. In the same manner, the LOS and NLOS data were annotated manually for
each trial in the measurement campaign.

Regarding the feature extraction process, twelve features were specifically extracted
from the UWB hardware module namely DWM1000, which was manufactured by
Decawave (Qorvo) [46] (see the applied configuration settings in Table 5.1). Indeed,
the mentioned extracted features were based upon the typical system parameters
essential for identification of NLOS in conventional approach (see Section 5.1.3.1).
This ensures that the use of the mentioned extracted features in ML-based application
has no extra burdens in the identification process of the non-direct path signals in UWB
localization system. For the sake of a complete picture allowable by the applied UWB
hardware, two more features namely standard noise and maximum noise specifically
produced by the DW1000 module were also included as features in the evaluations.
Hence, the full twelve features extracted and saved during the data collection process
and measurements can be categorized as follows:

1. the reported measured distance
2. the compound amplitudes of multiple harmonics in the FP signal
3. the amplitude of the first harmonic in the FP signal
4. the amplitude of the second harmonic in the FP signal
5. the amplitude of the third harmonic in the FP signal
6. the amplitude of the channel impulse response (CIR)
7. the preamble accumulation count reported in the DW1000 chip module
8. the estimated FP power level using (5.1)
9. the estimated RX power level using (5.2)

10. the difference between the FP and RX power level using (5.3)
11. the standard noise reported in the DW1000 chip module
12. the maximum noise reported in the DW1000 chip module

Concerning the above-mentioned twelve extracted features, it should be mentioned
that the data extraction was conducted based solely on the DW1000 chip from De-
cawave (Qorvo) as the UWB hardware. It is expected that the mentioned features can
also be able to extract in other UWB-based vendors in the market even though the
author haven’t tested it yet at the time of writing this dissertation.

5.3.3 Data Collection Process for Two Independent Test Scenarios

Two independent test data-sets based on two unrelated environments were utilized
to present the experimental evaluation results given in Section 5.5. For this reason,
the data collection process for test datasets can be divided into two scenarios. The
mentioned two test scenarios for evaluating the multi-class classification of five ML
models in this chapter can be categorized as follow:

• Test Scenario I:was based on the datasets split as unseen data for testing purposes
from the data used in the training process. In other words, the test dataset from
scenario I comes from the same environments (i.e, room, hall, corridors, etc) as
the training data, in which a subset of it was split as unseen data.
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• Test Scenario II: was based on the datasets separately collected at completely
different environments (i.e, room, hall, corridors, etc) from the datasets used in
the training process. The main goal here is to evaluate the generalization of the
trained ML model in unseen environments.

In short, the evaluations using the data from test scenario I were designated for
unseen datasets whereas the test scenario II was dedicated to the unseen environments.
With this in mind, the collected UWB ranging data are partitioned into two groups. The
data in the first group were used for both training and validation of the five ML-based
classifiers addressed in this chapter as well as presentation of the classification results
for test scenario I (i.e., model evaluation based on the unseen data). In contrast, the
data in the second group were used only for the investigation of the model performance
for the test scenario II (i.e., model evaluation based on the unseen environments).
Regarding this, the datasets for the first group were collected from the measure-

ment environments at the laboratory, the hall, and the first corridor illustrated in
Figure 5.7 (b). Specifically, 185.790 sample observations were gathered after equally
balancing the considered three classes (LOS, NLOS, and MP) for model training and
evaluation of the test scenario I. This implies that the three classes belonged to 61.930
data points each. For evaluation of test scenario I, thirty percent of the data points
were left out as unseen datasets by random shuffling in each trial conducted in Sec-
tion 5.5. The classification results achieved using the mentioned evaluation datasets
are categorized as outcomes from test scenario I in the chapter (Section 5.5).

In fact, the process of evaluating the classification results based on test scenario I was
a common practice for representing evaluation results in most UWB-based literature [16,
118, 208]. In some papers, the datasets used for testing purpose was differentiated by
deliberately switching the subject of the experiment (for instance, a person who carried
the UWB device in [16]). Nevertheless, the environment used in the data measurement
process remained unchanged in those settings.
On the contrary, a test scenario II was created to examine the generalization of the

trained ML-based models in this chapter. The measurement campaign specifically for
test scenario II was conducted in different environments from the above-mentioned
test scenario I, i.e., a different room with various items of furniture in three different
corridors (Figure 5.7 c). The results achieved from the second environment were
expressed as outcomes from the test scenario II in the chapter (Section 5.5). In total,
36.015 data points were gathered for test scenario II after balancing the data for the
three considered classes (LOS, NLOS, and MP). Again, this implied that each class
belongs to 12.005 data points for test scenario II.

5.3.4 Data Preprocessing

The raw UWB datasets obtained from the measurements and discussed in the previous
subsection were imbalanced for the considered three classes (LOS, NLOS, and MP) in
the initial states. In fact, this phenomenon is very common in real-world data collection
processes for ML-based applications. Class imbalance is a term used in cases where the
number of collected samples in classes is not the same. In other words, one or more
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classes of the samples are considerably smaller or larger than those belonging to other
classes. In such cases, a re-sampling technique [28] is one of the widely used methods
to deal with imbalanced data in classification problems.
A random under-sampling technique [28] was applied to balance (i.e., making the

three considered classes to possess an equal amount of data) the gathered UWB ranging
data. In the under-sampling method, the class that belongs to the smallest number of
sample observations is usually set as a base class. Then, the classes with higher samples
of observation were lowered to balance with the total number of the base class by
randomly selecting their member elements. This confirmed that there was no artificial
data generation involved in the sampling process apart from real measured data.
Moreover, feature importance plays a crucial role in many ML-based applications

especially when the use cases are intended for edge devices. Our previous work in [177]
showed that three out of the twelve features have more impact on the identification of
the non-direct path signal in UWB ranging data. Nevertheless, the evaluated results
presented in this chapter were based on the full twelve features given in Section 5.3.2
for the sake of uniformity across all the evaluated ML-models.

In many ML models, feature scaling technique (i.e., scaling the data using standard-
ization or normalization method) usually enables a faster training time and a better
overall system performance. However, the impact of the mentioned feature scaling
depends strongly on the applied ML-methods, and no effects were shown in some
models (e.g., RF has no effects on the feature scaling process in UWB data [177]). For
the sake of uniformity across the evaluated ML-models, standardization-based feature
scaling was used in all the presented models in this chapter. Standardization refers to
scaling the data into a mean of zero and a standard deviation of one (unit variance).

5.4 Machine Learning Models for Identification of the
Non-direct Path Signals

Five machine learning models (NB, SVM, RF, LightGBM, and MLP) were evaluated for
the identification process of non-direct path signals in this chapter. NB was considered
as a baseline model for the evaluation.The brief description and setup used in the
implementation of each classifier are given in the coming subsequent sections.

In general, several parameters are necessary to tune in ML-based classifiers to achieve
the optimized results. In addition, every classifier has its own specific hyper-parameters,
which cannot be directly comparable with other classifiers. Therefore, the comparative
analysis under exactly the same parameters for all classifiers was implausible. Therefore,
the comparative results given in this chapter were based on the chosen most relevant
and influential characteristics in each classifier.

For the reproducible results, the parameters regarding each evaluated classifier (e.g.,
the activation function, optimizer, earlier stopping criteria for the training, learning rate,
etc.) were based on the default setting of the scikit-learn [159] library (Version 1.1.1)
and Microsoft’s LightGBM library3 (Version 3.3.2) if nothing is explicitly described. In

3https://github.com/microsoft/LightGBM
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addition, the descriptions of each presented ML model are given at an abstract level for
the sake of brevity since their technical details are widely and openly available in the
public domain. Instead, the systematical analyses of the evaluation results produced by
each model were thoroughly discussed in a comparative manner (Section 5.5).

5.4.1 Naive Bayes Classifier

NB classifier is one of the simplest, most efficient, and effective machine learning algo-
rithms, commonly used as a base model in many ML-based comparative analyses [232].
Theoretically, NB classifier is a subset of probabilistic classifiers that are capable of
producing a probability distribution regarding its prediction in addition to outputting
the most likely class in a given problem. In NB, it is assumed that all the features fed
into the algorithm for the prediction of a class are independent, i.e., naive assumption.
In general, the features in the real-world data are usually correlated to each other
and the assumption is rarely true. However, it is evident in many applications that the
performance of NB algorithms are surprisingly good, especially in classification problem.
Regarding this, a systematic investigation of the main cause was also examined in [232].

In this dissertation, the NB classifier was regarded as the base model for contrasting
and comparing the performance of the other evaluated four algorithms. The implemen-
tation of the NB classifier in this chapter was based on the Gaussian distribution [27]
denoted as a Gaussian NB classifier in scikit-learn library.

