
No d'ordre: ...............

République Algérienne Démocratique et Populaire
Ministère de l'Enseignement Supérieur et de la Recherche Scienti�que

Université Yahia Farès de Médéa
Faculté de Technologie

Département de Génie Électrique

THÈSE
En vue de l'obtention du diplôme de

Doctorat LMD en Génie électrique

Filière: Automatique

Spécialité: Automatique et Informatique Industrielle

Présentée par:
HALITIM Ali Mounir

THÈME :

Contribution au développement d'un système de
localisation intelligent :

Application à l'agriculture de précision

Soutenue publiquement le : 23/06/2024

Devant le jury composé de :

M. OULD ZMIRLI Mohamed Prof. Université de Médéa Président

M. BOUHEDDA Mounir Prof. Université de Médéa Directeur de thèse

Mme BENBLIDIA Nadjia Prof. Université de Blida 1 Examinatrice

M. DJENDI Mohamed Prof. Université de Blida 1 Examinateur

M. BENGHERBIA Billel MCA Université de Médéa Examinateur

M. TCHOKECTH KEBIR So�ane MCB Université de Médéa Invité

Thèse préparée au sein du Laboratoire des Systèmes Électroniques Avancés (LSEA)

de l'Université de Médéa, ALGÉRIE



People's Democratic Republic of Algeria
Ministry Of Higher Education And Scienti�c Research

Yahia Farès University of Médéa
Faculty of Technology

Department of Electrical Engineering

THESIS
To obtain the title of

LMD Doctorate in Electrical Engineering

Major: Automatic Control

Speciality: Automatic Control and Industrial Computing

Presented by:

HALITIM Ali Mounir

THESIS :

Contribution to the development of an intelligent
localization system: Application to precision agriculture

Publicly defended on : 23/06/2024

Jury :

Mr OULD ZMIRLI Mohamed Prof. University of Médéa President

Mr BOUHEDDA Mounir Prof. University of Médéa Supervisor

Ms BENBLIDIA Nadjia Prof. University of Blida 1 Reviewer

Mr DJENDI Mohamed Prof. University of Blida 1 Reviewer

Mr BENGHERBIA Billel MCA University of Médéa Reviewer

Mr TCHOKECTH KEBIR So�ane MCB University of Médéa Invited

Thesis prepared within the Laboratory of Advanced Electronic Systems (LSEA)

at the University of Médéa, ALGERIA



Dedications

To My Beloved Parents,

Your unconditional love and sacri�ces have guided me through every step of my life. I
dedicate this achievement to you with profound gratitude and admiration.

To My Wonderful Wife,

Your unwavering belief in me has been my greatest source of strength. I dedicate this
thesis to you.

To My Amazing Kids,

You are my greatest joy and motivation. Your smiles light up my darkest days, and your
presence �lls my life with meaning. I dedicate this thesis to you, hoping to inspire you to
pursue your dreams with the same passion and dedication.

To My Supportive Brothers,

I dedicate this thesis to you as a token of my appreciation for always being there for me.

To My Dear Friends,

This thesis is dedicated to our friendship, which I know you will recognize yourselves in.

With deepest gratitude and a�ection,

Ali Mounir HALITIM

i



Acknowledgments

I wish to express my heartfelt gratitude to Prof. Mounir BOUHEDDA, my thesis
supervisor, for his guidance, unwavering availability, and generous sharing of his wealth
of experience. I am sincerely thankful and immensely proud to have had the privilege of
collaborating with him throughout my research journey.

I would like to extend my gratitude to Dr. TCHOKETCH KEBIR So�ane for being
a supportive co-supervisor and for his invaluable guidance throughout my doctoral studies.

My deepest gratitude goes to Prof. OULD ZMIRLI Mohamed for chairing the jury
of my doctoral thesis defense. I am equally grateful to the esteemed members of the jury:
Prof. BENBLIDIA Nadjia, Prof. DJENDI Mohamed, and Dr. BENGHERBIA
Billel. Their insightful questions and constructive feedback were invaluable and signi�cantly
contributed to the success and enriching nature of the examination.

I would also like to thank Dr. Samia REBOUH for her contribution to the writing of
the publications.

My appreciation goes to the members of the Laboratory of Advanced Electronic Systems
and its president, Prof. OULD ZMIRLI Mohamed.

My sincere thanks go to the countless teachers and professors, from my earliest years to
university, who have guided and inspired me throughout my academic journey.

ii



List of Publications

The research work included in this thesis has led to the following publications:

International Research Articles:

A. M. Halitim, M. Bouhedda, S. Tchoketch-Kebir, and S. Rebouh, �Arti�cial neural
network for tilt compensation in yaw estimation,� Trans. Inst. Meas. Control, pp. 1�10,
2023.

URL: https: // journals. sagepub. com/ doi/ abs/ 10. 1177/ 01423312231214832

A. M. Halitim, M. Bouhedda, S. Tchoketch-Kebir, and S. Rebouh, �Real-Time
Implementation of Relative Positioning Approaches Using Low-Cost Single-Frequency GPS
Receivers and Raspberry Pi Platform for Agriculture Applications,� J. Control. Autom.
Electr. Syst., pp. 1�14, 2024.

URL: https: // link. springer. com/ article/ 10. 1007/ s40313-024-01069-x

International Conferences:

A. M. Halitim, M. Bouhedda, and S. Tchoketch-Kebir, �Assessment of a Real-time
Relative Positioning Method in Urban Area Using Low-cost Single-frequency GPS Receivers,�
in 1st International Conference on Engineering and Applied Natural Sciences, ICEANS 2022,
10-13 May 2022, Konya, Turkey, pp. 1148�1154.

URL: https: // www. iceans. org/ 1-st-iceans-2022

iii

https://journals.sagepub.com/doi/abs/10.1177/01423312231214832
https://link.springer.com/article/10.1007/s40313-024-01069-x
https://www.iceans.org/1-st-iceans-2022


� 	jÊÓ

�é«@P 	QË @ �HAJ
 	J �®�K ñm� 	' ÈA�®�J 	KB@ iJ.�


@ , �éJ
ÓA 	J�JÖÏ @ �éJ
«@P 	QË @ I. ËA¢ÖÏ @ð

�èYK
@ 	Q��ÖÏ @ �éJ

J�
J. Ë @ �HAK
Yj�JË @ É 	£ ú

	̄

, Õºj�JË @ �éJ
�K @
	YË @ �éJ
«@P 	QË @ �HAJ.»QÖÏ @ l .×X úÎ« Èñj�JË @ @ 	Yë ø
 ñ¢

	JK
 AÓ
�
AJ. Ë A 	« .

�
AJ
Ò�Jk

�
@QÓ



@ �é�̄YË@ �éJ
ËA« �é�JK
YmÌ'@

. XP@ñÒÊË �éËA �ª 	̄ �èP@X@
ð ÈA �ª 	̄ ÉJ
 	ª ���� 	àAÒ 	�Ë AJ
�A�


@ @QÓ



@ éJ
k. ñ�JË @ AK
 @ð 	P ð ©�̄ñÒÊË ��J
�̄YË@ QK
Y�®�JË @ YªK
 �IJ
k

ú
æ.�
	�Ë @ ©�̄ @ñÖÏ @ YK
Ym�

�' �HAJ
 	J �®�K Ð@Y 	j�J�@ �éJ
 	K A¾Ó@

�é�@PYK. �éJ
�JjJ. Ë @ �éËA�QË@ è 	Yë 	áÓ Èð



B@ Z 	Qm.Ì'@ Ðñ���®K


©�̄ @ñÖÏ @ YK
Ym�
�' ÈñÊg 	áÓ

�
BYK. �é«@P 	QË @ �HA�®J
J.¢�JË ú
Îª

	®Ë @ �I�̄ñË@ ú

	̄ ù
 ÖÏ AªË @ ©

�̄ @ñÖÏ @ YK
Ym�
�' ÐA 	¢ 	� Ð@Y 	j�J�AK.

A 	£ñjÊÓ
�
A 	J�m��' A 	Jm.�


'A�J 	K Qê 	¢�� , XXQ��Ë @ �éK
XAg


@ �é 	®Ê¾�JË @ �é 	� 	® 	j	JÓ ÈAJ. �®�J�@ �è 	Qêk.



@ Ð @Y 	j�J�AK. . �éK
YJ
Ê�®�JË @ �é�®Ê¢ÖÏ @

ÐA 	¢ 	� �HAÓY 	g 	�ªK. ù
 ëA
	��
 �é�̄YË@ 	áÓ øñ�J�Ó ñëð , ��Ê¢ÖÏ @ ©�̄ @ñÖÏ @ YK
Ym�

�' ©Ó �é 	KPA�®ÖÏ AK. YK
Yj�JË @ �é�̄ X ú

	̄

. �éJ
«@P 	QË @ �HAJ
ÊÒªË@ 	áÓ XYªË ÈAª 	®Ë @ 	YJ
 	® 	J�JË AK. iÒ��
 AÜØ , ú
Î
	�A 	®�JË @ ù
 ÖÏ AªË @ ©

�̄ @ñÖÏ @ YK
Ym�
�'

	��
ñª�K
�
@YK
Ym�

�' ñëð , èAm.�
�'B@ QK
Y�®�K �éJ
ËA¾ ��@ 	áÓ

�
AJ. 	K Ag. �éJ
�JjJ. Ë @ �éËA�QË@ è 	Yë 	áÓ ú


	GA�JË @ Z 	Qm.Ì'@ ÈðA 	J��K

ÉJ
ÖÏ @ 	��
ñª�K �é�®K
Q£ �
�A�® 	K 	á« �è 	Qj. 	JÖÏ @ H. PAj. �JË @ �I 	® ��» Y�̄ð ù


�® 	̄


B@ 	¬@Qm� 	'B@ QK
Y�®�K ú


	̄ ÉJ
ÖÏ @
Qê 	¢

��� . �éJ
«A 	J¢�@ �éJ
�.�« �éºJ. �� Ð@Y 	j�J�AK. ú
Í
�
B@ ÕÎª�JË @ úÎ« YÒ�Jª�K �é�®K
Q£ h@Q���̄ @ Õç�' , ½Ë 	X YªK. . �éK
YJ
Ê�®�JË @

