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Resumen

En la actualidad, garantizar la �abilidad es uno de los principales retos en el po-
sicionamiento GNSS, especialmente, en entornos urbanos donde se pueden presentar
múltiples amenazas, como las señales multi-camino o sin visión directa (NLOS). Es-
tas fuentes de error son complejas de modelar y aislar y, por tanto, de predecir o
detectar. Para afrontar este problema, se han empezado a utilizar algoritmos de
aprendizaje automático (ML) como solución para manejar esta complejidad debido
a su potencia para encontrar relaciones entre descriptores. Sin embargo, actualmente
el estado del arte es muy limitado y se basa en descriptores dudosos. Además, los al-
goritmos propuestos dependen en gran medida de los datos de entrenamiento y, por
lo tanto, pueden no ser robustos frente a variaciones en el escenario o la instalación.

En este trabajo se presenta un detector de LOS/NLOS basado en regresiones
logísticas. El algoritmo propuesto incluye descriptores obtenidos a partir de señales
a varias frecuencias. Estos descriptores son procesados siguiendo una metodología
para que el detector sea menos dependiente de la antena y el receptor especí�cos y
de los datos utilizados para el entrenamiento. Además, se ha incorporado el detector
en un estimador de Posición, Velocidad y Tiempo (PVT). Los resultados muestran
que el detector propuesto presenta ventajas signi�cativas respecto a la literatura, y
sus predicciones reducen el error de posicionamiento �nal.
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Abstract

Ensuring reliability is currently one of the main challenges in Global Navigation
Satellite System (GNSS) positioning, especially in challenging urban environments
with the presence of multiple local threats, such as multipath or non-line-of-sight
(NLOS) signals. These error sources are di�cult to model and isolate and, therefore,
to predict or detect. To solve this problem, Machine Learning (ML) algorithms have
started to be used as a manner of handling this complexity due to their strength in
�nding relations between features. However, the current state of the art is limited
and is based on questionable features. Moreover, proposed algorithms are highly
dependent on the training data and, therefore, they may not be robust against
variations in the scenario or the installation.

In this work, a LOS/NLOS detector based on logistic regressions will be pre-
sented. The proposed algorithm includes features from multiple frequencies and a
methodology to make the detector less dependent on the speci�c antenna and re-
ceiver and the speci�c data used for training. Additionally, the ML algorithm results
are incorporated in the measurement model of a Position, Velocity and Time (PVT)
estimator. Results show that the proposed detector presents signi�cant bene�ts over
the literature, and its output improves the �nal position computation error.



Acknowledgements

I would like to express my gratitude to Omar Garcia Crespillo who supervised my
activity at DLR. After these six months under his guidance, I have learned from
him how the researching work should be. His critical analysis and his rigorous
methodology are some of the skills that I will try to continue applying in the future
steps of my professional career.

Additionally, an especial thanks to the DLR sta� who have shared their time
and knowledge with me during my work. In particular, to Ana Kliman who has
been always willing to assist me in many tasks being key for the development of this
work.

My sincere appreciation to Mari Carmen Aguayo for being my mentor since
the bachelor. Her orientation and support during these years have contributed
considerably to my personal and professional development.

Also, I have to mention here the small Spanish community in Unterbrunn. I can
not imagine this experience without Lorena, Paco and Pablo. We have shared a lot
of experiences, worries and achievements together.

Finally, I can not express how grateful I am to my parents. They have made all
they could to give me the best opportunities and their unwavering support has been
fundamental for being where I am today.

vii





Acronyms

ADC Analog-Digital Converter

ARNS Aeronautical Radionavigation Service

BOC Binary O�set Carrier

BPSK Binary Phase Shift Keying

CDMA Code Division Multiple Access

COTS Commercial-O�-The-Shelf

DC Direct Current

DLL Delay Lock Loop

DLR Deutsches Zentrum für Luft- und Raumfahrt e.V.

GNSS Global Navigation Satellite System

GPS Global Positioning System

LOS Line of Sight

LR Logistic Regression

LS Least Squares

MAR Missing At Random

MEO Medium Earth Orbit

ML Machine Learning

MNAR Missing Not At Random

NLOS Non-Line of Sight

ix



MSE Mean Squared Error

PDF Probability Density Function

PRC Pseudorange Rate Consistency

PLL Phase Lock Loop

PPP Precise Point Positioning

PPS Precise Positioning Service

PRN Pseudo-Random Noise

PVT Position, Velocity and Time

RINEX Receiver INdependent EXchange

RNSS Radio Navigation Satellite Services

SDR Software De�ned Radio

SPS Standard Precise Service

SVM Support Vector Machine

ToA Time of Arrival

WLS Weighted Least Squares



Contents

Acknowledgements vii

Acronyms ix

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Brief Overview: Structure of the Thesis . . . . . . . . . . . . . . . . . 3

2 Fundamentals of GNSS 5
2.1 GNSS Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 Observables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.3 PVT: Weighted Least Squares Estimator . . . . . . . . . . . . . . . . 10

3 Machine Learning Algorithms 13
3.1 Fundamentals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
3.2 Decision Trees . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
3.3 Support Vector Machines . . . . . . . . . . . . . . . . . . . . . . . . . 15
3.4 Logistic Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.5 The Scikit-learn Framework . . . . . . . . . . . . . . . . . . . . . . . 18

4 Machine Learning in GNSS Survey 19
4.1 General Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
4.2 LOS/NLOS Detectors in the Literature . . . . . . . . . . . . . . . . . 21

5 Non Line of Sight Detector 25
5.1 Methodology Overview . . . . . . . . . . . . . . . . . . . . . . . . . . 25
5.2 Labelling LOS/NLOS . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
5.3 Features Extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
5.4 ML Algorithm Selection . . . . . . . . . . . . . . . . . . . . . . . . . 30
5.5 Position Domain Application . . . . . . . . . . . . . . . . . . . . . . . 32

xi



6 Experimental Methodology 33
6.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
6.2 Measurement Campaign . . . . . . . . . . . . . . . . . . . . . . . . . 35
6.3 Horizon Estimation Methodology . . . . . . . . . . . . . . . . . . . . 36

7 Results and Evaluation 41
7.1 Nominal Carrier-To-Noise Ratio Model . . . . . . . . . . . . . . . . . 41
7.2 Feature analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
7.3 Performance of the Detectors in the Literature . . . . . . . . . . . . . 44
7.4 Logistic Regression Performance For GPS . . . . . . . . . . . . . . . 45
7.5 Logistic Regression Performance For Galileo . . . . . . . . . . . . . . 48
7.6 Impact at Position Domain . . . . . . . . . . . . . . . . . . . . . . . . 50

8 Achievements, Conclusions and Outlook 55
8.1 Achievements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
8.2 Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

9 Logros, Conclusiones y Propuestas Futuras 59
9.1 Logros . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
9.2 Conclusiones . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
9.3 Propuestas Futuras . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

Bibliography 65



List of Figures

2.1 Allocated spectrum for Global Positioning System (GPS) and Galileo.
Resource from [1]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2 Diagram of Global Navigation Satellite System (GNSS) receiver. . . . 8

3.1 Confusion matrix with Machine Learning (ML) classi�cation results. . 14
3.2 Statistics of ML performance. . . . . . . . . . . . . . . . . . . . . . . 15
3.3 Example of decision tree for predicting whether it will rain. . . . . . . 16
3.4 Example of Support Vector Machine (SVM) �tting for two dimensions. 16
3.5 Logistic regression decision bounds. . . . . . . . . . . . . . . . . . . . 17