5.4.2 Support Vector Machine Classifier

SVM is a type of classical ML algorithm that is widely used in classification and regression
problems [37, 197]. SVM rooted strongly from the framework of statistical learning
theory [189]. In the past, SVM was one of the most influential ML techniques in the
ML community due to its robustness and superior performance while maintaining
less adjustable parameters in comparison with the deep learning approaches [138].
In a nutshell, the data provided as an input into the classifier were separated by a
hyper-plane in SVM and outputted back as predefined classes. The main task of the
mentioned hyper-plane in SVM algorithm is to maximize the margin between separable
classes in the input data as wide as possible.
In general, the choice of the kernel types in SVM has a strong influence on its

outputted performance (e.g., overall accuracy) especially in UWB measurement data.
Our previous work in [177] showed that the Radial Basis Function (RBF) kernel provided
the highest performance compared to other available kernels in SVM whereas using the
Sigmoid function as the kernel gave the poorest performance. Thus, all the presented
results given in this chapter for SVM classifier were based on the RBF kernel.

5.4.3 Random Forrest Classifier

RF is one of the most widely used ensemble ML techniques for classification and
regression tasks. In the nutshell, RF combines the predictions of numerous decision
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trees in the forest to produce a more accurate and reliable outcome compared to its
individual prediction [20]. Generally, the decision trees in the forest are grown using
a random vector in which its values are assumed to be independently and identically
distributed. The core advantages of RF include: (i) less likely to be over-fitted in the
training data due to the outcomes of RF relying on the average of several decision trees,
and (ii) the low rate of prediction errors as this occurrence happens only when more
than half of the decision trees has made the wrong prediction in RF. By contrast, the
disadvantage is that RF is basically a more complex and computationally expensive
classifier than the simple decision tree algorithm.
In brief, the more trees in the forest, the better the prediction for RF algorithm.

However, this flexibility comes with the cost of the processing time required for training
and actual test scenario. Based on our previous work in [177], the prediction accuracy
of RF increased steadily as the number of decision trees in the forest increased. Though,
the improvement slowed down when the number of trees in the forest was more than 50,
particularly for the evaluated UWBmeasurement data. Therefore, the evaluation results
given in this chapter for RF are based on 50 decision trees.

5.4.4 Light Gradient Boosting Machine Classifier

LightGBM, a.k.a. Histogram-Based Gradient Boosting, is a class of decision trees-based
ensemble ML algorithm which is originally proposed by Microsoft in [110]. LightGBM
is primarily used for ranking, classification, and regression tasks of the tabular data. In
fact, the LightGBM was designed to improve the efficiency, faster training speed, and
scalability of the most widely used ensemble ML technique called Gradient Boosting
Decision Tree (GBDT) [110] algorithm. Regarding this, LightGBM uses a histogram-
based technique for improving the learning process of decision trees in contrast to the
pre-sort-based algorithm in other variance of GBDT methods.

Moreover, LightGBM uses the leaf-wise tree growth approach in its ensemble method,
which is in contrast to the depth-wise tree growth method typically used in many other
popular ensemble ML-based algorithms. The experimental results carried out by the
original authors showed that the leaf-wise growth algorithm had the ability to converge
much faster than its counterpart depth-wise growth approach [110]. However, it should
be noted that the leaf-wise growth approach may over-fit easily on the training data, if
the appropriate parameters in the algorithm are not used.

Following the chosen parameters given in RF, the total number of boosted trees for
LightGBM classifier was set as 50 for our evaluation in this chapter. The rest of the
parameters are based on the default setting given in the LightGBM library, which is
version 3.3.2 by the time of writing this dissertation.

5.4.5 Multilayer Perceptron Classifier

MLP is basically a deep feed-forward Artificial Neural Network (ANN) typically com-
posed of at least three layers (an input layer, a hidden layer, and an output layer) in its
structure [89]. In MLP, the neurons in the hidden and output layers are usually used
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with the nonlinear activation functions such as Rectified Linear Unit (ReLU), leaky ReLU,
Sigmoid, Softmax, etc. The term deep is generally used in the MLP if the network needs
to be constructed with more than one hidden layer. Moreover, the back-propagation
algorithm [167] is basically used for training the constructed network in MLP.

According to our previous work [177], there was a significant increase in the overall
accuracy by adding a second and third hidden layer to the network. However, the im-
provement was meager when more than 3 hidden layers were used for a network. In
terms of the number of neurons per layer in the network, the use of 128 neurons in
three hidden layers for MLP network seems the optimal choice (see more detailed
analyses on this matter specifically for UWB data in our previous work [177]).
Therefore, the MLP classifier applied in this chapter was composed of three hidden

layers with 128 neurons in each layer. For the activation function, a ReLU was utilized
for each hidden layer and the Softmax function was used in the output layer. Adaptive
Moment Estimation (Adam) was utilized as the optimization algorithm in the network.
During the training process, the maximum epoch was set to 500 with an early stopped
condition if there is no improvement of training loss for 10 consecutive times.

5.5 Experimental Evaluation Results

This section examines the experimental evaluation results produced by fiveML classifiers
for the identification of non-direct path signals in UWB based on three quantifying
metrics. Firstly, Section 5.5.1 quantifies and compares the performance of the evaluated
five ML-based classifiers based on single score value metrics namely the overall accuracy
and the macro or micro average F1-score. Likewise, Receiver Operating Characteristic
(ROC) curve and Area Under Curve (AUC)-ROC were used as the second metric for
validating the outcomes of classification results regarding the identification of non-
direct path measured ranges in Section 5.5.2. Thirdly, a complete confusion matrix was
used to analyze the insightful knowledge of performance (Section 5.5.3).
The classification results presented in this section are based on two test scenarios

defined in Section 5.3.3. For the sake of clarifying the usage of terms, the two defined
test scenarios are described again here in short as follows:

• Test Scenario 1: was designated for evaluating the trained ML- models based on
the unseen datasets. Correspondingly, the data for test scenario 1 were separately
split from training and validation datasets. However, the mentioned unseen test
datasets come from the same environments as training.

• Test Scenario 2: was designated for evaluating the trained ML- models based
on the unseen environments. The main purpose is to analyze the generalization
of the evaluated ML-model in real-world settings. Accordingly, the data in test
scenario 2 were gathered from environments different from the data used in the
training process (i.e., a different room, corridor, etc.).
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5.5.1 Performance Comparison based on Accuracy and F1-Score

Single score metrics namely an overall accuracy and a macro average F1-score were
chosen as quantifying measures for the comparative analysis of five ML models ad-
dressed in this Section (Figure 5.8). As stated in Section 5.3.4, the training and test
datasets were balanced in preprocessing phase. Hence, using the overall accuracy as a
quantifying metric is simple, intuitive, easy to understand, and valid (Figure 5.8 (a)).
However, it should be noted that the outcomes from highly populated classes will have
more impact on the accuracy score in the case of imbalanced datasets [77]. Accuracy
can be formulated by using the numerator as the sum of true positive and true negative
(i.e., diagonal values in the confusion matrix) and the denominator as the sum of all
elements in the confusion matrix.

To countercheck the classification results reported based on the accuracy as a decisive
metric, a macro average F1-score has also been utilized in this section (Figure 5.8). In
general, the F1-score takes both the precision and recall from the confusion metrics to
produce a decisive single score [16, 190]. In fact, it is a harmonic mean or weighted
average of the precision and recall, which can be formulated as:

F1 = 2 ·
Precision ·Recal l

P recision+Recal l
(5.6)

For a multi-class problem, there are two common ways to calculate the overall single
value F1-score for a classifier, i.e., the macro-average F1-score and the micro-average
F1-score [190]. Macro-average F1-score treated all the classes equally to compute the
average score whereas the micro-average F1-score computes the mentioned average
metric by aggregating the individual contributions of all classes. In this chapter, macro-
average F1-score was utilized (Figure 5.8 (b)) because the balanced datasets used in the

Figure 5.8: Performance comparison of five ML-based classifiers based on the overall accuracy
and macro-average F1-score at two test scenarios: (i) test scenario 1 was designated for the
unseen data, and (ii) test scenario 2 was intended for the unseen environments. The presented
values were based on the average results of 10 experimental trials for each classifier.
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evaluations showed that there were no significant differences between the mentioned
two F1-scores in the results (see Figure C.11 in Appendix C for more details).
Using the mentioned accuracy and macro-average F1-score as decisive metrics, Fig-

ure 5.8 compares the experimental evaluation results of five classifiers in two test
environments (test scenario 1 and 2 as previously defined in Section 5.3.3 and 5.5).
The presented results in the figure were based on the average of 10 experimental trials
for each considered five algorithms. Overall, the evaluation results showed that there
were no considerable gaps between the defined two environments namely test scenario 1
and 2 in all classifiers in terms of accuracy and macro F1-score (Figure 5.8). Besides,
Figure 5.8 revealed that the trend of the results in both considered metrics (accuracy
vs. F1-score) are very similar in both environments (test scenario 1 and 2).