��ñ 	®�K �é 	� 	® 	j	JÖÏ @ �é 	®Ê¾�JË @ �H@ 	X ú

�G @ 	YË @ Pñ��®ËAK. �AJ
�̄ �èYgð Ð@Y 	j�J�AK. AîD
Ê« Èñ�mÌ'@ Õç�' ú


�æË @ l .�

'A�J 	JË @

. è Am.�
�'B@ QK
Y�®�K �HAJ
Ó 	PP@ñ 	k 	áÓ 	á�
�J 	��K @ úÎ«ð �éK
YJ
Ê�®�JË @ ÉJ
ÖÏ @ 	��
ñª�K �é�®K
Q£ úÎ« hQ���®ÖÏ @ ÐA 	¢ 	JË @

YK
Ym�
�' , �é�®J
�̄YË@ �é«@P 	QË @ , ù
 ÖÏ AªË @ ©�̄ @ñÖÏ @ YK
Ym�

�' ÐA 	¢ 	� , �éJ
«A 	J¢�@ �éJ
�.�« �éºJ. �� : �
éJ
kA�J

	
®Ó �HAÒÊ¿

ù

�® 	̄


B@ 	¬@Qm� 	'B@ QK
Y�®�K , ÉJ
ÖÏ @ 	��
ñª�K , ú


�G @ 	YË @ Pñ��®ËAK. �AJ
�̄ �èYgð , ú
æ.�
	�Ë @ ©�̄ @ñÖÏ @

Résumé

Face aux exigences croissantes de l'agriculture et aux dé�s environnementaux, il est devenu
impératif d'adopter les techniques modernes de l'agriculture de précision. Cette transition
implique généralement l'utilisation de véhicules agricoles autonomes, dont l'estimation de la
position et de l'orientation joue un rôle crucial dans l'assurance d'une utilisation e�cace et
d'une gestion optimale des ressources.

La première partie de cette thèse évalue la possibilité d'utiliser des approches de
positionnement relatives basées sur le GPS en temps réel pour les applications agricoles, en
remplacement des solutions de positionnement absolu habituelles. En utilisant des récepteurs
GPS à bas coût et à fréquence unique, les résultats obtenus mettent en évidence une
amélioration signi�cative de la précision de positionnement par rapport au positionnement
GPS absolu. Ce niveau de précision est comparable à celui de certains services DGPS, ce
qui permet l'exécution e�cace de diverses opérations agricoles.

La seconde partie de cette thèse aborde un aspect spéci�que de l'estimation d'orientation,
à savoir la compensation de l'inclinaison dans l'estimation du lacet. Des expériences
pratiques ont permis de mettre en évidence les limitations de la méthode conventionnelle
de compensation de l'inclinaison. Par la suite, une méthode intelligente utilisant un
réseau de neurones arti�ciels a été proposée. Les résultats obtenus avec une unité de
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mesure inertielle à faible coût démontrent la supériorité de notre approche par rapport à la
méthode conventionnelle de compensation de l'inclinaison et à deux algorithmes bien établis
d'estimation d'orientation.

Mots clés: Agriculture de Précision, Compensation de l'Inclinaison, Estimation du
Lacet, Global positioning system (GPS), Positionnement relatif, Réseau de Neurones, Unité
de Mesure Inertielle.

Abstract

In the face of growing agricultural demands and environmental challenges, a transition
towards modern precision agriculture techniques has become imperative. This shift
often involves integrating autonomous agricultural vehicles, whose precise positioning
and orientation estimation play a vital role in ensuring e�cient operation and resource
management.

The �rst part of this thesis explores the feasibility of employing real-time GPS-based
relative positioning approaches for agriculture applications instead of the typical absolute
positioning solutions. Using low-cost single-frequency GPS receivers, our �ndings showcase a
notable enhancement in positioning accuracy compared to standalone GPS positioning. This
level of accuracy is comparable to certain DGPS services, enabling the e�ective execution of
various farming operations.

The second part of this thesis addresses a particular aspect in orientation estimation,
speci�cally, the tilt compensation in yaw estimation. Through a series of experiments, the
limitations of the conventional tilt compensation method have been revealed. Subsequently,
a machine-learning method employing an Arti�cial Neural Network (ANN) was proposed.
Results obtained using a low-cost Inertial Measurement Unit (IMU) demonstrate the
superiority of our approach over the conventional tilt-compensation method and two well-
established orientation estimation algorithms.

Keywords : Arti�cial Neural Network (ANN), Global positioning system (GPS), Inertial
Measurement Unit (IMU), Precision Agriculture, Relative positioning, Tilt Compensation,
Yaw Estimation.
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Chapter I
Introduction

Over the past century, remarkable progress have occurred in the �eld of agriculture,
propelled by various technological breakthroughs and innovations in production systems.
In this context, agricultural production has more than tripled between 1960 and 2015 [1].
Nevertheless, hunger and malnutrition remain as signi�cant challenges in many regions of the
world.

In the meantime, the global population is expanding by approximately 240,000 individuals
each day. This growth is expected to be mainly concentrated in Africa and South Asia. By
2100, projections suggest that Asia and Africa will accommodate over 80% of the world's
population, constituting 9 billion out of a projected total of 11 billion people [1].

In these regions of the world, farmers encounter the highest number of obstacles in
addressing the continually increasing demands of the population. These challenges are
primarily attributed to the exhaustion and volatility of natural resources, aggravated by
the persistent reliance on traditional agricultural practices.

Projections suggest that agricultural production must rise by 70% in order to meet the
food needs of the growing population by 2050 [2]. To maximize the use of existing resources
and achieve optimal yields, it is imperative for many countries to enhance their agricultural
sector through the adoption of innovative precision agriculture techniques. Employing
these methods not only enhances food production but also ensures sustainable utilization
of available resources.

Precision agriculture can be de�ned as "The application of modern information
technologies to provide, process and analyze multi-source data of high spatial and temporal
resolution for decision making and operations in the management of crop production" [3].
Consequently, the majority of precision agriculture techniques involve collecting data on
crop health and soil condition, as well as automating various operations such as soil tillage,
planting, spraying, and harvesting. Thus, the implementation of precision agriculture often
necessitates the utilization of agricultural vehicles.

The manual guidance of these vehicles is an extremely challenging task, requiring
operators to navigate along desired paths for extended periods, covering large areas while
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avoiding crop damage and ensuring the proper functioning of equipment. Autonomous
or semi-autonomous vehicles are emerging as increasingly utilized means in agriculture.
They possess the ability to perform multiple agricultural tasks without the need for direct
and constant human oversight. By enhancing and transforming conventional agricultural
methods, these autonomous vehicles can be part of the solution to the growing demand for
food.

One of the pivotal aspects concerning autonomous vehicles, ground or aerial, is the
determination of their positions and orientations. This information can be employed for
various purposes, including controlling and guiding them, mapping agricultural �elds, and
gathering information. It is noteworthy that in the literature, certain sources include
orientation estimation within the concept of positioning [4]. However, in our study, the
term positioning will speci�cally denote the calculation of position without encompassing
orientation, which will be addressed separately as another subject.

I.1 Background, Motivation and Problem Statement

I.1.1 For Positioning

Over the years, various positioning solutions tailored speci�cally to agricultural applications
have been developed and proposed. These solutions encompass mechanical, optical, radio and
ultrasonic positioning systems as well as a dead reckoning solution. However, many of these
technologies either lack the necessary accuracy for widespread �eld applications or appear
impractical due to their heavy reliance on large-scale or complex installation.

By successfully addressing these limitations, satellite-based positioning systems have
emerged as the predominant choice for agricultural applications. The general term "Global
Navigation Satellite Systems" (GNSS) has been used to encompass the existing satellites
constellations, including the Global Positioning System (GPS).

Two types of GPS receivers exist: single-frequency and multi-frequency. While multi-
frequency GPS receivers o�er centimeter-level accuracy, their high cost, often several
thousand US dollars, make them inaccessible to many farmers [5]. In contrast, low-cost
single-frequency GPS receivers dominate the market due to their a�ordability. Thus, many
e�orts have been put to enhance their accuracy, typically up to tens of meters, through
various augmentation systems [6].

The primary augmentation systems are Di�erential GPS (DGPS) services, aimed at
re�ning absolute position estimation for GPS receivers. These systems are typically
categorized into Wide-area DGPS (WADGPS) and Local-area DGPS (LADGPS) services [7].
Current WADGPS services are primarily regional and do not extend coverage to areas in
Africa and South America [8]. On the other hand, LADGPS services are uncommon in various
regions due to their reliance on large-scale infrastructures or speci�c hardware support, some
of which are either inaccessible or expensive.

Given the unavailability of augmentation systems in di�erent regions in the world and
considering the correlation between the accuracy of standalone GPS receivers and their
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cost, relative positioning may be a viable alternative for accurate positioning purposes in
agriculture applications.

In fact, current positioning systems tailored for agriculture applications typically aim to
determine absolute positions. However, considering the scenario where one GPS receiver
is positioned in a known location near an agricultural �eld, determining accurate relative
positions with respect to this static receiver could su�ce. This approach enables the accurate
positioning of other mobile vehicles equipped with GPS receivers within the agricultural �eld.

Consecutively, the �rst part of this thesis will explore the feasibility of employing real-time
relative positioning approaches for agriculture applications instead of the typical absolute
positioning solutions. The aim is to implement and assess various GPS-based relative
positioning approaches for agriculture applications based on the sharing of GPS data.

I.1.2 For Orientation

In the realm of orientation estimation, a multitude of sensors are employed to accurately
determine the spatial orientation of objects. Among these sensors, Inertial Measurement
Units (IMUs) have emerged as the predominant choice. An IMU typically integrates three
primary sensors: accelerometers, gyroscopes, and magnetometers. Accelerometers measure
linear acceleration, gyroscopes track angular velocity, and magnetometers detect magnetic
�elds.

IMUs have gained popularity owing to advancements in Micro-Electro-Mechanical
Systems (MEMS) technology. This technology enables the development of compact,
lightweight, and cost-e�ective modules for orientation estimation [9]. The integration of
MEMS technology has revolutionized the �eld of orientation estimation by facilitating the
production of IMUs that are both highly accurate and commercially accessible. These IMUs
are now widely employed in various applications, including aerospace, robotics, and, notably,
agriculture.

The utilization of IMUs has prompted the development of numerous algorithms to fuse
data from the accelerometer, gyroscope, and magnetometer sensors. Among these algorithms,
Kalman �lters (KFs) and Complementary �lters (CFs) are the most commonly employed [10].
These �lters have proven to be e�ective in combining sensor readings to accurately estimate
orientation in real-time applications.