4.1 Threats to GNSS positioning for land applications. . . . . . . . . . . 20

5.1 Diagram of the ML chain. . . . . . . . . . . . . . . . . . . . . . . . . 26
5.2 Sketch of the horizon determination. . . . . . . . . . . . . . . . . . . 28
5.3 Logistic regression decision bounds. . . . . . . . . . . . . . . . . . . . 31

6.1 Installation for collecting the data. . . . . . . . . . . . . . . . . . . . 33
6.2 Diagram of the installation setup. . . . . . . . . . . . . . . . . . . . . 34
6.3 Receivers in the measurement campaign. . . . . . . . . . . . . . . . . 34
6.4 Organization of the batteries and receivers. . . . . . . . . . . . . . . . 35
6.5 Locations where the data was collected. . . . . . . . . . . . . . . . . . 35
6.6 First approach for the horizon estimation. . . . . . . . . . . . . . . . 37
6.9 Skyplot of the estimated horizons. . . . . . . . . . . . . . . . . . . . . 37
6.7 Second approach for the horizon estimation. . . . . . . . . . . . . . . 38
6.8 Panoramic view from the receivers. . . . . . . . . . . . . . . . . . . . 38

7.1 NominalC=N0 for L1. . . . . . . . . . . . . . . . . . . . . . . . . . . 42
7.2 � j (� ) for all the signals of interest. . . . . . . . . . . . . . . . . . . . 42
7.3 The Probability Density Function (PDF) of C=N0;L 1 for Line of Sight

(LOS) and Non-Line of Sight (NLOS) signals. . . . . . . . . . . . . . 43
7.4 Evolution of the recorded Pseudorange Rate Consistency (PRC) for

the satellite PRN = 24 . . . . . . . . . . . . . . . . . . . . . . . . . . 44

xiii



7.5 Estimated LOS probability using Logistic Regression (LR) in open-
sky for GPS. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

7.6 Estimated LOS probability using LR in di�erent scenarios for GPS. . 47
7.7 Decision areas for di�erent branches of the model. . . . . . . . . . . . 49
7.8 Estimated LOS probability using LR in open-sky for Galileo. . . . . . 50
7.9 Estimated LOS probability using LR in di�erent scenarios for Galileo. 51
7.10 Scatterplot of the position error for GPS. . . . . . . . . . . . . . . . . 51
7.11 Scatterplot of the position error for Galileo. . . . . . . . . . . . . . . 53

8.1 Summary of the achieved tasks. . . . . . . . . . . . . . . . . . . . . . 56

9.1 Resumen de las tareas realizadas. . . . . . . . . . . . . . . . . . . . . 60



List of Tables

4.1 Summary of the state of the art of NLOS detectors. . . . . . . . . . . 22

7.1 Confusion matrix for the state-of-art algorithms for GPS. . . . . . . . 44
7.2 Confusion matrix for the state-of-art algorithms for Galileo. . . . . . 45
7.3 Confusion matrix for the classic LR . . . . . . . . . . . . . . . . . . . 45
7.4 Confusion matrix for the branched LR. . . . . . . . . . . . . . . . . . 46
7.5 Confusion matrix of the branched LR in open-sky for GPS . . . . . . 47
7.6 Confusion matrix of the branched LR in challenging scenarios for GPS. 48
7.7 Confusion matrix in validation for the Galileo detector. . . . . . . . . 49
7.8 Confusion matrix of the branched LR in open-sky for Galileo. . . . . 50
7.9 Confusion matrix of the branched LR in challenging scenarios for

Galileo. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
7.10 Standard deviation of the position error using GPS. . . . . . . . . . . 52
7.11 Standard deviation of the position error using Galileo. . . . . . . . . . 52

xv





Chapter 1

Introduction

Nowadays, Global Navigation Satellite Systems (GNSSs) are broadly extended for
positioning purposes. Due to its proven capabilities, it is used for most of the appli-
cations related to non-safety navigation or location-based services. These systems,
for instance, Galileo or Global Positioning System (GPS), are worldwide available
and open access which are some of the advantages that make them superior to any
navigation system

However, future applications such as autonomous cars or trains require a high
level not only of accuracy but also of reliability and robustness. At present, GNSSs
can not provide this performance, specially in land applications where the system
can su�er a degradation due to the existence of several threats. Furthermore, this
degradation is even higher in urban scenarios, such as urban canyons, where the
buildings and other elements act as obstacles for the direct line vision between
the satellites and the GNSS receiver. Examples of these threats are Non-Line of
Sight (NLOS) signals, multipath (i.e., re�ections of the signals intro nearby objects)
and intentional or unintentional interferences.

These sources of error are di�cult to model and predict and, for this reason,
their detection and mitigation is still an open challenge.

In this context, the Institute of Navigation and Communication of the German
Aerospace Center (DLR) is studying di�erent approaches to improve the reliability
and robustness of GNSS positioning in urban scenarios. In particular, this work is
focused on detecting and mitigating NLOS signals as they are one of the greatest
threats for land applications.
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2 1.1. Motivation

1.1 Motivation

The motivation behind this thesis is given by the increasing interest in autonomous
cars and other safety-of-life applications that require higher reliability and robustness
for GNSS positioning in challenging signal visibility scenarios.

This performance can only be ensured if the threats that especially appear in ur-
ban scenarios are correctly detected and mitigated. In the case of NLOS signals, this
is still an open problem. The complexity of modelling this threat has complicated
the development of a robust detector using traditional approaches.

Nevertheless, the impulse of Machine Learning (ML) algorithms in recent years
has allowed to consider them as a valuable candidate to handle this complexity
and develop robust detectors. In particular, these algorithms are especially strong
�nding hidden patterns or relations between examples and building a generalized
model from them. The development of these algorithms requires a �rst phase of
training in which the algorithm learns from the examples.

Despite its potential, the application of machine learning for GNSS implies some
challenges that need to be tackled. Firstly, the designed inputs of the algorithms
named features have to be robust against variations in the conditions given in the
training phase. For instance, systems based on Machine Learning must work in sce-
narios di�erent from the training location and with di�erent antennas. Furthermore,
some of these algorithms require labelled data for its training phase. This implies
to have a reference ground truth for the presence of GNSS threat under study. This
labelling process is not easy in general for GNSS applications because isolating those
errors is a complex task even in a pos-processing phase.

In recent years, a few works have proposed Line of Sight (LOS)/NLOS detector
based on some of these Machine Learning techniques. However, this thesis will show
that those detectors have some limitations in terms of robustness.

1.2 Objectives

The main objective of this thesis are the following:

ˆ Develop an ML algorithm and related methodologies to design a robust LOS/NLOS
detector.

ˆ Include the detector in a Position, Velocity and Time (PVT) algorithm to
improve the �nal position estimation.

2



1.3 Methodology

In order to achieve the goals of this thesis, the following tasks need to be carried
out:

ˆ A deep study of the current state of art about the application of Machine
Learning for GNSS. Furthermore, a critical analysis of the works related to
LOS/NLOS detectors.

ˆ Design the most relevant features that can be useful for distinguishing between
LOS and NLOS. Moreover, they must not be a�ected by variations in the
scenario or the installation.

ˆ Select or develop the ML algorithm that can seize better the information given
by the features.

ˆ Design a labelling methodology for LOS/NLOS signals.

ˆ Carry out a measurement campaign to train and test the algorithms.

ˆ Test the developed detector not only in the same scenario as trained but also
in di�erent ones.