In short, all the classifiers (excepts for the base model NB) provided impressive
outcomes in the environment of test scenario 1, in which RF, LightGBM, and MLP
achieved more than 93 % in accuracy score and 0.93 in macro F1-score (Figure 5.8). The
performance score of SVM was essentially higher than the baseline NB method though
it is substantially lower than the scores produced by the rest of the three classifiers.
On the contrary, the performance scores (i.e., accuracy and macro F1-score) of

all classifiers were notably degraded in test scenario 2 environments. To be more
specific, the resultant mean of MLP classifier was reduced approximately more than
20 % in test scenario 2 compared to test scenario 1. Similarly, the outcome of RF was
reduced roughly around 19 % whereas it was circa 18.5 % in LightGBM. Interestingly,
the performance of SVM was reduced only circa 7.8 % in test scenario 2 as well as it
was found to be the best classifier among the evaluated five models in this specific
environment (Figure 5.8). Surprisingly, the results showed that the base model NB
classifier was the only model that even improved its performance up to 5.8 percent in
test scenario 2 based on both measuring metrics (accuracy and macro F1-score).

The evaluation results pointed out that drawing a conclusion based only on a single
test scenario (e.g. using only test scenario 1) could be misleading in some cases. The
main reason is that the measured UWB ranges can be affected by a variety of physical
impacts in indoor environments [177]. However, it is kind of a common practice in
presenting UWB-based classification results as described in Section 5.3.3. In a nutshell,
the lowest F1-score was evident with 0.59 in the based model NB classifier at test
scenario 1, and the highest score reached 0.95 using LightGBM in all the experiments.
In this regard, the experimental results in Figure 5.8 proved that the ML-classifiers,
regardless of the type of the models, can effectively identify the non-directly path signal
of UWB-based ranging data in multi-class settings. Based on these results, it can be
concluded that the ML-based classifiers are very promising and showed a potential to
increase the performance of non-direct path signal identification processes in UWB
compared to its counterpart traditional approaches explained in Section 5.1.2.

5.5.2 Comparative Analyses based on ROC Curve

One important performance measure for classification problems is the use of ROC-AUC
curve, which is applicable in both balanced and imbalanced datasets. The ROC is a
2D plot, in which the True Positive Rate (TPR) is usually utilized on the Y-axis and
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Figure 5.9: Comparison of the evaluated five ML-based classifiers at test-scenario 1 using macro-
average ROC curves and their corresponding AUC values.

False Positive Rate (FPR) on the X-axis. The AUC part represents a summary of the
model skill, which is convenient to compare multiple models on the same datasets. In
this section, ROC curves and their corresponding AUC scores were used to compare
the performance of five classifiers for identification of the non-direct path signals in
UWB-based ranging system (Figure 5.9 and Figure 5.10). The aim of ROC curve is for
analyzing the detection or sensitivity rate of a ML-based predictor while minimizing
the false alarm rate as low as possible. As such a good performing model will be drawn
with its ROC curve closed to the top left of the graph. In ROC curve, the diagonal line in
the middle of the graph represents the baseline unskilled random guess classifier. Thus,
the ROC curve of the less powerful model will be closer to that mentioned diagonal
line. Similarly, the greater the AUC score in the graph, the better the classifier is.

Figure 5.10: Comparison of the evaluated five ML-based classifiers at test-scenario 1 using
macro-average ROC curves and their corresponding AUC values.
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For the sake of clarity and better visualization, this section compared the ROC curves
for five evaluated classifiers based on the macro-average score. For individual models,
the detailed ROC curves for each classifier at two test environments (test scenario 1 and
2) were given in Appendix C (i.e. Figure C.4, C.5, C.6, C.7, C.8, and C.9). Regarding
test scenario 1 using macro-average ROC curves, Figure 5.9 gave the comparison of
five classifiers as well as their respective AUC values. The trend of the outcomes in the
experiments was very similar to the results produced by the single value accuracy and
F1-score addressed in the previous section. In specific, the LightGBM, RF, and MLP
classifiers produced comparable results using ROC curves and the same AUC values of
0.99 within two decimal point precision.

Similar to the result produced by accuracy and macro F1-score, the ROC-AUC showed
that all the evaluated models were degraded their performance except for NB classifier
in test scenario 2 (Figure 5.10). However, the experimental results revealed that it is
hard to distinguish the performance differences among four classifiers excluding the
base NB model in ROC curves. Moreover, the AUC values of the mentioned four models
were comparable to each other as well (Figure 5.10).

Overall, the ROC-AUC curves reported the same story of results with different metrics
compared to the outcomes from accuracy and macro F1-score (Section 5.5.1). However,
the value provided by the AUC in ROC curves tends to be larger than the accuracy and
macro F1-score. Moreover, the ability to separate the performance differences between
a few classifiers were a bit harder using AUC values in ROC curves compared to the
accuracy and macro F-1 score (i.e., LightGBM, RF, MLP in Figure 5.9 and 5.10).

5.5.3 Evaluation of the Results Using Confusion Matrix

The considered single score metrics (i.e., accuracy, F1-score, and characteristics in
the ROC curve) discussed in the previous sections were, indeed, based on parts of the
element from the confusion matrix. The single score metrics are good for evaluating
and visualization of the performance differences among ML-based models. However,
the details of how the classifier produces the said metrics were usually hidden under the
hood and the insightful details of the actual conditions are usually hard to understand
in most cases. To examine the mentioned classification results more extensively, the
outcomes of the complete confusion matrices were given in this section. For the sake
of brevity, two classifiers namely LightGBM and NB (the base model) were chosen as
a representative in this section. The detailed classification results for the rest of the
classifiers were depicted and can be found in Appendix C.

For confusion matrix discussed in this Section (Figure 5.11 and Figure 5.12) as well
as Figure C.2, C.3 and C.1 in Appendix C, the output class in the Y-axis refers to the
prediction of the classifier. On the contrary, the target class in the X-axis refers to
the true reference class of the classifier. The overall accuracy, as well as the macro
average F1-score of the classifier, were provided at the bottom of each confusion matrix
as a single score value in order to see the overall results. The correct predictions
for each class (LOS, NLOS, and MP) were displayed in the diagonal of the realized
confusion matrix. The off-diagonal values in the confusion matrix represented the
Type-I error (i.e., False Positive) and Type-II error (i.e., False Negative).
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Figure 5.11: Comparison of confusion matrices for LightGBM classifier at two test scenarios: (a)
test scenario 1 (i.e., evaluation of the trained model on the unseen datasets), (b) test scenario 2
(i.e., evaluation of the trained model on the unobserved environments).

Concretely, Figure 5.11 depicted the confusion matrices for both test scenario 1
and 2 produced by the LightGBM classifier. In the test scenario 1, LightGBM was able
to classify all the realized three classes (LOS, NLOS, and MP) with equal amount of
separation (see the diagonal of confusion matrix in Figure 5.11 (a)). The results also
showed that both Type I and Type II errors were relatively small (the off-diagonal values
in the matrix). In specific, the correct predictions of LightGBM in test scenario 1 were
quite high and welly distributed, i.e., approximately around 31 % for each considered
three classes. At the same time, the miss-classification rate was also pretty small, i.e.,
less than 1.7 % for all the three classes. In fact, the equivalent results and comparable
conditions were produced by the RF and MLP classifiers in the test scenario 1 (see the
details confusion matrices for the mentioned two classifiers in Appendix C).