The combination of accelerometer and gyroscope measurements has yielded precise
estimations for pitch and roll angles. However, determining the yaw angle poses a signi�cant
challenge. This is because, unlike pitch and roll, accelerometers cannot detect rotations about
the z-axis when the sensor frame aligns with the Earth's frame, in addition to the gyroscope's
drift [11].

Yaw estimation introduces another challenge due to its susceptibility to external magnetic
�elds, such as those caused from nearby metallic objects. This interference can obstruct the
magnetometer's ability to accurately determine yaw, emphasizing the importance of sensor
calibration. Another di�culty arises when the sensor is not aligned parallel to the Earth's
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surface. In such cases, a conventional tilt compensation method is typically employed to
mitigate inaccuracies.

In the second part of this thesis, we will evaluate the e�ectiveness of this conventional
approach. Based on our �ndings, we will propose an Arti�cial Intelligence (AI)-based method
to tackle this issue. Moreover, we will evaluate the e�ectiveness of the proposed solution not
only compared to the conventional tilt compensation method but also against two established
orientation estimation algorithms.

I.2 Novel Research Contributions

Consistent with the focus of our thesis, titled "Contribution to the development of an
intelligent localization system: Application to precision agriculture," our research seeks
to present a low-cost positioning system tailored for agricultural use, leveraging GPS-
based relative positioning techniques. Furthermore, as part of integrating an "intelligent"
dimension into our work, we introduce an AI-based methodology to address a speci�c aspect
of orientation, namely tilt compensation in yaw estimation.

This dissertation makes the following contributions to the relevant body of positioning
and orientation estimation research:

� Implementation of various GPS-based relative positioning approaches in real-time,
namely Absolute Position Di�erencing (APD), Pseudorange Single Di�erencing (PSD),
and Pseudorange Double Di�erencing (PDD). This marks a novel contribution to the
�eld, as previous works predominantly utilized these methods in post-processing mode;

� Evaluation and analysis of the suitability of these relative positioning techniques
for agricultural applications, utilizing low-cost single-frequency GPS receivers.
Experiments are conducted in both open-sky environments and agricultural �elds;

� Execution of a series of experiments to identify the shortcomings of the conventional
tilt compensation method employed in yaw estimation;

� Introduction of an innovative AI-based solution, employing Neural Networks to
compensate for tilt in yaw estimation using raw measurements obtained from a low-cost
IMU. Comparative analysis is conducted not only against the conventional method but
also against two established CFs.

I.3 Dissertation Organization

The subsequent sections of this dissertation are structured as follows. The upcoming chapter,
Chapter II, presents a comprehensive overview of positioning systems employed in agriculture.
It traces the evolution from traditional methods to the latest techniques and recent research
works. A particular interest is given to satellite-based positioning systems.
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Chapter III starts by recalling fundamental aspects concerning GPS-based relative
positioning approaches. Building upon this foundation, this chapter proceeds to detail
a real-time implementation of these approaches. To evaluate their e�ectiveness, �eld
experiments are conducted in various environments, encompassing both open-sky conditions
and agricultural settings. The �ndings and key insights gained from these experiments are
highlighted.

Chapter IV begins by outlining the commonly used approaches for orientation
representation. It then investigates the array of sensors employed for orientation estimation,
with a primary focus on IMUs. Also, this chapter explores the algorithms frequently employed
in conjunction with IMUs. Of particular interest are KFs and CFs. Furthermore, with the
advancements in AI-based techniques, notably Neural Networks (NNs), this chapter examines
how NNs have been integrated into orientation estimation frameworks and discuss their
potential advantages and challenges compared to conventional �ltering approaches.

Chapter V starts by evaluating the conventional method employed for tilt compensation
in yaw estimation. Subsequently, it introduces a Neural Network (NN)-based solution that
utilizes accelerometer and magnetometer measurements as features. Following this, the
chapter compares the performance of the proposed solution with that of the conventional
tilt compensation method and two established CFs, namely Madgwick and Mahony �lters.

Chapter VI serves as the concluding segment of the dissertation, where it provides a
summary of the thesis work, highlighting its main contributions. It also recapitulates the
results and �ndings of the thesis. Additionally, the chapter suggests potential directions for
future research based on insights gained from this study.
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Chapter II
Positioning Systems in Agriculture

II.1 Introduction

For safe and successful navigation, an autonomous agricultural vehicle must be able to know
its position in the �eld. An unreliable positioning could result in the vehicle not being able
to perform its tasks successfully, in addition to the likely risk of vehicle-to-vehicle collision.
That being said, positioning plays a crucial role in the design of any autonomous vehicle
dedicated to agriculture [12].

It is worth mentioning that the terms positioning and localization are often used
interchangeably, but are normally used to denote two di�erent concepts. Thus, positioning
aims to determine a set of numerical coordinates, while localization constrains the position
to a particular area using a map or a geographic information system (GIS) [13].

The agricultural environment introduces unique challenges to vehicles' positioning. Unlike
controlled indoor settings, agricultural landscapes present various complexities. These
include vast and dispersed operating areas, uneven terrain, signi�cant wheel slippage, and
environmental factors like rain, fog, and dust. Moreover, the demand for cost-e�ective systems
in this context further complicates the development of positioning solutions.

Over the years, di�erent positioning solutions dedicated to agriculture applications have
been proposed. These solutions may be divided into categories according to the data they
generate (motion measurement, local features detection, etc.). This categorization can also be
based on the type of reference system into those that generate position with respect to a local
reference system and those that are based on an absolute coordinates system independent of
local characteristics such as satellite-based positioning systems.

Going through traditional positioning solutions in agriculture, up to the latest techniques
and recent research works proposed more recently, this chapter covers some of the early and
recent developments in positioning systems of agricultural vehicles. A particular interest is
dedicated to satellite-based positioning systems. Furthermore, it's essential to note that our
research primarily focuses on outdoor positioning systems.
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II.2 Previous Developments

II.2.1 Mechanical-based Systems

Notwithstanding the fact that guidance does not appear in the scope of the proposed work,
it was considered essential to present an overview of how previous e�orts have addressed this
problematic. The �rst e�orts in the �eld of simpli�cation and automation of agricultural
operations aimed to help farmers uniformly space their planted rows. Starting from 1870,
several solutions, such as row markers, aids for manual steering and autosteering systems
were presented [14].

Undoubtedly, one of the discoveries that shaped modern agriculture was the invention
of the agricultural tractor in 1913 with its furrow-following automatic steering aid [14],
illustrated in Figure II.1. Subsequently, several mechanical-based works have been proposed
to allow precise guidance of these tractors within agricultural �elds. All these works can be
categorized into two distinct modes; approaches based on existing features and those based
on specially provided features.

Figure II.1: Agricultural tractor with automated steering system.

As an example of the �rst mode, we mention the work presented by Kirk et al. [15] where
a furrow-engaging device coupled to the steering linkage and placed in front of the tractor's
front wheel have been proposed. The work of Wilden and Blair [16] who presented a system
based on a cord buried just below the surface serving as markers for guiding tractors is an
example of the second mode.

In his review paper [17], Jahns concludes that none of the previously presented techniques
could be generalized and that these techniques were not robust enough to meet the needs
of agriculture applications. According to Wilson [18], technological developments in several
areas including computer vision, and satellite-based positioning systems could lead to the
implementation of a universal agricultural guidance system that emulates closely the actions
of a human operator.
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II.2.2 Odometry Sensors

These sensors are generally used for dead reckoning which is a procedure for determining the
actual vehicle position based on previous positions combined with known system's internal
information over a given time duration [19]. Odometry sensors are based on the integration
of incremental motion information from wheels rotation over time.

On one hand, the simplicity and cost-e�ectiveness of odometry provide a distinct
advantage. On the other hand, the e�ciency of these sensors relies strongly on the soil
condition. Unfortunately, in the agricultural environment, ground surfaces are usually uneven
which makes these sensors highly susceptible to errors resulting from wheel slippage and
variation of the track width of the wheels. These errors are cumulative which leads to
important positional drift.

II.2.3 Inertial Sensors

In order to avoid the complexity of modeling odometer errors, inertial sensors have been used
in a variety of vehicle applications as an alternative to odometers for dead reckoning purposes.
Additionally, inertial systems have the bene�t of being produced in compact packages that
can easily be embedded on vehicles.

They typically consist of accelerometers and gyroscopes. They are often extended by
electronic compasses that estimate the orientation of the vehicle relative to the magnetic
north. The combination of these sensors gives an estimation of the actual orientation and
speed of the vehicle. These latter allow the calculation of the vehicle's current position based
on previous positions.

These sensors tend to drift and accumulate errors due to temperature changes, gravity,
and exposure to unwanted local magnetic �elds. When inertial sensor data are integrated to
give speed and position, any small bias in the sensor output will accumulate and result in
positional drift. Yet, inertial systems are fairly reliable in the short term [20]. Besides, many
research works have led to signi�cant improvement of both robustness and accuracy of these
sensors [10].

Another group of sensors used in agricultural vehicles collect environmental information
regarding the vehicle's position. This positioning is based on landmarks which are distinct
features in the environment that a sensor can recognize. There are two types of landmarks.
Natural landmarks are objects or features that are already in the environment and have a
function other than vehicle navigation, such as crop rows and crop edges. Arti�cial landmarks
are specially provided objects or markers that need to be placed in the environment with the
purpose of enabling positioning [21]. The following sensors are examples of these systems.
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II.2.4 Camera-based Sensors

From the 1980s, we have witnessed signi�cant technological developments in the area of
image recognition and computers became more powerful, compact and a�ordable. Thus,
the combination of computers along with image sensors provided opportunities for machine
vision-based positioning systems [22].

Camera-based systems allow to estimate the relative position and orientation using the
image sensor mounted on the vehicle. They are the most suitable sensor for natural landmarks
detection and matching [19]. Examples of applications of machine vision-based positioning in
agriculture can be found in [23�30]. Unfortunately, unlike industrial applications which deal
with relatively simple, well-de�ned and replicable environments, agricultural applications
require advanced technologies to deal with variable factors including lighting, rain, fog, dust
and shadowing [20].

In order to extend the detecting range, and overcome the shortcomings of the computer
vision-based solutions, a number of works have been proposed where di�erent sensor-fusion
strategies, introduced later in this section, have led to a considerable improvement of accuracy
as well as robustness.