1.4 Brief Overview: Structure of the Thesis

The rest of this thesis is organized as follows: Chapter 2 is an introduction of the
basic notions about GNSS. In the same way, Chapter 3 gives an overview of Machine
Learning and provides a background of the speci�c algorithms and concepts used
in the rest of the thesis. Then, the current state of the art about the application
of Machine Learning for GNSS with a particular focus on LOS/NLOS detectors
is explained in Chapter 4. After contextualizing the work, Chapter 5 develops
the theoretical study of the problem and present the NLOS detector designed in
this work. Chapter 6 details the measurement campaign carried out to train the
algorithms and test their performance. The analysis of those results can be found
in Chapter 7. Finally, some conclusions and possible future steps are presented in
Chapter 8.





Chapter 2

Fundamentals of GNSS

This chapter provides the theoretical notions related to GNSS which are essential
in order to understand the work presented in this thesis.

Firstly, the GNSS technology is explained, mainly focusing on GPS and Galileo.
Then, the raw measurements that can be extracted from the satellites signals also
known as observables are presented. Finally, the PVT solver that computes the
position based on those observables is introduced.

2.1 GNSS Systems

The Global Navigation Satellite System (GNSS) term comprises all the technologies
for location and positioning based on a constellation of satellites. The fundamental
idea behind these systems is to measure the ranges between the user receiver and
those satellites processing their transmitted signals. The knowledge of this distance
and of the position of the visible satellites can reduce the user position computation
to a geometrical problem.

The �rst two fully functional systems were the GPS developed by the United
States of America and the Russian GLONASS. Both were fully functional around
1995. Although it was �rstly military-oriented, it was discovered later its potential
for civil purposes. In the last years, the Chinese Beidou and the European Galileo
have been deployed.

In general, all the GNSS systems have the same architecture based on three parts
called segments which are the following:

Space segment This segment comprises the satellites. Their function is to trans-
mit the signals that are used for measuring the ranges. Moreover, in that
signal, it is sent the navigation message. This message contains the informa-
tion necessary for the position acquisition such as the satellite clock bias and
the ephemerids for the satellite position.

5



6 2.1. GNSS Systems

Control segment This segment consists of ground stations that monitor the health
of the satellites and update the information they transmit in the navigation
message.

User segment This segment involves the user receiver that tracks the satellites
and computes the PVT.

Nevertheless, each system has its speci�c characteristics. Considering this work
is focused on GPS and Galileo, both systems are going to be explained in more
detail.

Global Positioning System

GPS has a constellation of 32 satellites which are distributed on Medium Earth
Orbits (MEOs). The constellation orbits have a repeat cycle of one day.

All the GNSS satellites transmit in the Radio Navigation Satellite Services
(RNSS) allocated spectrum. However, each system has its own bands. In par-
ticular, GPS signals were initially transmitted only in two frequencies, L1 (1575.42
MHz) and L2 (1227.60 MHz), and two services were available:

ˆ The Standard Precise Service (SPS) which is civil service that allows a single-
frequency position acquisition using L1.

ˆ The Precise Positioning Service (PPS) which is restricted for military use and
provide more precision by seizing L1 and L2 with dual-frequency receivers.

The signals for all the satellites are multiplexing using a Code Division Multiple
Access (CDMA) scheme where the code used named Pseudo-Random Noise (PRN)
is unique for each satellite. In this way, the receiver can recognize each satellite
correlating its code with the received signal. Furthermore, if the result of this
correlation is successful, the receiver will be able to extract the data transmitted by
that satellite. For this purpose, the receiver must know the codes of all the satellites.
Regarding the transmitted data, it is used a Binary Phase Shift Keying (BPSK)
modulation scheme with a binary rate of 50 bps.

In this initial version of GPS, two types of PRN codes are used: the Coarse/Ac-
quisition Codes and the Precision Codes. On the one hand, the C/A codes are used
in SPS and are public. Those codes contain 1023 bits repeated each millisecond,
spreading the signal bandwidth to 1.023 MHz. On the other hand, the Precision
Codes are reserved for military use and, therefore, they are not publicly known.
These codes used for PPS are very protected and spread the bandwidth to 10.230
MHz.

6



Capítulo 2. Fundamentals of GNSS 7

The commercials necessities of an improved GNSS system was one of the fac-
tors that motivated a GPS modernization. In this modernization, a third band L5
(1176.42 MHz) was included for civil use. That allowed the development of dual-
frequency receivers, which are capable of giving a more precise position. In this
band, PRN codes of 10 MHz are used. Although these codes with higher rates are
more di�cult to track, they are more robust against multipath.

Moreover, L5, as well as L1, are reserved spectrum for Aeronautical Radionav-
igation Service (ARNS). Hence, they are more protected against interference than
L2. A visual summary of the allocated bands for GPS is shown in Fig. 2.1.

Figure 2.1: Allocated spectrum for GPS and Galileo. Resource from [1].

Galileo

The Galileo constellation consists of 36 satellites distributed in MEOs. The repeat
cycle for their orbits is ten days.

The satellite signals are also multiplexed using CDMA. However, as Galileo
design and deployment was carried out later than GPS, it has already included
in its initial version some modern concepts. For instance, it includes three open
service bands to allow dual-frequency schemes or even triple frequency services.
These bands are L1, E5a which is approximately at the same frequency as L5 and
E5b (1207.14 MHz). All these bands are part of the ARNS spectrum. Even though
Galileo was mainly designed for civil use, they reserved a band E6 (1278.75 MHz)
for commercial and government purposes.

As Galileo shares some bands with GPS, data is modulated using a more complex
scheme named Binary O�set Carrier (BOC) in order to reduce the overlapping in
the spectrum domain between their signals.

7



8 2.2. Observables

GNSS receiver scheme

As GPS and Galileo have similar signals and use CDMA, the receivers are simple
because they have to carry out almost the same processing tasks for both constel-
lations. In particular, a simpli�ed diagram of the structure of a single frequency
receiver is shown in Fig. 2.2.

Figure 2.2: Diagram of GNSS receiver.

As it is shown in the block diagram, the antenna speci�cally designed for the
RNSS bands receives the electromagnetic wavessRF (t) which are down-converted to
an intermediate frequency or, even, baseband, and sampled by the Analog-Digital
Converter (ADC) obtaining sBB [n].

Once in this point, it is carried out a signal acquisition and tracking for iden-
tifying the signal of each satellite. In this process, it is obtained the Time of Ar-
rival (ToA) of each satellite as well as some more information named as observable
that are necessary for the PVT.

The acquisition phase consists of a rough estimation of the code delay and the
Doppler frequency of a speci�c satellite signal. Then, the signal is tracked with a
Delay Lock Loop (DLL) and a Phase Lock Loop (PLL) respectively. Therefore, in
the tracking phase, these parameters are re�ned using both loops. Through both
phases, the receiver extracts the ToA, which is used for computing the pseudoranges
and a precise estimation of the Doppler frequency.

2.2 Observables

The observables that could be measured from the satellitei and the bandj are:

ˆ The pseudorange� i;j which is the apparent distance between the satellite and
the receiver. However, it contains errors that need to be correcting to compute
the position. It is measured in metres.

ˆ The Doppler frequencyf D;i;j which is the di�erence between the nominal cen-
tral frequency of the band and the received frequency. This measurement has
a direct relation with the relative velocities between the satellite and the user.
It is measured in Hz.

8



Capítulo 2. Fundamentals of GNSS 9

ˆ Finally, the last observable is the carrier phase which is the di�erence between
the phase of the received signal and the phase of the local replica of the code.
It is measured in radians. In this work, it is not going to be used, but more
information about it can be found in [2].

Additionally, it can be included in the information extracted from the corre-
lator the Carrier-to-Noise ratio C=N0;i;j . It is a measurement of the signal power
divided by the noise power density after the correlators. Therefore, it is measured
in Watt=Hz or more often indB=Hz.