Figure 5.12: Comparison of confusion matrices for NB classifier at two test scenarios: (a) test
scenario 1 (i.e., evaluation of the trained model on the unseen datasets), (b) test scenario 2 (i.e.,
evaluation of the trained model on the unobserved environments).
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In contrast, the significant performance degradation was evident in test scenario 2
using LightGBM classifier (see the changes of color palette in the off-diagonal of the
confusion matrix in Figure 5.11 (b)) as already observed previously using accuracy
and F1-score. The great thing about using the confusion matrix as a decisive metric
was that it precisely showed us which class was the core responsible for the decrease in
performance. In this specific UWB-based classification problem, the evaluation results
clearly showed that the identifiable condition of MP situation was the main cause of
the decay in the classifier’s overall system performance (Figure 5.11 (b)). Indeed,
the correct prediction rate of LOS and NLOS conditions was decreased as well in test
scenario 2. However, the mentioned two rates were circa 3 times lower than the MP
condition. Again, the similar trends regarding test scenario 2 was observed in the rest of
the evaluated classifiers in this chapter namely RF, MLP, and SVM (see Figure C.1 (b),
Figure C.2 (b), and Figure C.3 (b) in Appendix C).
It is exciting to realize that all the considered classifiers were capable of correctly

predicting the NLOS condition in test scenario 2 with pretty high accuracy (see the
image on the right site of Figure 5.11, C.1, C.2, and C.3). Moreover, the false negative
rate of the NLOS (i.e., a classifier falsely classifies a NLOS condition as either a LOS
or MP) was considerably low in all the experimental results produced by the four
classifiers (excluding the base model) in test scenario 2. In UWB ranging system, the
false negative rate especially for the NLOS condition is crucial because the highest
error in the localization system was due to this specific condition as discussed in
Section 5.1.1. On the contrary, the false positive rate of NLOS condition (i.e., a classifier
incorrectly classifies either a LOS or MP condition as a NLOS) in UWB localization
system is less important compared to false negative rate because the impact on the
mitigation technique as a result of this incorrectness is insignificant. For instance, a
mitigation technique (Section 5.2) gives less weight to the NLOS condition and the false
classification of the LOS as the NLOS in this example doesn’t hurt the overall system
performance that much. This is because the location algorithm can still rely on other
correctly classified data supposing that multiple ranges are available in the system.
Conversely, the false negative rate (e.g. classifying the NLOS condition as a LOS) in the
above-mentioned example is problematic as the mitigation technique will give more
weight to the NLOS condition, which is falsely classified in this case. Consequently, the
overall system performance will be directly affected in the mentioned situation.
For reference, the confusion matrix for the two test scenarios regarding the base

model NB classifier was also given in Figure 5.12. The confusion matrix showed that
the impressive improvement of the classification results in test scenario 2 was due
to the ability to correctly identify the LOS and NLOS conditions (Cf. Figure 5.12 (a)
and (b)). Akin to the rest of the four classifiers, the results showed that there was a
decrease in correctly identifying the MP situation using NB classifier in test scenario 2 as
well (Figure 5.12 (b)). Similar results were evident in SVM (Figure C.3 in Appendix C).

5.5.4 Computational Time Comparison

For evaluating the computation cost of the considered five ML-based classifiers, the
processing time during training and testing of the ML-model were measured on a test-
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Figure 5.13: Comparison of training and testing time for the five evaluated classifiers. The
described numbers in the image refer to the processing time per sample for each ML model. The
values were based on the mean of 10 experimental trials using a test-bed machine.

bed machine. The test-bed machine was configured to use a single core CPU for each
classifier during the process with the aim of uniformity. Ten experimental trials (i.e.,
generating 10 ML models in total) using the same datasets were evaluated and the
presented results given in Figure 5.13 were based on the mean processing time in
microseconds per a single sample for the test-bed machine to accomplish the given
task (i.e., training or testing the model using the provided data). Overall, the lower the
processing time, the better the performance of the classifier.
For the sake of better visualization, the training time required for the test-bed

machine in each classifier was sorted in an ascending order (Figure 5.13). The results
showed that NB is extremely fast to train compared to the other four classifiers. It
was also evident in the evaluation results that the training time required for the two
ensemble-based ML methods (RF and LightGBM) were pretty fast compared to the
SVM and MLP (Figure 5.13). Within the two ensemble methods, LightGBM was
approximately 10 times faster than the RF under the same level of applied decision
trees in the evaluation (i.e. 50 for each ensemble method as described in Section 5.4).
The evaluation results revealed that MLP has the worst performance in terms of training
time which was followed by the SVM. Both SVM and MLP required the training time in
the order of several milliseconds per sample (i.e. circa 3 ms in SVM and 6 ms in MLP).
In contrast, the training time per sample in the ensemble methods was in the order of
microseconds whereas the same task can be accomplished within a few hundreds of
nanoseconds using NB classifier (Figure 5.13).
In terms of the test time, the evaluation results indicated that SVM had the worst

performance among the evaluated five classifiers reaching up to 1.4 ms per sample (Fig-
ure 5.13). Meanwhile, the average test time per sample required by a test-bed machine
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for the rest of the four classifiers was under 12µs. Appealingly, the test time required
for the MLP was quite low (i.e., 8.72µs in the test-bed machine) and its performance
was even better than the RF classifier. Overall, the experimental results suggested that
the test time for LightGBM, RF, and MLP were comparable to each other, in which
LightGBM gave a slightly better performance. Again, the NB appeared to be the fastest
among the five classifiers giving the best performance in terms of test time.
In a nutshell, the experimental evaluation results showed that NB classifier is re-

markably fast in both training and test time (Figure 5.13). This ability reflects one of
the reasons why the NB classifier was quite popular as a baseline model in many ML-
based applications. In addition, it was also evident in the previous section that the
generalization of the NB model is quite impressive even in test scenario 2. Though
the overall performance of NB, in general, was lower than the other ML classifiers.
Likewise, the results disclosed that the training and test time required by the test-bed
machine for LightGBM classifier was impressively fast (Figure 5.13). Moreover, the
LightGBM scored the highest performance in terms of overall accuracy and F1-score in
test scenario 1. Notably, the test time of MLP was also quite fast, which again reflect
its widely used cases in many ML-related applications [16, 28, 190] even though the
training time is the slowest among the evaluated classifiers (Figure 5.13). Interestingly,
the evaluation results revealed that the SVM, which showed the best performance in
terms of accuracy and F1-score in test scenario 2, was extremely slower than the rest
of the classifiers with regard to test time as depicted in Figure 5.13.

5.5.5 Detailed Summary of the Classification Results

In summary, the multi-label classification of the UWB-based ranging data was addressed
in this chapter (Section 5.5) and the results were quantified by using single score matri-
ces as well as the complete confusion matrix. In fact, single score metrics are convenient,
easy to understand, and truly useful in comparative analyses of different models. How-
Table 5.2: Summary of the results based on the F1-scores and overall accuracy. The presented
results were based on the average of 10 individual trials for each classifier.

Scenarios Classifiers F1-Scores Macro avg. Micro avg. Accuracy

LOS NLOS MP F1-Score F1-Score (%)

NB 0.63 0.60 0.53 0.59 ± 0.0014 0.60 ± 0.0012 59.58 ± 0.12
Test SVM 0.85 0.84 0.88 0.86 ± 0.0010 0.86 ± 0.0010 85.69 ± 0.10

Scenario MLP 0.93 0.94 0.93 0.93 ± 0.0020 0.93 ± 0.0020 93.13 ± 0.20
I RF 0.94 0.95 0.94 0.94 ± 0.0009 0.94 ± 0.0009 94.39 ± 0.09

LightGBM 0.94 0.96 0.94 0.95 ± 0.0006 0.95 ± 0.0006 94.60 ± 0.09

NB 0.72 0.74 0.43 0.63 ± 0.0009 0.65 ± 0.0007 65.41 ± 0.07
Test SVM 0.79 0.82 0.71 0.78 ± 0.0009 0.78 ± 0.0009 77.81 ± 0.09

Scenario MLP 0.69 0.78 0.70 0.73 ± 0.0127 0.73 ± 0.0119 72.85 ± 1.19
II RF 0.77 0.79 0.68 0.75 ± 0.0021 0.75 ± 0.0021 75.91 ± 0.21

LightGBM 0.77 0.79 0.71 0.76 ± 0.0037 0.76 ± 0.0039 75.91 ± 0.39
The bold numbers refer to the best performance scores for each class (LOS, NLOS, and
MP) and each classifier based on the metrics and scenarios.
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ever, the insightful information of the prediction provided by each classifier is usually
inaccessible. Concerning this, the confusion matrix revealed the more insightful details
of the prediction results provided by a certain classifier.
For reference informational purposes, the detailed summary of single score metrics

(i.e., the accuracy and F1-scores) used in this chapter were given in Table 5.2. In
addition, the table also included the individual F1-score for the three classes (LOS,
NLOS, and MP) defined for UWB ranging data in this chapter. Based on the data
given in Table 5.2, it is hard to clarify that the correct perdition of MP condition is
generally low in all considered ML models in this chapter. Conversely, the mentioned
phenomenon can be disclosed clearly in Section 5.5.3 by using confusion matrix.