II.2.5 Laser Scanner Sensors

Several research contributions have been made to the �eld of positioning using laser scanners
[31�35]. This interest is mainly due to the high resolution, large �eld of view and robust
ranging data provided by laser scanners compared to camera-based sensors which give access
to a reliable positioning in di�erent weather and illumination conditions [36].

A simple con�guration uses three or more arti�cial landmarks positioned around the �eld.
A vehicle mounted laser is swept in a horizontal plane. by measuring time of �ight of laser
pulses, relative distances with respect to landmarks are determined and communicated to the
positioning system which uses trilateration to calculate to vehicle's position.

This system has the disadvantage of necessitating a communication link between the
vehicle and the arti�cial landmarks [37]. Additionally, One of the major drawbacks of this
solution is the noisy laser measurements when the vehicle is traveling on uneven ground [22].

II.2.6 Ultrasonic Sensors

An ultrasonic sensor generates a sound wave in a frequency out of human's audible range
(>20KHz). The signal, after being re�ected by the target, is recorded by a sensor to estimate
the time di�erence and, consequently, estimate the distance [38]. The use of ultrasonic
sensors for navigation and obstacle avoidance for agriculture applications has received much
study [39�42].

This interest is motivated by the availability of a�ordable ultrasonic ranging unit [37].
In outdoor environments, the behavior of natural surfaces di�ers from indoor re�ectors and
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has a much smaller amplitude in terms of re�ectance. Ultrasonic sensors can be used when
accuracy and reliability are not essential because the speed of sound changes due to variations
in air temperature and humidity. Thus, they are usually used as complementary sensors which
allow to extend their range which is typically less than 10m.

II.2.7 Discussion

Selection of a sensor should consider range, robustness to lighting condition, robustness to
environmental conditions, maintenance, and cost. In [38], a summary of sensors ratings
is presented to help select the proper sensor for a speci�c application. Meanwhile, no
single type of sensor has proven to work reliably in all operating conditions and to have
clear advantages over the others. It is noteworthy that various recent research studies have
suggested combining di�erent systems mentioned earlier [43�45].

Another important aspect to consider is that these early systems and techniques were
basically intended to ensure a ground vehicle positioning. Meanwhile, Unmanned Aerial
Vehicles (UAVs), commonly referred to as drones, are rapidly replacing ground vehicles,
particularly for applications such as e�cient crop spraying and �eld mapping [46]. Yet, most
of the positioning sensors mentioned above are impractical for UAVs.

Since the inception of the Global Positioning System (GPS) in the mid-1990s, it was
apparent that many of the constraints associated with earlier methods no longer applied to
GPS technology. A GPS-based positioning system o�ers several advantages including high
accuracy, particularly in open sky environments, in addition to its a�ordability and ease
of use. Therefore, the use of satellite-based positioning solutions becomes an unavoidable
necessity.

II.3 Satellite-based Positioning Systems

All positioning, whether it is relative to a landmark in the environment or to a satellite
constellation, can be considered as being relative. Yet, it is important to draw a distinction
between positioning techniques that produce a location relative to a nearby reference point
and those that produce a location in a geographic coordinates system. Consecutively,
the previously exposed methods so far provide relative positioning whereas satellite-based
positioning systems provide absolute positioning [19].

The introduction of GPS technology led to extensive research into its applicability for
vehicle navigation in agricultural environments [47, 48]. By the early 2000s and with the
cancellation of selective availability by the United States Department of Defense [49], several
major agricultural equipment manufacturers such as John Deere and Case began o�ering
commercial GPS-based guidance systems, marking the widespread adoption of this technology
in various regions across the globe [50].

While GPS triggered the growth of satellite-based positioning systems, it's crucial
to acknowledge that other systems have since emerged, including the Global Navigation
Satellite System (GLONASS), the European Satellite Navigation System (GALILEO),
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China's COMPASS/Bei-Dou, as well as regional systems like India's Regional Navigation
Satellite System (IRNSS) and Japan's Quasi-Zenith Satellite System (QZSS) [49].

The general term Global Navigation Satellite Systems (GNSS) has been adopted to
embrace the existing satellites constellations. As of the time of this writing, GPS and
GLONASS are the only systems that are fully operational [51]. In our work, we opted
for GPS primarly due to its widespread adoption and availability.

II.3.1 GPS for Precision Agriculture

Before we explore how GPS is used for positioning in agriculture, we considered important
to highlight the signi�cant role that GPS plays in precision agriculture (PA). The emergence
of PA and the introduction of GPS are closely related. The availability and expansion of the
GPS positioning system were pivotal in inspiring the development of PA techniques. The
central concept revolves around the precise application of resources when and where they are
required [49].

In fact, GPS technology plays a pivotal role throughout the entire precision agriculture
cycle as illustrated in Figure II.2. This latter is consists of four primary stages: data
collection, analysis and planning, �eld operations, and yield monitoring [52].

Figure II.2: Role of GPS in the precision agriculture cycle.

During the dataset collection phase, GPS data allows to create precise �eld maps. These
maps are invaluable for planning and providing in-�eld GPS guidance for agricultural vehicles.
Subsequently, employing suitable sensors, a contour map is generated. This map allows to
de�ne homogeneous zones in order to develop customized management strategies for each of
these zones [53].

For the analysis and planning phase, and considering the variable rate application (VRA)
which is a widespread practice in PA, the data collected provides the basis for creating
prescription maps for VRA of fertilizer, seed, and chemicals. Guided by GPS data, these maps
suggest di�erent input quantities for various zones, taking into account soil characteristics
[54].
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The use of GPS technology has led to the development of guidance systems that help
di�erent types of vehicles to follow prede�ned tracks and avoiding geofences. Accurate �eld
navigation reduces redundant applications and skipped areas, allowing for optimal ground
coverage in the shortest time possible. As the vehicle moves through the �eld, and based on
its actual position within the prescription map, VRA equipment changes the concentration
of the input [55].

Yield monitoring is conducted using yield monitors that are attached to harvesting
machines. These monitors assess yields in various zones across the �eld. Through post-
processing, farmers can evaluate the e�ects of the applied technology and use this data to
make informed decisions for optimizing future farming processes [53].

II.3.2 GPS Overview

II.3.2.1 GPS Segments

GPS consists of three segments: the space segment, the control segment, and the user
segment.

II.3.2.1.1 Space segment The space segment comprises a constellation of satellites that
transmit radio signals to users. These satellites are equipped with highly accurate atomic
clocks. They transmit pseudorandom noise (PRN)-coded signals, from which the ranging
measurements are made. This concept de�nes GPS as a passive system with signals only
being transmitted and the user receiving the signals. Consequently, an unlimited number of
users can simultaneously use GPS [7].

As of July 2023, there were a total of 31 medium-Earth orbiting (MEO) operational
satellites in the GPS constellation at an altitude of approximately 20,200 km. The
GPS constellation is a combination of older and newer satellites, comprising the following
generations: Block IIR (6 operational satellites), Block IIR-M (7 operational satellites), Block
IIF (12 operational satellites), and GPS III/IIIF (6 operational satellites) [56].

The satellites are arranged into six orbital planes with 4 evenly-spaced satellites per
plane. This 24-slot arrangement ensures that a minimum of four satellites can be visible from
virtually any point on the planet at any given time. The additional satellites may enhance
the performance of GPS but are not regarded as part of the primary constellation [56].

II.3.2.1.2 Control segment The control segment of the GPS system is composed of
a global network of ground stations responsible for tracking the GPS satellites. Its main
functions include monitoring the health of the satellites by resolving anomalies, managing
their orbital and clock errors, and monitoring all satellite navigation signals. To accomplish
this, the control segment uploads commands and data into the GPS constellation via the
S-band link, ensuring this is performed at least once per day [57].

The current control segment is comprised of 16 monitoring sites and 11 command and
control antennas, all under the management of a master control station and an alternate
master control station both located in the United States, with one in Colorado and the other
in California, respectively [58].
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II.3.2.1.3 User segment The user segment includes all GPS receivers responsible for
processing the signals transmitted by GPS satellites to determine the user's position, velocity,
and precise time (PVT). This process involves detecting, demodulating, and separating the
received signals into their individual components.

To achieve this, GPS receivers typically consist of several key components, including
an antenna, �ltering and downconversion components, an internal oscillator, digital signal
processors, and a navigation processor [7].

II.3.2.2 GPS working principle

GPS positioning works on the basis of a mathematical concept called trilateration, as depicted
in Figure II.3. The underlying idea is straightforward: to determine a user's position on Earth
(R), it is necessary to know the locations of a minimum of three GPS satellites (P1, P2 and
P3) and the distances from those satellites to the user's position (D1, D2 and D3).

Unlike conventional trilateration, GPS positioning actually involves four intersecting lines
at the unknown point, which is necessary because there are four unknowns: X, Y, Z, and
time.

Figure II.3: Trilateration principle.

Hence, determining the position of a GPS receiver relies on having access to two crucial
pieces of information: the satellites' positions and the distances between the receiver and
these satellites. As previously noted, GPS operates as a passive system, relying solely on the
received GPS signals as its primary source of information.

II.3.2.3 GPS Signal

II.3.2.3.1 GPS Signal Interface The atomic clocks of a satellite produce a sine wave
with a fundamental frequency f0 of 10.23 MHz. This fundamental frequency is used to
generate the three carrier waves frequencies via multiplication by 154, 120 and 115, denoted
respectively L1(1575.42MHz), L2(1227.60MHz) and L3(1176.45MHz).

13



CHAPTER II. POSITIONING SYSTEMS IN AGRICULTURE

Thus, the signal interface between the space segment and the user segment comprises
three distinct radio frequency links. The L5 link is only available on Block IIF and the
subsequent generations of satellites [59], as depicted in Figure II.4.

Figure II.4: GPS signal interface de�nition.

The focus of this research lies strictly with single frequency GPS receivers. Consequently,
the signals of interest revolve around the di�erent codes employed to modulate the L1
frequency.

II.3.2.3.2 GPS L1 Signal Structure The GPS L1 frequency is currently the most
employed band for navigation purposes, with the majority of applications worldwide relying
on signals transmitted at this speci�c frequency [60].

The L1 signal encompasses ranging codes, employed for determining the distance to the
satellite, and navigation messages containing crucial information essential for GPS receivers.
This information primarily includes the transmission time of each satellite signal, the precise
position of the satellite at the moment of transmission and atmospheric parameter information
[61].