Below, the observables of interest are explained in detail.

Pseudorange

Considering all the factors that can a�ect to the real range estimation, the pseudo-
range of the satellitei and the frequencyj can be expressed as:

� i;j = Ri + c(dtu � dti ) + T r i + I i;j + M i;j + � i;j (2.1)

Where:

ˆ � i is the real distance between the satellite and the user.

ˆ c is the speed of light.

ˆ dtu is the receiver clock bias.

ˆ dti is the satellite clock bias.

ˆ T r i is the tropospheric delay which does not depend on the frequency.

ˆ I i;j is the frequency-dependent ionospheric delay.

ˆ M P
i;j is the multipath component.

ˆ � P
i;j is the receiver noise.

In order to obtain the �nal position, it is necessary to isolate the real distance
between the satellite and the receiver. The satellite clock bias can be computed based
on models and known keplerian equations with some information from the navigation
message. In single-frequency receivers, the ionospheric and the tropospheric delays
can be estimated using models. Finally, the user clock bias is included as one of the
unknowns that must be solved in the PVT. The multipath and the noise can not
be estimated with classical approaches, so it will unfortunately produce an error in

9



10 2.3. PVT: Weighted Least Squares Estimator

the position domain. It is important to mention that NLOS e�ect can be included
in the multipath term since it can be considered worst case of multipath possible.
Therefore, the error in position domain due to NLOS signals will be dramatically
higher.

Doppler frequency

The Doppler shift measurement is usually given in units ofm=s. Hence, it is nec-
essary to convert to this unit by multiplying with the wavelength of its band. The
resulting pseudorange rate can be modelled as:

_� i;j = � � j f D i;j = ( vu � vi )eu
i + c

�
@dtu

@t
�

@dti
@t

�
+ " i;j (2.2)

Here:

ˆ (vu � vi ) is the speed di�erence between the user and the satellite in ECEF
coordinates.

ˆ eu
i is the LOS pointing vector from the receiver antenna to the satellite.

ˆ � r
i;j is the noise in the measurement which could be caused by second-order

factors.

2.3 PVT: Weighted Least Squares Estimator

PVT is one of the most classical algorithms for the position computation. The
main goal of this algorithm will be to compute not only the position of the receiver
(xu; yu; zu) but also the user clock biasdtu. It is normally computed using a least-
squares process with the pseudoranges as input measurements. Since there are 4
unknowns, it is requires at least 4 visible satellites.

As the navigation message contains the information necessary to compute sat
clock and position and to compute ionospheric corrections based on Klobuchar model
[3], it is possible to simplify the expression in Eq. (2.1) to:

� i =
p

(x i � xu)2 + ( yi � yu)2 + ( zi � zu)2 + c· dtu + � 0
i ; (2.3)

where the last term comprises the residuals terms: the noise, the multipath and
the error of the aforementioned models. Furthermore, the satellite position(x i ; yi ; zi )
is computed based on the ephemeris from the navigation message. Although the
pseudorange measured is di�erent for each band, the PVT is normally computed

10



Capítulo 2. Fundamentals of GNSS 11

with the pseudorange of one frequency, so the notation has been simpli�ed to make
it more understandable.

As the least-squares solution is a linear estimator, it is therefore, necessary to
linearize the unknowns in Eq. (2.3). This is generally done by expanding the Taylor
series of the non-linear term around an initial position(xu;0; yu;0; zu;0) which initial
distance to the satellite isRi; 0:

� i � Ri; 0 �
(x i � xu;0)

� i; 0
� x +

(yi � yu;0)
� i; 0

� y +
(zi � zu;0)

� i; 0
� z + c· dtu + � 0

i : (2.4)

Now, it is possible to build the equation system with theN visible satellites:

2

6
6
6
6
6
6
6
4

� (x1 � xu; 0 )
R1;0

� (y1 � yu; 0 )
R1;0

� (z1 � zu; 0 )
R1;0

� (x2 � xu; 0 )
R2;0

� (y2 � yu; 0 )
R2;0

� (z2 � zu; 0 )
R2;0

� (x3 � xu; 0 )
R3;0

� (y3 � yu; 0 )
R3;0

� (z3 � zu; 0 )
R3;0

...
...

...
� (xN � xu; 0 )

RN; 0
� (y3 � yu; 0 )

R3;0
� (z3 � zu; 0 )

R3;0

3

7
7
7
7
7
7
7
5

| {z }
H

2

6
6
4

� x
� y
� z
dtu

3

7
7
5

| {z }
�^ x

=

2

6
6
6
6
6
4

� 1 � R1;0

� 2 � R2;0

� 3 � R3;0
...

� N � RN;0

3

7
7
7
7
7
5

| {z }
z

; (2.5)

This system of equations can be easily computed with the pseudo-inverse:

�^ x = ( H T H )� 1H T z (2.6)

With this result, the initial position assumed can be corrected. However, the
accuracy of the result obtained is very dependent on the initial position chosen.
Therefore, it is interesting to seize the iterative structure of the algorithm in which
each iteration k the position is updated:

xu;k +1 = xu;k + � xk+1 (2.7)

yu;k +1 = yu;k + � yk+1 (2.8)

zu;k +1 = zu;k + � zk+1 (2.9)

This is the basic Least Squares (LS) algorithm to compute the position. How-
ever, in this case, the position will be computed assuming that the error in the
pseudorange measurement is independent and identically distributed. This is not
necessarily true considering, for instance, that some models can be less precise for
satellites with a low elevation or whether a satellite is NLOS. In order to allow
the inclusion of these considerations, it is widespread the use of the Weighted Least
Squares (WLS). This solver includes a weighting matrixW which is generally re-
lated to the inverse of the covariance matrix of the error in the pseudoranges and
its expression is:

11



�^ x W LS = ( H T W � 1H )� 1H T W � 1z (2.10)

This covariance matrix can be estimated based on di�erent models as it will be
explained more in detail in 5.5.



Chapter 3

Machine Learning Algorithms

This chapter provides with an overview of the basics about Machine Learning and
some of the most used algorithms.

Firstly, the philosophy and the methodology that machine learning follows are
presented. Then, the speci�c algorithms used in this work are explained in detail
with a particular focus on Logistic Regression (LR). The last section of this chapter
includes an overview of the ML framework used in this work which is called Scikit-
learn.

3.1 Fundamentals

Machine Learning (ML) algorithms have acquired an increasing ìmportance in re-
cent years. This group of algorithms is especially interesting for those situations
where there are many data somehow related between them, but the precise relation-
ship is unclear. In other words, these techniques try to obtain a general model by
"learning" from some examples. ML comprises a group of algorithms that can be
used for regression or classi�cation. In the �rst case, the algorithm output must be
a continuous variable while, in the second case, the result is the prediction between
a discrete group of classes.

There is another classi�cation of the ML algorithms:

Supervised learning These algorithms �t a mapping function between some in-
puts and an output. In order to �t its parameters, it is required labelled data
with the ground truth that want to be predicted.

Unsupervised learning These algorithms do not need labelled data. In contrast,
they try to �nd hidden patterns between data.

Reinforcement learning In this case, the algorithms are trained to make a se-
quence of decision in a complex environment. Its behavior is corrected based

13
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on rewards and punishments.

This thesis is based on supervised learning. The operational �ow with these
algorithms is �rstly to carry out a training phase and then evaluate it in a testing
phase. In order to ensure that the trained algorithm is well generalized, the whole
dataset must be split into independent parts. In this way, it will be proved that
the algorithm works right not only for the training data but also for all the possible
data.