5.6 Chapter Discussion and Conclusion

The primary challenge for persistent quality assurance in UWB-based localization
system is dealing with the NLOS conditions, i.e. non-direct path signal propagation
in UWB-based measurement, because it deteriorates the overall system performance.
Therefore, the differentiation between the LOS, and the non-direct path signals is crucial
in the enhancement of the location services provided by the UWB system. This chapter
addressed the identification of the non-direct path signals in UWB ranging systems as
a multi-class problem (i.e., by defining three classes namely LOS, NLOS, and MP). In
addition, the mitigation technique for multi-class settings to overcome the error caused
by the mentioned non-direct path signals in UWB was also introduced (Section 5.2).
The consideration of UWB ranging data as a multi-class problem was opposed to the
binary classification approach (i.e., LOS vs. NLOS) commonly practiced in literature.
In general, the main errors during measurement in UWB-based ranging systems

are due to the non-direct path signals as stated previously at the beginning of the
chapter. Therefore, the identification and mitigation of that error are crucial for UWB
localization system. For that specific reason, there are many approaches regarding the
identification processes in literature as discussed in Section 5.1.3. In this chapter, ML-
based techniques were addressed by defining the identification process as a multi-class
problem (i.e., LOS, NLOS, and MP). In the evaluation, five ML-based algorithms (NB,
SVM, ML, RF, and LightGBM) were examined as a classifier (Section 5.4). Several
quantifying metrics (i.e., accuracy, F1-score, ROC curves, and confusion matrix) were
used to evaluate and compare the performance of the mentioned five ML classifiers.

Overall, the experimental results showed that the environments where the measure-
ment was conducted had a strong impact on the quality of all the ML-based classifiers
for identification of the non-direct path signals addressed in this chapter. This implied
that the notable degradation in all the classifiers’ outputs at test scenario 2 in contrast to
the test scenario 1 (Section 5.5). Regarding this, one can argue that this phenomenon
occurred due to the over-fitting of examined classifiers during the training phase. How-
ever, the same behavior was discovered in all the five ML models even when different
hyper-parameters were tuned accordingly. Concerning this, more details can be ob-
served in our previous work [177]. Moreover, the mentioned phenomenon occurred
due to parts of the generalization problem caused by the incapability of adequate data
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that fully represented the conditions defined in the three classes. As a consequence, the
trained model performed relatively well using the data from the same environment (i.e.,
test scenario 1) dropped its performance drastically when fed with the data gathered
from different environments (i.e., test scenario 2). As a matter of fact, judging the
performance of ML models based on test scenario 1 (i.e., unseen data gathered from
the same environments as training) is the typical practice in reporting the results of
UWB related data in literature [16, 118, 208]. In this chapter, the elaboration was
further made by examining the results in test scenario 2 (i.e., evaluating the trained
ML-models on the unseen environments).

Moreover, it is worth mentioning that collecting the UWB-related data for the defined
three classes (LOS, NLOS, MP) in this chapter was not straightforward, time-consuming,
and complex because of the very nature of wireless signal propagation. This implied
that the measured UWB signal could be affected differently by the environment where
the measurement was conducted due to the conditions and types of materials, walls,
furniture, etc. The main attempt in this chapter was to examine the feasibility of the
ML approaches on the identification of the non-direct path signals as a multi-class
problem, which is basically in contrast to the conventional methods and techniques
described in Section 5.1.3. Based on the experimental evaluation results using single
score metrics (Section 5.5.1), it can be concluded with high confidence that the ML
approaches to identification of non-direct path signals in UWB ranging system are very
promising, and the outcomes achieved in the evaluations were also quite satisfying. In
brief, the experimental results showed that even the simplest ML classifier namely NB
was capable of producing more than 59 % in terms of overall accuracy, which is, indeed,
the worst case scenario observed in the experiments. On the contrary, the best case
scenario showed up to 94.6 % during the experimental evaluation (Section 5.5.1).
In addition, the evaluation results showed that both the macro average F1-score

and micro average F1-score had comparable outcomes based on the balanced UWB
ranging datasets examined in the chapter. Interestingly, the mentioned F1-scores were
more or less identical in values produced by the overall accuracy score in both test
scenario 1 and 2. Moreover, the comparative analysis of the outcomes produced by
each classifier was evaluated in Section 5.5.2 using ROC curves and the evaluation
results were consistent as given by the single value metrics. Generally speaking, the
AUC valued produced by the ROC curves are typically higher than the single value
metrics (accuracy and F1-score). However, the trend of the results (i.e. which classifier
performs best or worst in certain test conditions) observed in ROC curves remained
pretty much the same as the single score values (i.e., accuracy and F1-score).

In general, the single score metrics discussed in the previous paragraph are particu-
larly useful for a comparative analysis for benchmarking multiple classifiers. However,
the insightful details regarding the performance and contribution of the individual
class in the classifier are not accessible by single score metrics. In order to examine the
states of each unique class of a classifier, a complex confusion matrix was utilized in
the chapter (Section 5.5.3). The evaluation results using the confusion matrix showed
that the prediction score of MP condition was notably dropped in all the five classifiers
in the test scenario 2 (i.e., evaluating the generalization of ML model at unseen envi-
ronments). In other words, the results indicated that the identification process of MP
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condition-related class in UWB was challenging and harder to detect compared to the
other two classes (LOS and NLOS). The said phenomenon cannot clearly be pinpointed
using single score metrics and using macro/micro average ROC curves.

Moreover, it can be concluded from the observations based on the confusion matrices
(Section 5.5.3) that the prediction rate of the class regarding NLOS condition was quite
high in all the evaluated five classifiers. Meanwhile, the results expressed that the false
negative rate of the NLOS condition (i.e., predicting NLOS as either a LOS or MP) was
relatively low. This fact is crucial because the highest errors in UWB localization were
generally rooted from this specific NLOS condition as mentioned several times in the
chapter. Conversely, falsely identifying the LOS condition as a NLOS typically doesn’t
hurt, in general, the overall system performance of UWB localization system. This is
because a mitigation algorithm simply provides less weight to the falsely identified
NLOS conditions. Accordingly, the positioning algorithm in UWB localization will still
provide reliable location data by using other correctly classified ranging data.
Aside from the quantifying metrics and scores used in classification problems, the

computation time (i.e., training and test times) required by each evaluated ML model
was also examined in this chapter. Surprisingly, the computational time taken by the
ML classifiers were generally overlooked and ignored completely in many comparative
reports in the literature. Undeniably, the test time necessary by a certain classifier plays
a crucial role in many applications in practice. For instance, the experimental evaluation
results showed that SVM took the longest test time (i.e. the poorest performance)
among the five models. However, SVM can be highlighted as the best performing
classifiers in terms of the single scores metrics at test scenario 2 (Section 5.5.1). The
two contrasting metrics (i.e., computational time vs. performance-based measures such
as accuracy, F-score, etc.) showed the choice of the method based on one metric could
have a negative impact on the other measures. This phenomenon could be an important
factor in prioritizing the system implementation process in some applications.
In this chapter, the identification of the non-direct path signals for UWB ranging

data was conducted using five classical ML algorithms, and the results related to the
Deep Learning (DL) approaches were excluded. Indeed, the preliminary evaluation of
DL-based models, namely the deep transfer learning method and one-dimensional CNN
approach, were examined based on our open source data given in [176]. The prelimi-
nary results suggested that the DL methods were not feasible on the mentioned data for
two reasons. Firstly, the provided datasets were not a time-series data type as the ran-
dom shuffling was made during the preprocessing process. Therefore, pseudo-images
were necessary to create from the feature columns of the UWB data in order to be usable
as input images in the DL model. The preliminary results based on pseudo-images as
inputs using transfer learning methods showed that the outcomes were sufficiently
high in terms of overall accuracy in test scenario 1. However, the score was drastically
dropped at the level which was even worse than the baseline NB model in test scenario 2.
The improvement was hardly conceivable even if different hyper-parameters tuning
were made. One core reason could be the generation of pseudo-images that are very
similar to each other. As a result, the over-fitting of the training data was likely to
occur. Secondly, the evaluation outcomes based on the one-directional approaches
seemed encouraging compared to the transfer learning approach. However, a substan-
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tial dropped in the overall accuracy was observed again similar to the pseudo-image
based transfer learning approach. Therefore, the evaluation results suggested that
new datasets specifically structured during the measurement campaign for DL models
should be separately gathered for UWB ranging data (for instance, by extracting the
whole CIR related data from the UWB hardware as investigated in [153]). It should
be noted that extracting the whole data intended to be used only for signal diagnostic
purposes could have a strong impact on the performance of the UWB hardware itself
in terms of processing time, efficiency, the latency on prediction rate, etc.