GPS Ranging codes Ranging codes are pre-de�ned repeating pseudorandom noise
(PRN) codes. They consist of binary sequences which appear to be noise, but they are
actually capable of repetition and correlation. PRN codes serve as the distinct signatures of
GPS signals, as two di�erent PRN codes exhibit no correlation. This characteristic allows
receivers to distinguish GPS signals originating from di�erent satellites [62].

In addition to the newly introduced L1C code and M-code , two primary ranging codes
are transmitted at the moment by GPS using L1 frequency:

� Coarse/Acquisition (C/A) code : Each C/A code has a length of 1023 bits, repeated
every millisecond. The C/A code for each satellite is a 1 kHz signal made up of
continuously repeating PRN sequences over time which modulate the L1 carrier wave
at a rate of 1.023 MHz to form a ranging signal using a Bi-Phase Shift Key (BPSK)
modulation technique [62].
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� The Precision P(Y)-code: P-code is the principal military ranging code, while the
Y-code is used whenever the anti-spoo�ng mode is activated [63]. It is transmitted as
a 10.23 MHz signal using the same BPSK modulation, however the P(Y)-code carrier
is in quadrature with the C/A carrier.

It is worth mentioning that GPS can provide two distinct positioning services [63]:

� The Standard Positioning Service (SPS), available on GPS L1, L2, and L5 frequencies,
o�ers positioning and timing services for peaceful civil, commercial, and scienti�c use
worldwide. The code associated with this service is the C/A code.

� The Precise Positioning Service (PPS) is a highly accurate service broadcasted on the
GPS L1 and L2 frequencies. Reserved exclusively for authorized users, this service
utilizes the P(Y)-code. In our work, we will not be utilizing this service due to its
restricted access.

GPS Navigation Messages Today, GPS satellites transmit several navigation
messages, but our focus will be on the one designated for SPS, speci�cally, the legacy
Navigation (LNAV) message. This message encompasses details such as the ephemeris,
which indicates the location of the GPS satellites, and clock corrections, essential for time
conversions and o�sets.

Additionally, the LNAV message communicates vital information about the satellites'
health in orbit and details regarding the ionosphere. It incorporates almanacs, a set of
data providing a GPS receiver with su�cient information to estimate the coordinates of all
satellites within the constellation [64].

The complete LNAV message comprises 25 frames, each spanning 1500 bits and further
divided into �ve subframes. Within each subframe, there are 10 words, and each word is
composed of 30 bits. Consequently, the overall LNAV message consists of 37,500 bits and is
transmitted at a rate of 50 bits per second, requiring 12.5 minutes for complete broadcast [62].

The LNAV message undergoes modulo-2 addition with the P(Y) and C/A codes, and the
resulting values are utilized to modulate the L1 signal, as illustrated in Figure II.5.

II.3.2.4 GPS Measurement Observables

In GPS literature, the term 'observable' is employed to denote the signals that, when
measured, provide information about the range between the satellite and the receiver. This
term serves to distinguish the object being measured, referred to as "the observable," from
the actual measurements.

Indeed, the only measurements carried out by a GPS receiver involve determining the
time shift necessary for aligning the received and locally generated PRN codes. Additionally,
the receiver measures the frequency shift required to maintain synchronization between the
received and the locally generated carrier wave [57].

The measurement observables produced by a GPS receiver originate directly from these
two observations, encompassing a set of three distinct values: pseudorange, carrier phase,
and Doppler shift.

15



CHAPTER II. POSITIONING SYSTEMS IN AGRICULTURE

Figure II.5: GPS L1 signal composition.

II.3.2.4.1 Pseudorange Pseudorange represents a measure of the distance between the
satellite and the GPS receiver on the Earth. The measured pseudorange deviates from the
actual distance due to clock errors and the impact of signal transmission mediums, hence the
use of 'pseudo' in its designation.

It is calculated by measuring the time-of-�ight (TOF) of the transmitted GPS signal and
multiplying it by the propagation speed of the radio signal which equals the speed of light.

The transmit moment is known as it is included in the navigation message. However, the
reception time relies on inaccurate local receiver's clock, introducing complexity in measuring
pseudorange. This complexity arises from the need to synchronize the receiver's clock to GPS
time with precision in order to enable accurate measurement of TOF [7].

The core of estimating reception time involves correlating the code carried on the
modulated carrier wave received from a GPS satellite with a replica of that identical code
generated in the receiver [57].

Referring to Figure II.6, extracted from [7], we observe the distinction between the actual
geometric range and the measured pseudorange, speci�cally considering the in�uence of
unsynchronized clocks, where:

� Ts is the actual GPS time when the signal was transmitted from the satellite;

� Tu is the actual GPS time when the signal, free from errors, would have reached the
receiver;

� ∆t is the theoretical TOF of the transmitted GPS signal;

� δt is the satellite clock o�set from GPS time;

� tu is the receiver clock o�set from GPS time;
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Figure II.6: Pseudorange measurement timing relationships.

.

That being said, The geometric range r and the pseudorange ρ are expressed by
relation II.1 where c is the speed of light.

r = c(Tu − T − s) = C∆t

ρ = c[(Tu + tu)− (Ts + δt)] = r + c(tu − δt)
(II.1)

It is important to highlight that this formula presents a generalized model for pseudorange,
overlooking other errors like atmospheric delay. in the upcoming chapter, we will present
a comprehensive examination of all the known factors that in�uence the accuracy of
pseudorange measurement.

While our work does not directly involve the utilization of carrier phase and Doppler shift,
we �nd it crucial to provide a brief overview of them for a more comprehensive understanding
of existing GPS positioning methodologies.

II.3.2.4.2 Carrier phase Pseudorange is commonly used in applications where relatively
lower accuracy is acceptable or instant positions are required. In contrast, carrier phase serves
as the foundation for techniques employed in high-precision GPS surveys. Nevertheless, many
GPS receivers utilize the pseudorange as an initial step to initiate position determination
before switching to carrier phase observable in order to re�ne the obtained position [62].

The carrier phase represents a measure of the phase between the received satellite carrier
signal and the receiver's locally generated carrier wave at the reception time. In other words,
it is the number of carrier cycles that exists between a satellite and a receiver.

The fractional phase can be measured precisely with precision better than 1% of the
wavelength (Theoretically 1.91 mm for L1 carrier wave). Meanwhile the number of carrier
cycles includes also an integer carrier cycles term known as Integer Ambiguity which needs
to be determined [65].
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Once the integer ambiguity terms for the available set of satellites are resolved, the phase
measurements can be converted into highly accurate receiver-to-satellite range measurements.
Unfortunately, not all GPS receivers can utilize carrier phase for position determination and
this feature is not available for consumer-grade GPS receivers.

II.3.2.4.3 Doppler shift Similar to carrier phase, this observable is derived directly
from the GPS carrier signal rather than TOF measurements. Doppler shift is a well-known
phenomenon that a�ects the frequency of traveling wavefronts when two objects are in motion
at varying speeds relative to each other.

In this case, a radio signal transmitted from a satellite in motion at a nominal frequency
will be received at the receiver with a slightly di�erent frequency. This di�erence in frequency
is employed as supporting data for determining both position and velocity. Furthermore,
Doppler shift measurement play a crucial role in detecting and correcting cycle slips in
positioning solutions based on carrier phase [65].

II.3.2.5 GPS Augmentation Systems

There are two main categories of GPS receivers: single-frequency and multi-frequency.
While multi-frequency GPS receivers o�er centimeter-level accuracy with suitable positioning
techniques, their cost is several thousand US dollars, making them inaccessible for many
farmers [5].

In contrast, single-frequency GPS receivers are more a�ordable, leading to signi�cant
e�orts to enhance their accuracy through various augmentation systems, driven in part by
the accessible prices of these receivers. The most representative augmentation systems are the
Di�erential GPS (DGPS) services in addition to the various multi-sensor fusion approaches
[7].

II.3.2.5.1 DGPS Services The widespread adoption of GPS technology in agriculture
has markedly increased, primarily driven by improved accessibility to di�erential correction
services. They are divided into two types depending upon the size of the geographic area
covered by the DGPS system.

Wide-Area DGPS (WADGPS) WADGPS services play a pivotal role in enhancing
the accuracy of GPS-based positioning across large geographic areas. These services include a
network of reference stations with precisely known locations, each equipped with high-quality
GPS receivers. By comparing the signals received at these reference stations with the known
locations, errors a�ecting the signals can be identi�ed and quanti�ed.

The gathered correction information is then transmitted to users, enabling them to re�ne
their GPS position estimates. This correction data, often transmitted through satellite
communication, and known as Satellite-Based Augmentation Systems (SBAS), helps mitigate
errors arising from factors like atmospheric delays and satellite clock errors.
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An SBAS is a WADGPS system that provides di�erential GPS corrections using
geostationary satellites. It provides corrections data through a signal directly broadcast
at the GPS L1 frequency. Examples of SBAS implementations include systems like
the Wide Area Augmentation System (WAAS) within the United States, the European
Geostationary Navigation Overlay Service (EGNOS) within Europe and the Multifunctional
Transport Satellite (MTSAT)-based Augmentation System within Japan and Southeast Asia.
Unfortunately, the existing WADGPS so far are regional services and do not cover zones in
Africa and South America [8].

Local-Area DGPS (LADGPS) In the LADGPS system, a reference base with known
coordinates measures the distance to visible GPS satellites in real-time. Using its precise
coordinates, the base calculates the expected distance without error. The di�erence between
the expected and measured distances for each satellite is sent to the receiver, helping
determine its position through a radio link.

Corrections can be applied through post-processing methods or in real-time. In the case
of real-time corrections, it is referred to as Real-Time Kinematic (RTK) GPS [66]. RTK
systems o�er the highest accuracy in GPS applications, yielding typical errors of less than
2 cm. However, a drawback is that they necessitate a base station within a 10 km range,
limiting their suitability for large farms.

It is worth mentioning that in di�erent parts of the world, LADGPS services are
uncommon because they rely on large-scale infrastructures or on speci�c hardware support,
some of which are not generally accessible or are expensive [67].

II.3.2.5.2 Integrating GPS with other sensors To ensure continuous positioning
information during GPS signal blockage, periods of interference, and between receiver update
intervals, several solutions have been proposed. These solutions involve integrating GPS
receivers with various additional sensors. While our intention is not to provide a full review
of all existing approaches, we will highlight some of the noteworthy ones.

The majority of current multi-sensor fusion techniques rely on Kalman �ltering
procedures, recognized as one of the optimal solutions for integrating multiple sensors. A
Kalman �lter is a linear, model-based estimator that employs stochastic, recursive, weighted,
and least squares computing algorithms [36].