In the case of classi�cation, there are some metrics that are usually employed to
evaluate the performance of an ML implementation. The �rst step after running the
test is to count the true positivestp, the true negativestn, the false positivesfp and
the false negativesfn . Fig.3.1 clari�es their de�nitions using a matrix representation
known asconfusion matrix.

Figure 3.1: Confusion matrix with ML classi�cation results.

With these elements, almost all the metrics can be computed. In particular, the
most common is the accuracy which is the ratio of correct predictions to the total
number of evaluated samples. Based on the aforementioned elements, the accuracy
is computed with:

Accuracy =
tp + tn

tp + fp + tn + fn
(3.1)

However, one value is not enough to extract insights about the performance and
behavior of the algorithm. In contrast, the confusion matrix gives insights into how
balanced is the error between the positives and the negatives. The matrix can be
�lled not only with the absolute values as Fig. 3.1 but also with the relative ratios
as shown in Fig. 3.2.
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Figure 3.2: Statistics of ML performance.

3.2 Decision Trees

The decision tree is a supervised algorithm for classi�cation or regression. It is widely
used because the �nal �owchart of the trained model can be visually analyzed. This
allows extracting insights about the behavior of the algorithm.

As its name indicates, the structure of this algorithm is a tree where each leaf
node represents a condition or decision rule. This decision rule is generally a thresh-
old for a feature �tted as a function of the dataset. An example of a decision tree for
predicting whether it will rain is shown in Fig. 3.3. The more depth the tree has,
the better the tree will be �tted. However, a very deep tree could cause over�tting
to the training dataset losing generalization and, therefore, accuracy in the testing
dataset.

The main advantages of decision trees are not only their visual representation
but also their robustness against outliers. Moreover, decision trees give insights into
which features are the most important. However, they can not seize all the features
simultaneously, but instead, they prioritize only the main important ones. Another
problem of this algorithm is its propensity to over�tting and the resulting unstable
models where a slight variation in the input can entirely modify the output.

3.3 Support Vector Machines

The Support Vector Machine (SVM) is a supervised algorithm which can work both
for regression and classi�cation. In contrast to the decision tree, this algorithm can
consider a large number of features to obtain the best possible prediction. This
is done by �nding a hyperplane with the same dimensionality as the number of
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16 3.3. Support Vector Machines

Figure 3.3: Example of decision tree for predicting whether it will rain.

features that divides the two possible labels. Moreover, this can be extended to
multiple classes by computing more hyperplanes.

Although the aforementioned hyperplane is the decision bound between both
labels, multiple hyperplanes can be �tted with the same data by slight rotations
or shifting. As this is not convenient, an additional criterial is included to �nd the
optimal hyperplane. It consists in �nding the hyperplane for which the distance
with the closest points for each label must be maximal. An example for the case of
two dimensions is shown in Fig. 3.4.

Figure 3.4: Example of SVM �tting for two dimensions.

If the most accurate bound is not linear, other shapes can be used as quadratic
or radials by processing the features with the corresponding functions called kernels.
However, computing complexity will increase with kernels di�erent from the linear.
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In any case, even with the linear kernel, complexity is one of the main disadvantages
of SVM and this restricts the amount of data that can be used for training.

3.4 Logistic Regression

The logistic regression is one of the most used ML algorithms for classi�cation. This
algorithm has as output not only the predicted class but also the estimated proba-
bility of being in that class. This information could be helpful for some applications,
as it will be shown in this work.

The sigmoid is the mapping function for the logistic regression as the target of
this algorithm is to estimate a probability and the sigmoid is bounded between 0
and 1. In particular, its mathematical expression is:

P r(x ; � ) =
1

1 + e� � T x
; (3.2)

wherex is the vector of features used as input and� is the vector of coe�cients
that must be �tted. The �nal predicted class is based on this estimated probability.
It is considered positive ifP r(x ) < 0:5 and negative if not. The sigmoid and the
decision bounds are shown in Fig. 3.5.

Figure 3.5: Logistic regression decision bounds.

At this point, the test phase of the LR has been explained but not the training
phase. This is usually done by �tting� in order to minimize a cost function typically
the Mean Squared Error (MSE):

J (� ) =
1

M

MX

i =1

(P r(x i ; � ) � yi )2; (3.3)

where M in the size of the training dataset andyi is the label of the data.
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The typical approach to tackle this optimization problem is to use gradient-
descendent algorithms. More information about it can be found in [4].

3.5 The Scikit-learn Framework

Implementing ML algorithms is a complex work. However, di�erent frameworks
have been developed to o�er general-purpose software that handles this complexity
in recent years. In this way, researchers and developers can focus on the features
design and data processing for their speci�c work. Following this philosophy of
simplicity, most of the frameworks have been developed with Python, which is a
relatively easy language to learn. Examples of this type of framework are Pytorch
[5] and Keras[6] for neural networks and Scikit-learning [7] for machine learning
which is the used in this work.

Scikit-learn is a popular and powerful framework used which implements the
main ML algorithms such as decision tree, SVM and logistic regression. It contains
implementations for supervised and unsupervised algorithms as well as for classi�-
cation and regression purposes. Furthermore, it has additional valuable functions
for preprocessing the data, for instance, for splitting the data into the training and
the testing dataset and for balancing the amount of data for each label.



Chapter 4

Machine Learning in GNSS Survey

In this chapter, a summary of the main state of about the application of Machine
Learning in GNSS is presented. In particular, the �rst section is related to an
overview of the current state of the art about all the proposed applications in
GNSS. The second section is focused on a deep study and a critical analysis of
the LOS/NLOS detectors which are the main topic of this work.

4.1 General Overview

As the development of ML techniques is recent, there are just a few works related to
its application in the GNSS �eld. They are focus on the detection of some threats
to improve the reliability of GNSS positioning for land applications. The current
state of the art has not robust detectors for those sources of error using classical
approaches. However, it is considered that ML techniques are a good candidate
for carrying out these detectors [8]. In particular, in the state of the art, these
techniques has been applied to handle the following threats:

NLOS signals It refers to the situation when the path between the satellite and the
receiver is obstructed partially or entirely by one or more obstacles. However,
some re�ected signals reach the receiver, leading to an error in the receiver
about the real range.

Multipath In this case, although there is line of sight between the satellite and the
receiver, some re�ected rays also reach the receiver. This skew the correlation
peak misleading the receiver, in the same way, about the real distance between
satellite and receiver.

Ionospheric scintillations The electromagnetic waves can be sometimes distorted
passing through the ionosphere. It happens because, in this region of the
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20 4.1. General Overview

atmosphere, some small scale irregularities in the electron density can appear
due to the ionization of the sun. This produces rapid �uctuations in the
refraction index and, therefore, variations in the observables.

Spoo�ng This is one of type of intentional attack to GNSS systems to degrade
their performance. A malicious transmitter generates the same signals as the
satellites. In this way, the attacker can give false information to the receiver
which can potentially mislead it.

In Fig. 4.1, it can be observed a representation of the aforementioned threats.

Figure 4.1: Threats to GNSS positioning for land applications.

In the literature, the detectors are carried out at di�erent levels in the receivers.
For instance, some works propose detectors for multiple threats using samples ob-
tained from the correlator output. In [9], a multipath detector is based on the
creation of a 2D image combining the information of the DLL and the PLL. The
detection is carried out using this image as the input of Convolutional Neural Net-
work, a very popular ML technique for image processing.

The most typical approach for carrying out spoo�ng attacks is based on re-
emitting an authentic satellite signal with a certain delay [10]. This produces strong
multipath at the receiver that can be detected processing the delays in the corre-
lation peaks computed in the DLL. However, information at this low level is not
usually provided in Commercial-O�-The-Shelf (COTS) receivers. Hence, develop-
ments at this level only can be done using self-developed GNSS Software De�ned
Radio (SDR).