In conclusion, it was evident in the experimental evaluation results based on several
metrics that ML-based classifiers are very promising for the identification of non-direct
path signals in UWB ranging data under the multi-class settings (i.e., LOS, NLOS,
and MP). In specific, the evaluation results showed that more than 59.6 % in terms
of overall accuracy were observed in the worst-case scenario (i.e., using one of the
simplest and fastest ML models namely NB), whereas it reached up to 94.6 % in the
best case scenario. The given number can also be verified using another single score
metric namely macro-/micro- average F1-score as well as the ROC-AUC curves. Among
the five evaluated ML-based classifiers, LightGBM was very efficient in terms of both
the metrics typically used in classification problem (accuracy, F1-score, ROC, etc.) as
well as the computational time. Nevertheless, the evaluation results revealed that
LightGBM cannot outperform SVM in test scenario 2 in terms of single score metrics.
This concludes that claiming one specific classifier as the best one was unreasonable
without stating the quantifying metrics. Furthermore, it was interesting to see that
the computational time (both training and test time) occupied by the NB classified is
pretty short compared to the rest of the classifiers. Besides, the generalization of NB
classifier was really good as well even though its performance scores were generally
lower than the others. Likewise, the experimental results based on the confusion matrix
and individual ROC curves suggested that the most challenging class (i.e., out of the
three defined classes) to correctly identify in UWB ranging system is the MP condition.
Another fact brought by the results from the confusion matrix was that the prediction
rate of the class regarding NLOS condition was competently high in all the evaluated
ML models at both test scenario 1 and 2 respectively.

For future work, the above-mentioned DL approach for UWB ranging data is, indeed,
worth exploring. Moreover, the severity of the completely blocked NLOS scenario can be
defined into further classes based on the materials the UWB signal has to be penetrated
as conducted in the preliminary experimental setup in [16]. Supposing two completely
blocked NLOS were defined as soft-NLOS and hard-NLOS based upon the materials
or scenario, the multi-class process to identify would be in four classes (namely LOS,
MP, soft-NLOS, and hard-NLOS). Surely, the data collection process for the mentioned
four classes would be more complex as different materials possessed unique refractive
indexes. In addition, the experimental results discussed in this chapter were based
on the evaluation of the ML performed on a PC. A lot of application areas in UWB
localization systems are nowadays on the edge devices. Therefore, the evaluation of
the considered multi-class identification process directly on the edge device such as
MCU would be worthwhile and of great value as well.
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6 Conclusion and Outlook

In this dissertation, a bidirectional scheme of UWB-based localization system was
specifically addressed, which is generally overlooked in the literature. The central
characteristic of the bidirectional UWB localization scheme is that it has the ability to
act as both navigation and tracking perspectives within a single localization scheme.
Conventionally, the navigation and tracking scenarios of wireless localization systems
were viewed as different perspectives because distinct methodologies were generally
needed in the implementation process. The ability to possess two unique positioning
perspectives (i.e., navigation and tracking) in a single system is indeed a paradigm
shift in location-based services. The reason is that it opens up several application areas
in diversified indoor environments. This dissertation pinpointed the potentials of the
bidirectional UWB localization system by comparing its counterparts two widely studied
unidirectional systems. Moreover, there are no well-documented books or research
articles regarding the bidirectional UWB localization system. This dissertation attempts
to serve as a compliment to the mentioned gaps in the literature.
Regarding this, the implementation process of the bidirectional UWB localization

system was divided into several sectors (i.e., ranging, positioning, filtering, error iden-
tification and mitigation parts, etc.). Then, the comparative analyses of the applicable
methodologies in each sector were examined with rigorous evaluations in order to
clarify the practitioners in the fields with insightful knowledge as well as to provide
the recommended methodologies in each sector. From this perspective, each sectional
part of a bidirectional UWB localization system was addressed with dedicated chapters
in this thesis. The findings, conclusion, and summary of each chapter addressed in the
dissertation were presented in the following.
In Chapter 2, the state-of-the-art localization technologies for IPS were shortly ex-

plained and the role of UWB technology for the use-case of GNSS-deprived environments
was spotlighted. Subsequently, the core features of UWB technology required for the
implementation process of indoor localization system was described (Chapter 2.2). It
was particularly focused on the basic understanding of the UWB technology regarding
the general regulations of UWB in different countries, typical modulation schemes
applicable in UWB, and the main standardization bodies that drive the current success
of UWB technology into the commercial market and academic research areas. Specifi-
cally, the data communication flow in PHY and MAC of the IEEE 802.15.4 standard,
i.e. the basic frame format for currently all available UWB-related standards, was
also concisely explained. Afterwards, the three types of UWB-based topology were
compared and the potentials of a bidirectional scheme was highlighted (Chapter 2.3).
Accordingly, the implementation process of a bidirectional UWB localization system
was briefly described (Chapter 2.4). It was followed by the block diagram expression of
the bidirectional UWB localization system addressed in this dissertation.
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6 Conclusion and Outlook

Regarding the ranging sector of a bidirectional UWB localization system (Chapter 3),
TEEMmodel proposed in our previous work [130, 172] for TWRmethods was examined
in order to demonstrate the misconception (i.e. the use of SDS-TWR as a de facto
standard for quantifying the performance of other TWR [13, 114, 122, 127, 148,
149]) widely practiced in literature. In this regard, the experimental results produced
by the analytical formulation (Chapter 3.2) as well as the numerical simulation and
experimental evaluations (Chapter 3.4) using TEEM model showed that the pitfalls or
systematic flaws of the SDS-TWR in this dissertation. On the contrary, the evaluation
results suggested that there existed a better TWR technique, namely AltDS-TWR, to be
used for quantifying different TWRs than the commonly used SDS-TWR. In total, four
basic TWR schemes were rigorously evaluated at different conditions (ideal, symmetric
and asymmetric cases) using TEEM model. The evaluation results revealed that all
the four TWR methods gave the exact same performance in the ideal case. It was also
evident in the results that AltDS-TWR and SDS-TWR were on the same performance
level in the symmetric case. Interestingly, the results indicated that AltDS-TWR is the
only robust method among the four evaluated TWRs in the asymmetric case. Generally
speaking, the symmetric case is a very special condition, in which it is assumed that
the two reply times used in the calculation of the range between two transceivers are
exactly equal (see more details in Chapter 3.3.1). In practice, this assumption does
not hold and the typical scenario in UWB-based ranging condition is the asymmetric
case. Therefore, it can be concluded based on the evaluation results that AltDS-TWR is
the most robust TWR among the four in all tested conditions, and the recommended
method for quantifying different TWR instead of the commonly used SDS-TWR.
Chapter 4 corresponded to the sectional evaluations of position estimation process

in bidirectional UWB localization system in this dissertation. Fundamentally, location
estimation algorithms are the backbone of any localization system. Accordingly, five lo-
cation estimation algorithms commonly used in wireless localization systems including
UWB were rigorously bench-marked in this dissertation. Specifically, the implementa-
tion of all five algorithms was built upon the Bayesian framework in order to meet the
pragmatic system integration procedure in the field. The detailed expression regarding
the implementation of the Bayesian framework for UWB-based localization (Chap-
ter 4.3) was regarded as an important aspect of this dissertation because the literature
generally overlooked it. Regarding this, two motion models namely CV and CA were
comprehensively explored for the UWB based localization system and the evaluation
results showed that the performance of both models was rather comparable in terms of
RMSE and computational time. Besides, the evaluation results revealed that TS method
is able to produce the performance score very close to the EKF and UKF meanwhile
the computational time was relatively low compared to them. Therefore, it can be
concluded that TS algorithm was the most efficient method among the five examined
algorithms in terms of the computational time and RMSE scores. In terms of accuracy
by using RMSE as a decisive score, the experimental results proved that the linear
location estimation algorithms (Trilateration and Multilateration) produced superior
performance scores in static and small-scale LOS scenario compared to the nonlinear
positioning methods (section 4.4.2 and 4.4.3). In contrast, the nonlinear positioning
methods showed better resistance to abrupt changes of signal due to unintentional
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measurement errors or alike. Moreover, the three nonlinear methods appeared to
be significantly superior performance in terms of RMSE than their counterpart linear
algorithms at NLOS scenario.

Chapter 5 addressed the sectional evaluations of bidirectional UWB system regarding
the identification and mitigation process of non-direct path signals. Concerning the
error mitigation part of the system, a novel mitigation technique under the multi-class
settings for UWB has been proposed (Chapter 5.2). Likewise, the identification of
the non-direct path signals in UWB ranging systems was considered as a multi-class
problem, which was opposed to the binary approach ordinarily studied in the literature.
In addition, the feasibility of the ML-based techniques for the identification process of
non-direct path signals under the multi-class settings in UWBwere particularly explored.
In total, five ML-based classifiers (NB, SVM, ML, RF, and LightGBM) were studied in this
dissertation. The experimental results based on several metrics showed that the use of
ML techniques for identification of non-direct path signals in UWB was quite promising
under the multi-class settings (i.e., LOS, NLOS, and MP). To be more specific, the worst-
case scenario was evident in the results with more than 59 % accuracy using NB, i.e.,
one of the simplest ML classifiers. By contrast, the best case scenario using LightGBM
algorithm reached up to 94.6 % in terms of overall accuracy score. The experimental
results also indicated that the test data gathered in environments different from the
training process produced significant performance degradation in all the evaluated
models. This showed that it is crucial to be tested the trained ML model with data
from different environments before deployment in production. Moreover, the results
revealed that the identification process of MP condition in UWB was more challenging
and harder to detect than the other two classes (LOS and NLOS). Furthermore, the
results also uncovered that the prediction rate of the NLOS class was effectively high
in all the evaluated ML models in all test scenarios. This fact is crucial because the
highest errors in UWB localization system were generally rooted from this specific
NLOS condition. In terms of test time, the results signified that SVM took notably the
longest time (i.e. the poorest performance) among the five models. The rest of the four
classifiers gave comparable test times. Arguably, SVM performed the best in terms of
the single scores metrics in test scenario 2, which was circa 2 % better than LightGBM.