One of the well-known approaches based on multi-sensor fusion is the Simultaneous
localization and mapping (SLAM). It consists of estimating the current position of a moving
vehicle, while simultaneously building a map of the surrounding environment based on sensors
such as acoustic sensor, RADAR, camera, Light Detection and Ranging (LiDAR) [68].

Another instance is a sensor fusion approach designed for steep slope vineyards, combining
GPS, wheel odometry, and previously marked landmarks [69]. Iqbal et al. also proposed a
similar fusion in their work, integrating GPS, 2D laser, and an IMU [70].

Bietresato et al. presented a fusion technique incorporating sonar, IMU, and RTK GPS
for vegetation mapping [71]. In a di�erent application, a study suggested the fusion of a
monocular camera and a GPS module for in-row weed control [72].
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Lastly, Ampatzidis et al. introduced an innovative strategy utilizing radio frequency
identi�cation (RFID) for yield mapping [73]. This involved attaching RFID tags to trees and
using a reader mounted on a vehicle to identify and navigate between them.

II.3.2.6 GPS-based Relative Positioning

Many studies and researches have proven the spatial and time correlation of most of the GPS
pseudorange measurement errors [7]. As a result, and in order to eliminate or reduce the
majority of quanti�able errors included in pseudorange measurement, a common technique
known as di�erencing is usually performed.

Di�erencing serves two primary purposes. The �rst, known as "Absolute di�erential
positioning" involves improving a receiver's position with respect to an Earth-Centered Earth-
Fixed coordinate frame. The second objective, termed "Relative di�erential positioning,"
aims to accurately determine a receiver's position relative to a local coordinate system
attached to another receiver.

Absolute di�erential positioning relies on a precisely known reference station, using its
known position to compute corrections on GPS measurements. These corrections are then
transmitted and applied to mobile GPS receivers, resulting in an improved absolute position.
This principle aligns with the approach employed by LADGPS services.

Relative di�erential positioning, abbreviated as relative positioning in the rest of this
thesis, aims to determine the vector between two receivers, commonly referred to as the
baseline vector. The positions of these receivers don't necessarily need to be known and
may be time-varying. In relative positioning, a minimum of two receivers is involved. In a
base-rover con�guration, the base assumes a known position, and the goal is to determine
the position of the other receiver, the rover, with respect to the base.

Assume one GPS receiver is installed in a known position in the vicinity of an agricultural
�eld. Being able to locate accurately other mobile vehicles equipped with GPS receivers with
respect to the static receiver permits to determine their real positions within the agricultural
�eld as shown in Figure II.7. Moreover, the knowledge of relative positions between di�erent
moving vehicles is primordial and allow to avoid collisions and optimally divide work tasks.

Consecutively, in the initial phase of our work, we intend to investigate the feasibility of
employing di�erent GPS-based relative positioning approaches for agriculture applications.
Rather than improving the accuracy of GPS receivers related to an ECEF coordinate frame,
the proposed work seeks to enhance positioning accuracy with respect to a local coordinate
frame attached to one of the GPS receivers.

II.4 Conclusion

In conclusion, this chapter initiated by surveying various positioning solutions in agriculture,
revealing that early systems lacked the needed technical and economic suitability for
widespread use in the �eld.

20



CHAPTER II. POSITIONING SYSTEMS IN AGRICULTURE

Figure II.7: Pictorial representation of the use of GPS-based relative positioning for
agriculture applications.

With the advent of GPS, a pivotal advancement emerged in agricultural applications.
This chapter discussed the vital role of GPS in agriculture, providing an overview of the
GPS system, its working principle, in addition to the various GPS measurement observables.
Augmentation systems for GPS were also introduced in order to enhance customer-grade
GPS receivers positioning accuracy.

Finally, we presented a brief overview of the GPS-based relative positioning, emphasizing
our aim to evaluate the opportunity of using it in agriculture. The following chapter
will provide a detailed examination of GPS-based relative positioning, where we propose
to implement various real-time approaches in order to assess its viability for agriculture
applications.
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Chapter III
Experimental Evaluation of GPS-Based

Relative Positioning Approaches for

Agriculture Applications

III.1 Introduction

In this chapter, we shift the focus from traditional absolute positioning systems in agriculture
to explore the potential of relative positioning. Our goal is to assess the practicality and
e�ectiveness of several GPS-based relative positioning methods. Using a�ordable modules,
we implement these approaches in real-time, making them more accessible for agricultural
applications.

To assess their performance, we conduct �eld experiments in di�erent settings, including
an open-sky environment and an agricultural �eld. The results and insights gained from these
experiments are the main highlights of this chapter. We aim to o�er a clearer understanding
of how relative positioning approaches can be valuable and cost-e�ective in addressing the
speci�c needs of positioning in agriculture applications.

III.2 Motivation

In parts of the world where traditional farming methods predominate, access to cost-
e�ective positioning technology can revolutionize agricultural practices, empowering farmers
with valuable information enabling them to optimize resource management, such as precise
application of fertilizers and water, resulting in increased crop yields.

While multi-frequency GPS receivers o�er centimeter-level accuracy, they are also very
expensive, costing several thousand US dollars and remain out of reach for many farmers [5].
As the low-cost single-frequency GPS receivers dominate most of the GPS market, mainly
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due to their lower price, many e�orts have been put into improving their accuracy, typically
up to tens of meters, through di�erent types of augmentation systems [6].

The primary augmentation systems are Di�erential GPS (DGPS) services, commonly
categorized into wide-area DGPS services (WADGPS) and local-area DGPS services
(LADGPS), as explained in section II.3.2.5.1. Unfortunately, current WADGPS services,
especially satellite-based (SBAS) ones, are regional and do not extend coverage to areas in
Africa and South America, as shown in Figure III.1, sourced from [8].

Figure III.1: SBAS service areas

On the other hand, in di�erent parts of the world, LADGPS services are uncommon
due to their dependence on large-scale infrastructures or speci�c hardware devices support,
some of which may not be generally available or are costly. A LADGPS solution, suitable
for tasks like yield monitoring and soil sampling, typically costs between 3,000 and 5,000
US dollars, o�ering a Root Mean Square (RMS) accuracy of at least three meters, with a
standard accuracy of around one meter.

Given the absence of augmentation systems in di�erent regions in the world and
considering that the capacity of standalone GPS receivers to reach high levels of accuracy
is proportional to their cost, relative positioning emerges as an alternative for accurate
positioning purposes in agriculture applications. Consecutively, in this chapter we intend to
implement and evaluate di�erent GPS-based relative positioning approaches for agriculture
applications based on low-cost single-frequency GPS receivers.
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III.3 Literature Review and Contribution

III.3.1 Literature Review

In many applications a relative position with respect to a local coordinate system may
be su�cient. Relative positioning has been used in di�erent �elds such as intelligent
transportation systems (ITS) and unmanned aerial vehicle (UAV) swarms. In order to
measure distance between two vehicles, di�erent methods exist in the literature. The most
common approach is to use radio ranging methods such as Received Signal Strength (RSS),
Time Of Arrival (TOA), and Time Di�erence of Arrival (TDOA) techniques [74]. Other
techniques using laser and stereo vision camera have also been proposed [75]. In spite of
the high levels of accuracy o�ered by these techniques, their major drawback is certainly
the limitation in their perception range. Hence, there have been a signi�cant number of
researches devoted to GNSS-based relative positioning.

One study that has addressed the problematic of measuring distances between GPS
receivers by sharing pseudorange measurements is the research conducted by Yang et al. They
employed the weighted least squares method to implement a Pseudorange Double Di�erencing
(PDD) algorithm, which signi�cantly reduced the average distance error from 12 meters
associated with standard GPS �xes to approximately 3 meters [76]. Another approach comes
from Alam et al., who suggested replacing traditional radio ranging techniques in relative
positioning for a Vehicular Ad Hoc Network (VANET) with GPS measurements. Their focus
was speci�cally on the exchange of GPS measurements among moving neighboring vehicles
based on a standardized communication medium [77].

To improve the accuracy of relative positioning, some research groups have focused on the
study of the properties of GNSS measurement errors and their e�ects on relative positioning
accuracy. A zero-baseline experiment, which consists in feeding two GNSS receivers with the
same signal received by one common antenna, was conducted in order to assess the impact
of uncorrelated errors, such as noise and multipath [78].

Likewise, Trigos et al. conducted a similar study, examining various ionospheric correction
models to identify conditions that could enhance relative position accuracy [79]. Another
investigation delved into the Sagnac e�ect and its induced errors using a network of Android
phones [80].

Among the works found in this �eld, the research of Müller et al. is highlighted. This
work has explored the feasibility of using GNSS-based cooperative relative positioning for
safety vehicular applications. Two strategies have been evaluated; one uses absolute positions
whereas the second exploits GNSS pseudorange measurements. Further on, two probabilistic
approaches were proposed; one uses only measurements from GNSS receivers while the second
additionally requires the use of inertial and speed sensors. Real world experiments have
shown that the sensor fusion approach gives good results especially in GNSS challenging
environments [81].

In the same context, other multi-sensor approaches that use GNSS receivers along with
other sensors in order to estimate relative positions have been proposed. Shen et al. proposed
to combine GNSS pseudorange double di�erences with peer-to-peer ranging measurements
for multi-UAV formation �ight. Simulations and �ight experiments have revealed signi�cant
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improvement in both accuracy and robustness [82]. In the work of Lassoued et al., GNSS
and dead reckoning measurements were used to implement a data fusion algorithm intended
for vehicular applications. This latter requires the use of additional sensors to measure the
vehicle's yaw angle and speed [83].

Other studies investigated the use of GPS-based relative positioning in ITS applications.
As an example, Liu et al. have proposed a ranging technique between vehicles based on GPS
pseudorange di�erencing while taking into consideration the signal to noise ratio (SNR) of
each pseudorange measurement [84]. Tang et al. have proposed an experimental evaluation
of GPS-based relative positioning for ITS through recording and analyzing the properties of
pseudorange measurement provided by cars driving in urban areas [85].

In their investigation, Tahir et al. not only assessed the Absolute Positioning Di�erencing
(APD), Pseudorange Single Di�erencing (PSD), and PDD approaches but also explored
an alternative GNSS-based ranging technique. They introduced a method that employs
raw pseudoranges (PR) without any di�erencing between pseudorange measurements. The
research results indicate that this proposed method outperforms other techniques, particularly
in scenarios characterized by a prominent multipath phenomenon [86].