At the level of basebands signals, in [11], some statistics are extracted from
baseband in-phase and quadrature signals. Then, they are used as features in a
decision tree for detecting ionospheric scintillations and multipath. However, since
baseband signals are recorded before the correlators, it is not possible to distinguish
which particular satellite signals su�er multipath. It is only possible to detect if
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any or some of the satellites are a�ected by it. Therefore, this approach does not
allow to discard the a�ected measurements or to mitigate somehow the e�ect of those
threats on the corresponding satellite measurements. Furthermore, some commercial
receivers can deliver this information but with a low sampling frequency and a low bit
resolution. For example, in the case of the receiver used in this work, the Septentrio
Mosaic-X5, the baseband sampling frequency is 20 Hz and the bit resolution is 8
bits.

Finally, most of the papers related to ML in GNSS use information obtained
at the observable and position domain. Almost all the receivers allow recording
this information and there are �le formats such as Receiver INdependent EXchange
(RINEX) that standardize the storage and interchange of the observables. In [11],
it is proposed a detector with some features that belong to this level based on
decision trees for ionospheric scintillations. Another example is [12] where it is
presented a detector of anomaly satellite signals which are those signals considered
for some reason not healthy. This consideration is carried out through a labelling
methodology that discovers this anomaly behavior based on a clustering algorithm.
Moreover, all the papers presented in the next section are based on information at
this level.

4.2 LOS/NLOS Detectors in the Literature

There are some papers related to the detection of NLOS signals in the literature.
Some of them try not only to distinguish between LOS and NLOS but also multipath
as an intermediate case.

The features that have been considered in previous works are:

ˆ C=N0 is the carrier to noise ratio

ˆ � C=N0 is the di�erence between two consecutive errors of the carrier to noise
ratio.

ˆ � is the elevation of the satellite.

ˆ PR is the pseudorange residual. This value is obtained after the position
computation by subtracting to the pseudorange, the estimated range and all
the known terms such as the clock error and the ionospheric and tropospheric
error. If the position estimation were perfect, the pseudorange residual would
be only the error due to the noise and the multipath.

ˆ Pseudorange Rate Consistency (PRC) is the di�erence between the changing
rate of pseudorange measurements� R and the Doppler, which is more robust
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against multipath and NLOS signals. Hence, it is a way to isolate the e�ect
of those e�ects in the pseudorange rate.

PRC = j� R � (� �f D )� tj (4.1)

Additionally, Table 4.1 summarizes all the state of the art found about this
speci�c topic.

Goal Feature vector ML technique Reference
LOS/NLOS [C=N0; �; PR ] Decision tree [8]
LOS/NLOS [C=N0; �; PR; PRC ] SVM [13]
LOS/Multipath/NLOS [C=N0; � C=N0; PR; PRC] SVM [14]
LOS/Multipath/NLOS [C=N0; �; PR ] Decision tree [15]

Table 4.1: Summary of the state of the art of NLOS detectors.

As it is shown in Table 4.1, the most used algorithms for NLOS detection are
decision trees and SVM. Furthermore, the proposed feature vectors have some
similarities, such as theC=N0.

However, some of the proposed features depend on the scenario and the instal-
lation used for the training. This installation comprises the speci�c setup used for
recording the data such as the antenna type and the receiver model. One of these
questionable features is the elevation� . Although it is more likely to �nd NLOS
signals from satellites at low elevations, this is not necessarily true. Moreover, the
decision of an algorithm with this feature would be conditioned by the elevation of
the obstacles in the training dataset used.

Another case of these debatable features is the pseudorange residual. As has been
mentioned previously, this is obtained after the position computation. Therefore,
it depends on the speci�c algorithm used for the position, so it would make the
detector not valid for di�erent estimators. Moreover, since the computed position is
di�erent depending on how many satellites are used and how healthy their signals
are, the residuals would change for each situation. This could lead to considering
LOS or NLOS because of the conditions not only of the satellite on test but also of
the rest of satellites.

The C=N0 is clearly an important feature to distinguish between LOS and NLOS
considering that the Probability Density Functions (PDFs) of each class are notice-
ably di�erent as explained in [8]. However, this feature has a strong dependency on
the speci�c installation used for recording the data. For instance, if an algorithm
that uses this feature is trained with a speci�c installation and later, the receiver or
the antenna arec changed, the detector will considerably degrade its performance.
Furthermore, the C=N0 also depends on the elevation due to the radiation pattern
of the antenna and other factors, as it is shown in Section 7.1.

22



Regarding the labelling methodology, in [13], [14] and [15] 3D building models
are proposed to compute using ray-tracing techniques whether a signal is LOS or
NLOS. However, it is complex to generate 3D building models and their precision
is essential for the performance of the detector. In contrast, in [8] it is proposed
to measure some physical distance and angles to the obstacles around the receiver
in order to characterize them and, therefore, compute the labels. This procedure is
easier to carry out but its performance strongly depends on the precision measuring.
In particular, in [8], the sensors and camera of a mobile are used to take the mea-
surement. This low-cost solution could not be the most precise one for obtaining the
labels. Moreover, this methodology also depends on the accuracy of the obstacles
characterization. Therefore, scenarios with elements as trees must be avoided as
their behavior with electromagnetic waves are almost unpredictable.

Finally, it is important to mention that most of the papers do not consider how to
use the predicted information to improve the position estimation. After the state-of-
art review, only [12] proposes to discard the compromised measurements improving
the computed position. However, if they are correctly handled, even NLOS signals
can help to improve the position estimation, so a softer methodology would be more
desirable.





Chapter 5

Non Line of Sight Detector

The main objective of this thesis is the development of a LOS/NLOS detector for
GNSS satellites. As explained in the previous chapter, there are some works in the
state of the art related to this speci�c type of detector. However, they generally use
questionable features which are not robust against variations in the installation or
the scenario.

In this chapter, it is detailed the methodology that has been followed to design
and implement the detector. It starts by presenting the overall scheme of the ML
chain used. Then, it follows with the methodology that has been followed to discover
the ground truth. This ground truth has served to label the data in order to train the
supervised ML algorithms. Once the data is labelled, the features and algorithm that
have been selected and designed are presented. Finally, it is shown a methodology
to include the LOS/NLOS detector in the PVT estimation.

5.1 Methodology Overview

The development of the detector has been carried out by considering the scheme in
Fig 5.1. Two di�erentiated phases can be distinguished: the pre-processing phase
and the ML phase.

Pre-processing Phase

This part is related to the signal processing required to convert the raw data from
the receiver into a dataset that can be managed by an ML algorithm. All this
process is carried out using MATLAB. It comprises the following blocks:

Data preprocessing All the data collected by the GNSS receiver is generally in
a proprietary format but commercial brands usually gives software to convert
it into RINEX. After it, the observables and navigation messages stored as
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Figure 5.1: Diagram of the ML chain.

RINEX need to be parsed to a format understandable for Matlab. Further-
more, elevation and azimuth of the satellites need to be computed using the
navigation message.

Ground truth processing As supervised learning algorithms require labelled data,
a labelling methodology has to be carried out to discover this ground truth.

Features extraction This block comprises all the signal processing required to
obtain the features utilized by the detector.

Features normalization This block represents the normalization carried out to
remove the dependency of some features on the scenario and the installation.
It is done usingNominal information obtained in an open-sky scenario.

The RINEX parser and the functions for computing the elevation and azimuth
of the satellites from the ephemeris were already done by DLR.