As a future perspective, UWB technology can be seen as the most prominent and
viable solutions providers for indoor environments compared to the other existing
technologies (c.f., Chapter 2.1.2). Moreover, the recent incorporation of the UWB chip
into smartphones pioneered by Apple and followed by other vendors will definitely
boost the rise of UWB technology in diverse application areas in the near future. To date,
many companies from different industries are in the progress of integrating the UWB
technology into their products [35]. However, one of the main stumbling blocks in the
widespread adaptation of UWB technology for IPS is the regulations defined in different
countries. At the current state, the frequency between 7.25 GHz and 8.5 GHz is the only
common permissible band for UWB with maximum EIRP across the world (see more
details about the frequency band in Figure 2.4). Therefore, one of the main challenges
is the necessity to find a common ground for the technology across all regulatory bodies
around the world, which is very demanding and tough at the same time.
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6 Conclusion and Outlook

Figure 6.1: Block diagram representation of the future perspective regarding the versatile IPS
for GNSS-denied indoor environments.

Regarding the generalized IPS as a whole, the author’s perspective is that no single
technology meets or will meet the needs of all use cases in indoor environments. In other
words, there will not be one technology that is versatile or general enough to be used as
a de facto standard for IPS similar to GNSS-based system in outdoor environments. In
contrast, such a generic IPS for GNSS-deprived indoor environments will emerge from
the combination of multiple localization systems. Toward this concept, Omlox open
standard structure (https://omlox.com/home), which uses the concept of middle-ware
Hub, was introduced by PROFIBUS and backed by many leading companies in the
field [105]. However, the current structure of omlox is simply providing the ability to
store and extract the demanded location data from multiple technologies using user or
application interfaces. To accomplish this, the mentioned middle-ware hub, possibly
based on the MQTT framework (https://mqtt.org/) or similar messaging protocols,
is responsible for storing and extracting the location data. There is no fusion of location
data achieved from different IPS-based technologies in omlox framework.
The more versatile IPS to the perspective of the author is illustrated in Figure 6.1.

The figure depicts the block diagram of a versatile IPS that has the ability to combine
multiple IPS-based technologies under the same umbrella (Figure 6.1). The core idea
is to map the location data achieved from multiple positioning technologies within the
same environments into a unified framework, in which the time for each technology
is synchronized and the reference landmarks are matched. Then, the system-wide
data fusion will be performed in the next step in order to produce the most accurate
location data based on all available technologies. One starting point regarding the
implementation of the author’s proposed approach as the future perspective of IPS (Fig-
ure 6.1) could be the use of Robot Operating System (ROS) (https://www.ros.org/).
This is because the time synchronization of different technologies can be accomplished
based on the arrival time of location data at the ROS core as well as the coordinate
transformation available in ROS could be used as landmarks matching problem.
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Appendix

A Derivations of AltDS-TWR in TEEM

A.1 Derivation of AltDS-TWR in TEEM for Type I Case

According to Type I assumption defined in Chapter 3.3 and originally described in our
previous works [130, 172], the equation (3.3a) and (3.3b) becomes:

troundA ≈ trepl yB (A.1a)

troundB ≈ trepl yA (A.1b)

and the proposed model from (3.14a) to (3.14d) becomes:

t̂roundA ≈ (1+ e+ξ)troundA ≈ CAtroundA

t̂repl yA ≈ (1+ e)trepl yA ≈ CB trepl yA

t̂roundB ≈ (1+ e+ξ)troundB ≈ CAtroundB

t̂repl yB ≈ (1+ e)trepl yB ≈ CB trepl yB

Where, CA = 1+ e+ξ and CB = 1+ e.
Therefore, the TOF error between the estimated and true value introduced by AltDS-

TWR method in (3.19) becomes:

T̂to f − Tto f ≈
C2

A troundA · troundB − C2
B trepl yA · trepl yB

(CA(troundA + troundB)+ CB(trepl yA + trepl yB))

−
troundA · troundB − trepl yA · trepl yB

troundA + trepl yA + troundB + trepl yB

Substituting (A.1a) and (A.1b) in the equation and assuming trepl yA = trepl yB =
trepl y yields:

T̂to f − Tto f ≈
(CA + CB)(CA− CB)t2

repl y

2(CA + CB)trepl y

T̂to f − Tto f ≈
1
2
(CA− CB)trepl y

Substituting CA and CB in the equation becomes:

T̂to f − Tto f ≈
1
2
ξtrepl y (A.3)
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A.2 Derivation of AltDS-TWR in TEEM for Type II Case

According to Type II assumption defined in Chapter 3.3 and originally given in our
previous works [130, 172], the equation (3.3a) and (3.3b) will now become:

troundA ≈ trepl yB (A.4a)

troundB ≈ trepl yA (A.4b)

and the proposed model from (3.14a) to (3.14d) will become:

t̂roundA ≈ (1+ eA +ξABA)troundA ≈ CA +ξABAtrepl y

t̂repl yA ≈ (1+ eA)trepl yA ≈ CA

t̂roundB ≈ (1+ eB +ξBAB)troundB ≈ CB +ξBAB trepl y

t̂repl yB ≈ (1+ eB)trepl y ≈ CB

Where, CA = (1+ eA)trepl y and CB = (1+ eB)trepl y .
Therefore, the TOF error between the estimated and true value introduced by AltDS-

TWR method in (3.19) becomes:

T̂to f − Tto f ≈
(CA +ξABAtrepl y ) · (CB +ξBAB trepl y )− CACB

2CA + 2CB +ξBAB trepl y +ξABAtrepl y

−
t2
repl y − t2

repl y

4trepl y

T̂to f − Tto f ≈
CAξBAB trepl y + CBξABAtrepl y +ξBABξABAt2

repl y

2(CA + CB)+ (ξBAB +ξABA)trepl y

Substituting CA and CB in the equation yields:

T̂to f − Tto f ≈

[eAξBAB + eBξABA +(ξBAB +ξABA +ξBABξABA)]t
2
repl y

(2eA + 2eB + 4+ξBAB +ξABA)trepl y

T̂to f − Tto f ≈
KA

KB
trepl y (A.6)

Where, KA = ξBAB(1 + eA) + ξABA(1 + eB) + ξBABξABA and KB = 4 + 2(eA + eB) +
ξBAB +ξABA respectively.
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A.3 Derivation of AltDS-TWR in TEEM for Type III Case

According to Type III assumption defined in Chapter 3.3 and originally described in
our previous works [130, 172], the equation (3.3a) and (3.3b) in Chapter 3 will now
become:

troundA ≈ trepl yB (A.7a)

troundB ≈ trepl yA (A.7b)

and the proposed model from (3.14a) to (3.14d) will become:

t̂roundA ≈ (1+ eA +ξABA)troundA ≈ (CA +ξABA)trepl yB

t̂repl yA ≈ (1+ eA)trepl yA ≈ CAtrepl yA

t̂roundB ≈ (1+ eB +ξBAB)troundB ≈ (CB +ξBAB)trepl yA

t̂repl yB ≈ (1+ eB)trepl y ≈ CB trepl yB

Where, CA = (1+ eA) and CB = (1+ eB).
Therefore, the TOF error between the estimated and true value introduced by AltDS-

TWR method in (3.19) becomes:

T̂to f − Tto f ≈

(CA +ξABA)trepl yB · (CB +ξBAB)trepl yA− CAtrepl yA · CB trepl yB

(CA +ξABA)trepl yB +(CB +ξBAB)trepl yA + CAtrepl yA + CB trepl yB

−
trepl yB · trepl yA− trepl yA · trepl yB

2(trepl yA+trepl yB
)

T̂to f − Tto f ≈

[(CA +ξABA) · (CB +ξBAB)− CACB ]trepl yA · trepl yB

(CA +ξABA)trepl yB +(CB +ξBAB)trepl yA + CAtrepl yA + CB trepl yB

Substituting CA = (1+ eA) and CB = (1+ eB) in the equation and simplifying it
yields:

T̂to f − Tto f ≈

(ξBAB + eAξBAB +ξABA + eBξABA +ξBABξABA)trepl yAtrepl yB

(2+ eA + eB +ξBAB)trepl yA +(2+ eA + eB +ξABA)trepl yB

T̂to f − Tto f ≈
C1 trepl yAtrepl yB

C2 trepl yA + C3 trepl yB
(A.9)

Where C1 = ξBAB(1+ eA) + ξABA(1+ eB) + ξBABξABA, C2 = 2+ eA + eB + ξBAB and
C3 = 2+ eA + eB +ξABA respectively.
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B Detailed Tables: Ranging Errors due to close LOS and MP
Conditions

As a summary of the reported evaluation results presented in Chapter 3.5, Table A.1 gave
the detailed outcomes related to the special case (Type II) in all experiments conducted
at LOS, close LOS and MP conditions. Similarly, Table A.2 gave the corresponding
detailed of experimental evaluations results regarding the typical case (Type III).
In Table A.1 (Type II) and Table A.2 (Type III), the smallest value achieved from the
evaluated three TWR methods are symbolized with bold letters. In this regard, we
considered the values of two numbers are equal or marked them as equal with bold if
their difference is smaller than 0.02 cm.

Regarding the spread of the data in the measurement, we observed in the special case
that it was less than 10 cm in both Symmetric Doubled-Sided (SDS) and Alternative
Double-Sided (AltDS) for the experiments in the LOS scenario (rows of “LOS” and
columns of “Spread of data” in Table A.1). The spread of the data in this context refers
to the difference between maximum and minimum values of data points in the recorded
experiments. Indeed, the mentioned specific data was the best-case scenario observed in
the measurement during the experiments. As a matter of fact, the spotted measurement
results matches with the precision range of the manufacturer reported in the data-sheet
which is 10 cm [44, 46]. However, the spread of the data in the experiments reached
up to 41.23 cm for AltDS and SDS TWRs and up to 54.54 cm for SS-TWR as the worst-
case scenario spotted in the recorded data during experiments. Overall, the spread of
data in the measurement generally got broader or larger in the typical case (Type III)

Table A.1: Evaluation results for the special case (Type II) in different scenarios.

Cases Ref. RMSE STD (cm) Spread of Data (cm) Sample
(cm) AltDS SDS SS AltDS SDS SS AltDS SDS SS

Close 25.63 17.87 17.85 23.40 3.41 3.41 2.00 30.56 30.56 9.85 2000
LOS 50.08 14.72 14.72 5.30 6.85 6.85 5.19 41.23 41.23 54.54 2000

75.44 11.78 11.77 6.95 2.34 2.34 5.05 13.19 13.19 20.06 2000
103.90 5.79 5.83 12.92 2.79 2.79 3.59 14.19 14.19 16.89 2000
125.18 6.56 6.55 8.08 2.80 2.80 4.96 15.95 15.95 24.62 2000
150.30 2.11 2.11 15.59 1.84 1.84 1.59 15.06 15.06 20.64 2000
175.27 3.98 3.98 13.91 3.88 3.88 4.09 16.18 16.18 17.53 2000
200.77 3.46 3.46 13.31 2.19 2.19 2.40 15.71 15.71 14.71 2000

LOS 399.82 2.09 2.09 15.03 2.08 2.08 4.13 14.30 14.31 24.33 2450
(Hall) 806.70 2.93 2.93 21.41 1.33 1.33 1.34 8.44 8.44 11.73 2450

1206.20 1.88 1.89 20.75 1.32 1.32 1.53 9.03 9.03 10.55 2450
1600.20 2.47 2.47 14.30 2.15 2.15 9.29 13.59 13.60 40.34 2450
2002.00 2.00 2.00 14.56 1.97 1.97 6.16 16.17 16.18 34.94 2450

Multipath 402.12 5.41 5.41 20.91 1.87 1.87 2.96 11.43 11.43 15.95 2350
(Corridor) 802.05 5.19 5.20 19.46 2.37 2.37 2.60 11.84 11.84 14.07 2350

1200.44 5.54 5.55 18.97 2.05 2.05 2.93 12.78 12.78 15.71 2350
1601.58 3.00 3.00 13.67 2.88 2.88 6.80 16.53 16.53 35.41 2350
2003.24 3.32 3.31 14.93 1.86 1.86 1.79 11.96 11.96 12.66 2350
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Table A.2: Evaluation results for the typical case (Type III) in different scenarios.

Cases Ref. RMSE (cm) STD (cm) Spread of Data (cm) Sample
(cm) AltDS SDS SS AltDS SDS SS AltDS SDS SS Size

Close 25.63 18.06 11.99 23.95 3.32 11.96 1.26 31.26 30.86 33.79 2000
LOS 50.08 12.36 35.11 3.59 4.79 13.96 3.39 38.60 39.65 18.06 2000

75.44 12.31 16.15 6.96 2.49 3.00 4.80 14.13 17.88 30.31 2000
103.90 6.67 12.31 5.79 2.41 2.49 4.05 16.57 15.42 25.80 2000
125.18 5.07 12.21 9.40 2.17 1.89 2.89 13.13 13.25 16.65 2000
150.30 3.48 8.23 8.76 2.74 2.51 4.74 16.38 13.13 29.25 2000
175.27 3.43 8.44 12.44 3.39 3.20 3.67 14.32 14.54 15.89 2000
200.77 4.78 9.88 6.90 2.34 2.41 4.01 14.44 14.42 22.75 2000

LOS 399.82 1.50 8.01 14.31 1.46 1.45 1.74 10.79 9.97 12.37 2450
(Hall) 806.70 2.04 5.79 12.78 1.92 1.87 4.87 12.53 13.84 26.27 2450

1206.20 2.09 7.13 16.62 1.55 1.53 1.73 13.25 13.37 13.37 2450
1600.20 3.69 4.96 17.99 1.55 1.57 1.84 11.28 10.44 16.18 2450
2002.00 2.93 5.13 10.45 2.74 2.89 9.28 26.34 22.40 48.48 2450

Multipath 402.12 5.53 2.12 17.32 1.58 1.80 2.68 13.55 12.13 17.12 2350
(Corridor) 802.05 5.03 3.12 17.55 1.93 1.98 2.12 10.88 10.20 13.84 2350

1200.44 4.97 2.52 13.86 1.87 2.51 4.21 13.50 16.65 23.84 2350
1601.58 3.20 7.04 12.18 3.02 3.55 5.93 18.38 23.80 35.88 2350
2003.24 6.43 10.76 8.84 3.00 4.83 8.84 17.69 26.97 40.10 2350

compared to the special case (Type II) as can be verified in Tables A.1 (Type II) and
A.2 (Type III). Moreover, the spread of the recorded data were larger in the MP and
close LOS scenarios as a whole compared to the LOS condition (Tables A.1 and A.2).
It should be noted that all presented data in the two tables are rounded off to two
decimal points (the nearest hundredth).

C Detailed Classification Results: Confusion Matrices and
ROC curves

As defined and discussed in chapter 5.5, the two test scenarios for the classification
results presented in the dissertation are as follows:

• Test Scenario 1: the test datasets in this scenario were based on the split data
for testing purpose and the data come from the same environments (i.e, room,
hall, corridors, etc) as the training data. This test datasets were split as unseen
data during training.

• Test Scenario 2: the test datasets in this scenario were based on the completely
different environments (i.e, room, hall, corridors, etc) of the training process.
The main goal here is to evaluate the generalization of the trained ML model in
unseen or unobserved environments.
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Figure C.1: Comparison of confusion matrices for MLP classifier at two test scenarios.

Figure C.2: Comparison of confusion matrices for RF classifier at two test scenarios.

Figure C.3: Comparison of confusion matrices for SVM classifier at two test scenarios.
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Figure C.4: Multi-class results for LightGBM at test scenario 1 based on individual ROC curves.

Figure C.5: Multi-class results for LightGBM at test scenario 2 based on individual ROC curves.

Figure C.6: Multi-class results for NB at test scenario 2 on individual ROC curves.
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Figure C.7: Multi-class results for SVM at test scenario 2 on individual ROC curves.

Figure C.8: Multi-class results for RF at test scenario 2 on individual ROC curves.

Figure C.9: Multi-class results for MLP at test scenario 2 on individual ROC curves.
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Figure C.10: Performance comparison of five ML-based classifiers based on the overall accuracy
at two specific test scenarios.

Figure C.11: Performance comparison of five ML-based classifiers based on the macro average
F1-score and the micro average F1-score at two specific test scenarios.
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