Minetto et al. introduced a novel GNSS-based ranging technique known as Inter-
Agent Ranging (IAR). This approach involves both pseudorange measurements and the
terms derived from the Direction Cosine Matrix (DCM), computed using the Position Time
Velocity (PVT) algorithm. With a reduced need for shared GNSS observables, the IAR
method e�ectively decreases the volume of transmitted data and computational complexity,
as highlighted in their study [87].

Havyarimana et al. introduced a method designed to estimate inter-vehicle distances
using the PDD approach, taking into account various measurement attributes, including the
SNR of pseudorange measurements, position dilution of precision (PDOP), and the number
of common satellites between GNSS receivers. Furthermore, the study explores the potential
of a probabilistic approach by treating the uncommon noise associated with pseudorange
measurements as a non-Gaussian distribution [88].

In recent years, the notion of social distance has been adopted to �ght the transmission of
SARS-CoV-2. Minetto et al. proposed to use the APD, PSD and IAR approaches to compute
interpersonal distance in outdoor environments through the exchange of raw data delivered by
GNSS receivers which are nowadays integrated into vehicles, smartphones and smartwatches.
Notably, the IAR approach emerged as a complementary or alternative technique to other
approaches in situations where there is a restricted number of common satellites available for
computation [89].

Moreover, notwithstanding the exclusion of carrier phase measurements in the context
of this study, it is worth mentioning that several relative positioning approaches based on
carrier phase have been proposed [90,91].

The examined literature has introduced diverse methodologies for determining the relative
position between two distinct GNSS receivers. These methods fall into four primary categories
depending on the type of exchanged data: absolute position-based, pseudorange-based, carrier
phase-based, and multi-sensor fusion-based approaches. Beyond these approaches, numerous
studies have explored the in�uence of GNSS errors on the accuracy of relative positioning.
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III.3.2 Contribution

While previous research e�orts have primarily focused on developing and evaluating relative
positioning techniques for various applications, there seems to be a lack of studies exploring
the potential of using relative positioning speci�cally for agriculture applications in the
current literature. In light of this, the present study aims to introduce GPS-based relative
positioning into the domain of agriculture.

In line with the prior works, our research aims to implement and evaluate three distinct
approaches, namely APD, PSD and PDD approaches, which have been drawn from the
existing literature. A block diagram that describes the used methods is shown in Figure III.2.

Figure III.2: A block diagram that shows the used methods

The main contributions of our study are summarized as follows:

� First, it proposes to implement di�erent relative positioning approaches based on the
use of low-cost single-frequency GPS receivers. These approaches are implemented in
real-time through the use of radio frequency transceivers.

� Second, the proposed work has the originality to evaluate the potential of using these
relative positioning methods for agricultural applications by conducting experiments in
an open sky environment and an agricultural �eld.

III.4 GPS Error Sources and Pseudorange Model

Determining the range between satellites and the receiver is a crucial operation in GPS-based
relative positioning, as it forms the foundation for accurate baseline calculations. In order to
measure this range, there are two types of GPS observables; pseudorange and carrier phase,
as presented in section II.3.2.4.

Carrier phase is the measured range between a satellite and a receiver expressed in units
of carrier cycles. While this measurement o�ers high precision, there is an ambiguity in the
number of whole carrier cycles, requiring resolution [67]. A number of researches have shown
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that the resolution of this ambiguity for relative positioning usage is time consuming and
computationally heavy [92,93].

On the other hand, pseudorange, directly derived from the estimated travel time of
the signal from the satellite to the receiver, o�ers a straightforward solution for relative
positioning [94, 95]. Consequently, our work exclusively focuses on the utilization of
pseudorange.

III.4.1 GPS Error Sources

Pseudorange is determined by multiplying the travel time of the signal by its propagation
speed, which, in this case, equals the speed of light. However, each GPS pseudorange
measurement is susceptible to various sources of error that impact its precision [7]. Hence,
comprehending these error sources is crucial for minimizing them to the best extent
possible. The following outlines the primary known sources of error a�ecting pseudorange
measurements:

III.4.1.1 Satellite Clock Error

Given the absence of direct communication between satellites, ensuring precise alignment of
the clocks on all satellites with a reference time is crucial. This alignment is achieved by
synchronizing the highly accurate atomic clocks on each satellite with a designated 'GPS
time' directly correlated with Coordinated Universal Time (UTC), to which our Earth clocks
are also synchronized.

The control segment guarantees this synchronization by providing clock correction
information, which is utilized to align the satellite time with the GPS time, and this correction
is subsequently rebroadcast in the GPS navigation message. Note that the time on the
satellite clocks is permitted to vary within a tolerable range before synchronization corrections
are sent. Typically, these corrections are transmitted to each satellite at least once per
day [57].

Failure to apply clock corrections in a GPS receiver can lead to a signi�cant error in
pseudorange measurements. The magnitude of clock correction can be nearly 1 ms, resulting
in a pseudorange error of up to 300 km. However, when receivers incorporate the satellite
clock corrections, the pseudorange measurement error is generally limited to several meters
[7].

III.4.1.2 Receiver Clock Error

Similar to GPS satellite clocks, the internal clock within each GPS receiver is susceptible to
deviation from GPS time. Meanwhile, and in opposition to satellites, GPS receivers rely on
low-cost internal oscillators compared to the highly accurate atomic clocks used on board
satellites. This makes the deviation from GPS time much larger and change more rapidly.
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The receiver clock error can reach ± 1 ms, resulting in a pseudorange measurement error
ranging from -300 km to +300 km [57].

Because this deviation is both large and changes rapidly, it is commonly dealt with
through estimation in the positioning process for each GPS receiver. This is possible because
it is the same across all satellites, so it can be represented by a single unknown parameter,
along with the X, Y, and Z coordinates. The requirement to address this error is why having
a fourth satellite is essential in GPS positioning.

III.4.1.3 Atmospheric Errors

After a GPS signal leaves the satellite antenna, it travels through a range of mediums.
The primary and most signi�cant segment of this journey occurs through space, where the
signal maintains its initial characteristics. At an altitude of about 1,000 km, the GPS signal
enters the ionospheric layer which contains various gases that are easily ionized by the sun's
radiation. This layer modi�es the signal propagation speed and causes an apparent delay in
the signal transmit from satellites and receivers.

It's important to consider that the delay experienced by a radio wave in the ionosphere
is directly proportional to the time it spends within it. Therefore, ionospheric delay depends
not only on the entry point of the signal into the ionosphere but also on the satellite's
elevation with respect to the receiver. In practical terms, errors on signals from satellites at
low elevations are nearly three times greater than errors on signals arriving directly above
the receiver [80].

Every satellite broadcasts ionospheric correction parameters intended for the receiver,
capable of reducing ionospheric errors by approximately 50%. Without correction,
ionospheric delay can lead to errors ranging from 3-9 meters at night and 15-45 meters
during the day.

The troposphere, another atmospheric layer that induces delay in GPS signals, is a
refractive layer spanning approximately 8 km to about 50 km above the Earth's surface.
Composed predominantly of dry gases and water vapor, the delay is attributed to the index
of refraction, in�uenced by local temperature, pressure, and relative humidity. Tropospheric
errors can vary from 2.4 meters for signals arriving directly above the receiver to 25 meters
for satellites positioned about 5 degrees above the horizon [65].

III.4.1.4 Ephemeris Error

For determining a receiver's position, it is necessary to have knowledge of the positions of the
utilized satellites, which are time-dependent. The control segment predicts and periodically
transmits satellite orbital information, referred to as ephemeris. However, these predicted
orbital details may not account for all factors a�ecting satellite movement, such as solar
radiation pressure and gravitational forces. Consequently, this omission can introduce an
error ranging from 2 to 5 meters in the estimated positions of the satellites [67].
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III.4.1.5 Multipath Error

One of the most challenging errors in GPS receiver measurements, often di�cult to rectify,
is due to a phenomenon known as multipath. Multipath is the reception of one or multiple
replicas of the desired signal. Due to re�ection caused by surrounding objects or even the
ground, the GPS receiver may receive delayed versions of the original signal which could result
in an interruption of signal tracking or signi�cant errors in the pseudorange measurement.

As long as the signal re�ections arrive after a time greater than the PRN code period, the
receiver can identify and discard the erroneous signals, since it is already tracking the accurate
direct signal. However, if the re�ected signals arrive with short delays (tens or hundreds of
nanoseconds), they can distort the autocorrelation between the received signal and the locally
generated one, leading to unpredictable errors in the pseudorange measurement [7].

III.4.1.6 Non-Modeled Errors

The category of non-modeled errors in pseudorange measurement involves a range of
uncorrelated error sources. They encapsulate various factors related to receiver measurement
noise, comprising receiver thermal noise and interference e�ects. Receiver thermal noise,
generated by the internal components of the receiver, contributes to the overall noise level
in the measurement. Simultaneously, interference e�ects, arising from external signals or
electronic devices, introduce additional �uctuations.

III.4.2 GPS Pseudorange Model

Consecutively, and by assigning geometric error contributions to each of the previously
discussed error sources, a pseudorange measurement ρak, between receiver k and satellite
a, can be de�ned using relation III.1 [76]:

ρak = rak + εk + ea + δak (III.1)

where,

� Subscript refers to an individual receiver and superscript corresponds to an individual
satellite;

� rak represents the true range between receiver k and satellite a;

� εk is the bias caused by receiver k clock error;

� ea is the bias associated to satellite a. It encompasses errors related to ephemeris,
satellite clock and atmosphere e�ects;

� δak is the bias speci�c to satellite a and receiver k. It includes multipath errors, receiver
noise and other residual errors.

It should be pointed out that errors related to atmosphere e�ects are not dependent on
a speci�c receiver as long as receivers are located in the same region (with a baseline up to
1000 km in ideal conditions) [80].
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III.5 GPS-based Relative Positioning Approaches

In our work, we consider a simple situation where we propose to determine the baseline
between two receivers. The proposed approaches can easily be adapted for the case of more
than two receivers. By de�nition, the baseline length between two GPS receivers, referred to
as nodes k and l, can be expressed by relation III.2.

dkl = ∥pk − pl∥ (III.2)

where the generic p corresponds to the true location of a node.