Machine Learning Phase

In this part, the ML algorithm is trained and evaluated. However, both processes
must not be carried out with the same data as it would potentially lead to over�tting.
Therefore, the whole dataset is split into three parts:

ˆ The training data is used to compute the coe�cients that �t the algorithm.

ˆ The validation data contains data recorded in the same scenario as the training
dataset.

ˆ The testing data is recorded in di�erent locations di�erent from the training
scenario. It serves to evaluate how robust is the algorithm against variations
in the scenario.
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This division is necessary in order to avoid that the algorithm �ts perfectly with
the training data but it is not well generalized for a di�erent dataset such as the
validation data is not good enough. It is opportune to mention that the algorithm
training and its evaluation with the validation data can be used as an iterative
process to choose the �nal system with the best performance.

5.2 Labelling LOS/NLOS

One of the main di�culties for implementing ML algorithms for solving GNSS prob-
lems is the necessity of �nding the ground truth. Regarding this particular topic, two
methods that have been proposed in some papers. One is based on the application
of ray-tracing algorithms in 3D models and the other solution is the estimation of
the horizon considering the scenario as a geometric problem. Due to the complexity
of designing 3D models, the second option has been selected as the methodology in
this work.

The main idea consists in modelling the horizon of the elements around the
receiver that potentially can be obstacles for the LOS signal between the GNSS
satellites and the receiver. The main limitation of this method is that complex
elements such as trees or tra�c signals are challenging to model. Moreover, the
behavior of the electromagnetic waves which go through these elements is quite
unpredictable. Therefore, this type of element should be avoided in the selected
scenarios for recording the data. However, in typical urban locations such as urban
canyons, the main structures that �x the horizon for LOS signals are buildings whose
shape can be decomposed in one or more surfaces.

For a particular azimuth ' i , the �rst step is to �nd to which surface that azimuth
belongs, i.e. ' i 2 [' 1; ' 2] where ' 1 and ' 2 are the azimuths at the ends of the
surface. Then, the problem will be simpli�ed to the sketch shown in Fig 5.2.

For obtaining the elevation � i of the horizon for each' i , it has been considered
that the distancesA, D1 and D2 are known. In the same way, at least one of the
elevations at the sides of the building, e.g.� 1 , and � = ' 2 � ' 1 must be known.
The measurement procedure for these magnitudes is explained in Section 6.2. In this
way, the estimation of the horizon is reduced to a trigonometric problem computable
following the Algorithm 1.

5.3 Features Extraction

One of the key elements for achieving a good performance with a ML algorithm is to
select the most important features which allow distinguishing between the di�erent
labels or classes. Depending on the precise goal of the predictor, di�erent features
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Figure 5.2: Sketch of the horizon determination.

Algorithm 1 Horizon determination considering a surface as an obstacle.
C  D1=sin(� 1)

 1  arcsin(D2sin(� )=A)
for each ' i 2 ' do

� i  ' i � ' 1


 i  � � � i � 
 1

B i  D1sin(
 1)=sin(
 i )
� i  atan(C=Di )

end for

would be more suitable. This work proposes to use the following features.

Carrier To Noise Ratio

As it is explained in the literature, the C=N0 is expected to be one of the main de-
scriptors for the LOS/NLOS prediction. However, in this work, it has been included
as a novelty theC=N0 not only of one band but also of some more. In particular,
for GPS it has been taken into account L1, L2 and L5 while for Galileo, E1, E5a
and E5b. However, the utilization of these measurements generates some problems
that need to be tackled.

The �rst one is that the C=N0 is an observable that highly depends on the in-
stallation used. For example, if one algorithm is trained using a speci�c installation,
that is an speci�c setup of antenna and receiver, and an RF splitter is included, it
would lead to an increment in the LOS signals predicted as NLOS signals due to
the reduction of the C=N0. Hence, in this work, it has been considered important
to carry out a normalization process for increasing the robustness of the features.

28



Capítulo 5. Non Line of Sight Detector 29

The information for this normalization is extracted from data recorded in an
open-sky scenario, from now on, the nominal state. In this way, GNSS threats as
multipath or NLOS signals are avoided and it is possible to isolate the behavior of
the signals due to the installation. From this scenario, it is possible to extract, for
an elevation� and the bandj , the mean� j (� ) and the standard deviation� j (� ) of
the C=N0 for each band. These statistics allow the normalization of the signal from
the satellite i through:

C=N0;j =
C=N0;j � � j (� i )

� j (� i )
(5.1)

Where all the C=N0 are in units of dB/Hz.

Lock Time

In addition to the C=N0, it has been included as a feature the lock timeTlock which
is the time since the signal is tracked. It is expected that a shortTlock could be an
indicator of NLOS. However, it has been detected that this parameter in raw could
potentially generate over�tting problems in case of not having a huge amount of
data. This is caused due to the large range of values that this parameter can have.
Since the critical range where the feature is valuable for distinguishing between LOS
and NLOS is in the �rst seconds, the solution for this problem is to saturate the
maximum value:

T0
lock =

(
Tlock ; if Tlock < 15:

15; otherwise:
(5.2)

This value is set heuristically and its meaning is that the signal is on track from
a long time ago.

Pseudorange Rate Consistency

À modi�ed version of the PRC de�ned in Eq. (4.1) is included. The reason for this
modi�cation is that with the state-of-the-art de�nition, the algorithm would not be
robust against variations in the sampling frequency. Therefore, it is proposed to
de�ne it as:

PRC =

�
�
�
�
� �
� t

� (� �f D )

�
�
�
� : (5.3)

Sincef D is robuster against multipath and other GNSS threats than the pseu-
dorange variations, it is expected that higher values of this feature could potentially
indicate the NLOS nature of the signal.
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Final Feature Vector

Therefore, the selected feature vector for GPS and Galileo are respectively:

X GP S = [ C=N0;L 1; C=N0;L 2; C=N0;L 5; T0
lock ; PRC] (5.4)

X GAL = [ C=N0;E 1; C=N0;E 5a; C=N0;E 5b; T0
lock ; PRC] (5.5)

5.4 ML Algorithm Selection

Most of the papers related to NLOS detectors in GNSS propose to use SVM or
decision trees as the ML algorithm for their implementation. However, these algo-
rithms only give a binary decision between the labels. This is a limitation because
the output is the same for a feature vector far from the decision bound and for one
in its limit.

An alternative to these algorithms is the Logistic Regression (LR). It provides
a continuous range of values between 0 and 1 as it models a probability. Hence,
with the LR it is possible to consider not only the predicted class but also how clear
it is for the algorithm prediction. In this way, it would provide a LOS probability
estimation PLOS .

However, the algorithm can not be applied immediately since other problems
need to be tackled in the algorithm design. This problem is that sometimes the
codes from some frequencies are not on track and, because of that, someC=N0 are
missing in the feature vector. Considering that the logistic regression requires a
complete feature vector to make the prediction, a solution is required.

In the literature of Machine Learning, this situation where a feature is sometimes
missing because its value is out of range is known as Missing Not At Random
(MNAR)[16]. In other situations as Missing At Random (MAR), where some values
are missing without any reason related to the data, these values can be imputed, i.e.
estimated by inference. However, in the case of MNAR values, this is not an option
so the literature proposes as the most common solution for this situation to de�ne
a default value for each of the features in case of being missing. For instance, if the
number of square meters of a garage were a feature of an algorithm, a default value
of 0 would be assigned to those houses without a garage. However, this solution
does not �t in the NLOS detector because if a low default value is assigned to the
missing values of both LOS and NLOS signals, the dataset would be distorted, and,
therefore, the detector would be biased degrading its performance.

The alternative carried out in this work consists of some logistic regression or-
ganized in a structure namedBranched Scheme. This system is represented in Fig.
5.3 for GPS but the same structure can be replicated for Galileo. As illustrated in
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the �gure, 4 logistic regression algorithms are trained with di�erent feature vectors,
each one depending on the available measurements. Therefore, when the system is
evaluated with a vector of values, there is �rstly a phase of searching the logistic
regression that corresponds to the tracking frequencies and, then, a second phase of
computing PLOS with that LR. In this way, the distortion due to missing values is
attenuated as it will show in the Chapter 7.

Figure 5.3: Logistic regression decision bounds.

As a �ne tune, there is a problem caused because some branches are less likely
than the rest. For that reason, their training dataset is dramatically smaller and,
because of that, the coe�cients of their LR are not perfectly �tted, degrading the
performance. It happens, for instance, with the branch of tracking L1 and L5 because
L5 is still pre-operational phase and, at the moment of publishing this thesis, only
16 satellites transmit at this frequency [17], so it is more likely to have on track L1
and L2. This can be corrected by applying an asymmetric scheme for training and
evaluation. That is to train the branch with all the epochs that have on track L1
and L5 without caring whether L2 is on track or not but, later, evaluate the system
with the same scheme shown in Fig. 5.3. This approach maximizes the training
dataset utilization.
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5.5 Position Domain Application

If the position is computed using a WLS estimator, the classical approach for the
weighting matrix W is to use the inverse of the covariance matrix of the error in
the pseudorange measurements. This covariance matrix is modelled as a diagonal
matrix considering that the error of the measurements is independent between them.
Each of those errors is the sum of all the sources of error that are implicated. In
particular, a classical model for those errors is [18]:

� 2
classic = � 2

URA + � 2
ion + � 2

tro + � 2
nom ; (5.6)

where � 2
URA is the variance of the error estimating the satellite position and

clock, � 2
ion is the error of the ionospheric model,� 2

tro is the error of the tropospheric
correction and� 2

nom is the noise and multipath in open-sky nominal conditions.
As it can be appreciated, sources of error that can appear in challenging scenar-

ios are not taken into account. This limitation degrades the position error as the
variance error do not consider them.

In order to include the PLOS probability estimated by the machine learning
NLOS detector, it is proposed to include a multiplier to the nominal variance in the
following way::

� 2
LOS =

�
� 2

URA + � 2
ion + � 2

tro + � 2
nom

�
e1� PLOS : (5.7)

In this way, if PLOS is 1 or close to it, the variance is the same as in the classical
model. However, the lower the LOS probability is, the higher the error variance is
for that satellite. Hence, it can be concluded that, in some sense, the WLS trusts
less in NLOS estimated measurements.

The proposed model was implemented in a PVT estimator already developed by
DLR.



Chapter 6

Experimental Methodology

This chapter explain the details about the measurement campaign carried out to
collect the data necessary for training and testing the ML algorithms.

Firstly, the experimental installation is explained. Then, it is justi�ed the loca-
tion selection and details about the measurement campaign are given. Finally, it is
presented the labelling methodology carried out.

6.1 Experimental Setup

The installation used to collect the data consisted of an antenna, a tripod and a box
for storing the receivers and batteries as shown in Fig. 6.1.

Figure 6.1: Installation for collecting the data.
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The antenna is an own design at DLR which includes a metallic surface for
avoiding the di�raction. The antenna is set on the tripod which allows leveling and
adjusting the height of the installation. The rest of the setup is contained on the
box and consists of the elements shown in 6.2.

Figure 6.2: Diagram of the installation setup.

As illustrated in the �gure, a splitter allows the connection of two GNSS receivers:
a Septentrio mosaic-X5(Fig. 6.3a) and aJavad Delta-3 (Fig. 6.3b). Although the
work has been carried out with the data collected with theSeptentrio receiver, it is
a good practice in measurement campaign to include a second receiver as backup in
case the primary receiver fails.

(a) Septentrio mosaic-X5. Resource from:
[19]. (b) Javad Delta-3.. Resource from: [20].

Figure 6.3: Receivers in the measurement campaign.

As the antennas for GNSS are generally active and the receiver are prepared
to feed them, a Direct Current (DC) blocker avoided that both receivers fed the
antenna at the same time damaging their own circuits. The DC blocker was set on
the Septentrio receiver because the car battery that powered theJavad has more
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battery than the power bank that fed theSeptentrio receiver. Finally, all this setup
was organized in a plastic box as shown in 6.4 in order to protect it against rain.

Figure 6.4: Organization of the batteries and receivers.

6.2 Measurement Campaign

A total of 4 di�erent locations were selected to collect data, all of them inside the
DLR facilities. In particular, Fig. 6.5 shows those locations in a map.

Figure 6.5: Locations where the data was collected.
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On one hand, the calibration point was selected as far as possible of possible
obstacles. After pre-analysis of the data by using Code-minus-Carrier (CMC) tech-
niques [21], it is observed that measurements from satellites located at speci�c az-
imuth and elevation angles with respect to the receiver, presented additional errors.
This can be due to the extra multipath received, probably by re�ections of a nearby
fence. Since the azimuth and elevation angles with a�ected measurements were eas-
ily identi�able, the data is pre-screened to remove the a�ected measurements from
the rest of the data processing. Like that, it is ensured that the measurements are
well representative of the expected open-sky scenario.

On the order hand, the challenging scenarios were searched trying to �nd loca-
tions next to buildings whose horizon is possible to model using the algorithm of
Section 5.2. In contrast, locations with trees or other complex elements di�cult to
models were avoided as much as possible.

A precise positioning of the receivers in the location was needed to compute
the ground truth and to test the e�ect of the LOS/NLOS detector in the position.
However, the PVT has a poor precision in these challenging scenarios with an error
in the level of tens of meters. The solution is to use Precise Point Positioning (PPP)
estimators which, in a post-processing stage, are able to compute the position with
a decimeter level of precision using Kalman Filters and precise products for the
satellite position and clock. In this case,Inertial Explorer was the software used for
this purpose.

It has been recorded on all the locations continuous streams of more than 24
hours in order to have, at least for GPS, the full repeating orbit cycle.

6.3 Horizon Estimation Methodology

As explained in Section 5.2, the horizon estimation for each building requires to
measure its width as well as the distances and angles to its corners.

The �rst approach was to follow [8] where it is proposed to use a mobile appli-
cation for measuring the elevation at each building corner. For this purpose, it was
used an application calledSatellite Pointer [22]. In the case of the distance and the
width of the building, it can be provided byGoogle Earth. An example of how both
tools have been used is shown in Fig. 6.6.

This methodology can be categorize as low cost. However, the resolution of the
application is one degree so it is not very precise. Moreover, it is di�cult to measure
with precision the distances inGoogle Earthbecause the image resolution was poor.

In order to obtain better measurements, a second approach was carried out.
It was based on aLeica TPS1200 tachymeter which deliver measurements with a
centimeter level precision. The tachymeter is able to measure angles and distances
between a reference station which was located in the tripod and a prism. In Fig.
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(a) Measuring with Google Earth. (b) Mesuring with Satellite Pointer.

Figure 6.6: First approach for the horizon estimation.

6.7, it is shown how corners are measured.
Processing these measurements, it is obtained the estimated horizon of each

scenario. For instance, the panoramic view for the receiver in theTraining Location
and in the Testing Location 2 are shown in Fig. 6.8 while Fig. 6.9 is shown the
estimated horizons for both scenarios.

(a) Training Location . (b) Testing Location 2.

Figure 6.9: Skyplot of the estimated horizons.

The results in the skyplots intuitively agree with the panoramic views. Fur-
thermore, the estimations using both approaches are approximately similar. That
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