III.5.1 Absolute Position Di�erencing (APD)

As previously mentioned, most GPS errors are highly correlated within a limited geographic
area. This suggests that the reported absolute positions from GPS receivers may be in�uenced
by the same errors, resulting in the same shifting bias. In a straightforward approach known
as Absolute Position Di�erencing (APD), the estimation of the baseline involves sharing the
calculated positions between nodes and utilizing relation III.3.

d̃kl = ∥p̃k − p̃l∥ = dkl + η (III.3)

where the generic p̃ designates the estimated position, and the term η corresponds to the
induced bias due the positioning errors recorded by each of the receivers.

Despite its apparent simplicity, the e�ectiveness of the APD approach is naturally
enhanced when GPS receivers employ similar techniques and utilize the same set of satellites
for position determination. Consequently, if receivers use di�erent sets of satellites, it can
lead to signi�cant errors, potentially surpassing those encountered in standalone positioning
methods [7].

In contrast to the APD approach, which relies on separately estimated positions,
pseudorange-based approaches combine pseudorange measurements. As discussed earlier,
pseudorange measurements are in�uenced by various error sources that impact baseline
estimation. Fortunately, employing di�erencing techniques like Pseudorange Single
Di�erencing (PSD) and Pseudorange Double Di�erencing (PDD) can reduce or even eliminate
some of these errors.

III.5.2 Pseudorange Single Di�erencing (PSD)

Assume we have two nodes k and l able to exchange their respective pseudorange
measurements as well as their ephemeris data which include information about satellites
location. A between-receivers single di�erencing is performed on pseudorange measurements
to the same satellite. As a result, and under a proximity assumption, the errors related to
satellite clock, the atmosphere and the ephemeris are considerably reduced. The di�erence
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between the pseudorange measurements of two receivers k and l to the same satellite a,
denoted Sa

kl and shown in Figure III.3, is expressed by relation III.4.

Sa
kl = ρak − ρal = ∆rakl + (εk − εl) + (δak − δal ) (III.4)

where ∆rakl is the di�erence between the true ranges from receivers k and l to the same
satellite a.

Figure III.3: Baseline estimation between two nodes using pseudorange di�erencing

Given that the ranges between receivers k and l to satellite a are signi�cantly larger than
the actual distance between the receivers, the two vectors pointing from these receivers to
the satellite are nearly parallel. Consequently, ∆rakl represents the projection of the baseline
vector in the direction of satellite a and can be expressed using relation III.5.

∆rakl = rak − ral = −→u a.
−→
d kl (III.5)

where,

� −→u a denotes the unit vector pointing from receivers k and l in the direction of satellite
a. It is expressed as −→u a = −→p k−−→p a/∥−→p k−−→p a∥ and can be determined using satellite
azimuth and elevation angles, as illustrated in Figure III.4;

�
−→
d kl represents the baseline vector from receiver k to receiver l.

Assuming there are N common satellites visible to both receivers, we can establish a
system of equations as shown in relation III.6, neglecting the uncorrelated error term δ. It is
important to note that in relation III.4, the contribution of the error term ε associated with
receivers' clock errors has not been reduced; on the contrary, it may have increased after the
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Figure III.4: Determination of unit vector toward satellite using azimuth and elevation
angles

di�erencing operation. As a result, the term ∆εkl = εk − εl remains unknown in the system
of equations III.6, and it can be solved using the least squares method.
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]
(III.6)

III.5.3 Pseudorange Double Di�erencing (PDD)

A second step that aims to eliminate the receiver clock error is performed through double
di�erencing. It consists in di�erencing two between-receivers single di�erences toward two
di�erent satellites. The pseudorange double di�erence between receivers k and l toward
satellites a and b, denoted Dab

kl can be written as shown in relation III.7.

Dab
kl = Sa

kl − Sb
kl

= ∆rakl −∆rbkl + [(δak − δal )− (δbk − δbl )]

= (−→u a −−→u b).
−→
d kl + δabkl

(III.7)

where the term δabkl incorporates the impact of uncorrelated errors on the double di�erence.

Through this process, the term associated with receivers' clock error ∆εkl is eliminated.
Assume that there are N satellites visible to both receivers k and l. By selecting the satellite
with the highest SNR values on both receivers as the reference satellite, we can organize the
resulting N − 1 equations in a matrix form as illustrated in relation III.8.
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Dkl = H
−→
d kl +Σkl (III.8)

where,

� Dkl is an array comprising pseudorange double di�erences between receivers k and l for
common visible satellites;

� H is a matrix created using the di�erences between unit vectors pointing to common
visible satellites;

� Σkl is an array containing the noise term resulting from double di�erencing operation.

Assuming a zero mean and equal variance for the residual term Σkl, the system of
equations in III.8 can be approximately resolved using the least squares method. As such,
the baseline vector is estimated as described by relation III.9.

d̃kl = (HTH)−1HTDkl (III.9)

III.6 Hardware Architecture

In order to assess the di�erent GPS-based relative positioning approaches, a series of
experiments was carried out. The proposed evaluation is conducted using a cost-e�ective
system, depicted in Figure III.5, which integrates the NEO-6 series of u-blox GPS modules,
the nRF24l01+ radio transceivers, and the Raspberry Pi 3 compute modules. Each node is
powered using a standard smartphone power bank.

Figure III.5: Hardware composition of the proposed system
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III.6.1 u-blox NEO-6M GPS Module

The u-blox NEO-6 series of GPS modules represents a family of compact and reliable devices
designed for accurate positioning and navigation applications. Note that the selection of this
particular GPS receivers does not limit the generality of the proposed work for other types
of modules.

These modules are an example of very popular, cost-e�ective, high-performance receivers.
Their �exible connectivity options, including UART, USB, and I2C interfaces, simplify
integration into diverse projects. They typically use an external active antenna connected
via an U.FL cable [96].

These GPS modules operate at the L1 frequency and utilize the Coarse Acquisition (C/A)
code for signal acquisition. With a tracking sensitivity of -161 dB, they can capture weak
signals even in challenging environments. Notably, these modules boast a Time-To-First-Fix
of under 1 second, ensuring rapid and accurate positioning information [96].

With multiple variants, such as the NEO-6G, NEO-6M, NEO-6P, and NEO-6V, users
can select options with distinct features, including PPP (Precise Point Positioning), raw
data support, and dead reckoning capabilities. In our study, we opted for the NEO-6M
variant, depicted in Figure III.6. Although this variant initially lacked raw data support, we
devised a method to enable raw data output, crucial for our research needs. The modules
were con�gured to deliver both positioning and raw data at a 1 Hz frequency.

Figure III.6: u-blox NEO-6M GPS Module

III.6.2 nRF24l01+ Radio Transceiver

The nRF24L01+ radio frequency (RF) transceiver module is a versatile wireless
communication device widely utilized in various electronic applications. Developed by Nordic
Semiconductor, this module operates in the license-free 2.4 GHz Industrial, Scienti�c, and
Medical (ISM) band. The nRF24L01+ module supports the SPI protocol, allowing it
to operate with all microcontrollers that support SPI communication (e.g., Arduino and
Raspberry Pi) [97].
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It proposes 125 di�erent channels which give the possibility to have a network of 125
independently working nodes in one zone with 250 kbps, 1 Mbps, and 2 Mbps data rate
support. It also o�ers the possibility to establish communication with up to six di�erent
nodes which can be used when implementing a solution with more than two nodes [97].

By employing Nordic's proprietary communication protocol called "Enhanced
ShockBurst" the nRF24L01+ o�ers options such as transmission error management and
automatic retransmission in the event of a lack of response from the recipient. Besides, it
features automatic packet transmission handling where the terminating part will notify the
originating part of a successful transmission using an automatic acknowledgment packet [97].

In selecting the nRF24L01+ radio transceiver, we acknowledge its limitation on maximum
data packet size, which is 32 bytes. However, our choice is driven by its noteworthy features
that meet the requirements of our study, particularly its cost-e�ectiveness and the integrated
automatic packet transmission handling function.

� The �rst version, depicted in Figure III.7a, is equipped with a built-in antenna. Its
small compact size is suitable for con�ned spaces but comes at the expense of reduced
transmission range;

� The second version, depicted in Figure III.7b and employed in this study, features
an external IPX (Internetwork Packet Exchange) antenna and incorporates a power
ampli�er. This allows for an extended transmission range of up to 1000 meters.

(a) Version 1 (b) Version 2

Figure III.7: nRF24l01+ Radio Transceiver

III.6.3 Raspberry Pi 3 Compute Module

The Raspberry Pi is a series of small single-board computers developed in the United Kingdom
by the Raspberry Pi Foundation to promote the teaching of basic computer science in schools
and in developing countries. Originally designed for educational purposes, its compact size
and powerful processing capabilities have made it a popular choice among developers and for
research purposes.

The Raspberry Pi 3 compute module, released in February 2016, boasts a family of
variants, each catering to di�erent needs and budgets. The standard model (Model B) o�ers
a comprehensive set of features, while others, such as the Raspberry Pi 3 Model B+ and
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Raspberry Pi 3 Model A+, introduce enhancements like improved network capabilities. All
models feature a Broadcom system on a chip (SoC), which includes an ARM compatible
central processing unit (CPU) and an on-chip graphics processing unit (GPU).

In our work, we utilize the Raspberry Pi 3b+ compute module, depicted in Figure III.8.
This module is equipped with a Cortex-A53 64-bit Quad-Core processor running at 1.4 GHz
and powered by a 5 V/2.5 A DC power input. With 1 GB of RAM, it o�ers su�cient
memory for a wide range of computing tasks. Moreover, it o�ers diverse connectivity options,
encompassing SPI, I2C, UART, and USB, alongside wireless capabilities such as Wi-Fi and
Bluetooth [98].

Figure III.8: Raspberry Pi 3b+ Compute Module

As the operating system (OS), it uses the Raspberry Pi OS, formerly known as Raspbian,
which is a Unix-like operating system based on the Debian Linux distribution. Nevertheless,
The Raspberry Pi is not limited to Raspberry Pi OS, it can use other OS such as DietPi
and Batocera. The Raspberry Pi places emphasis on Python as its primary programming
language, while also supporting a variety of other languages, including Java and C++.

III.6.4 System Setup

One powerful feature of the Raspberry Pi is its row of GPIO (General-Purpose Input/Output)
pins located along the top edge of the board. Serving as a physical interface between the
Raspberry Pi and the external environment. These GPIO pins enable the Raspberry Pi
to interact with electronic circuits, o�ering both control and monitoring capabilities. The
Raspberry Pi features 40 pins, each serving diverse functions. For a better understanding of
the various connectivity options and interfaces, Figure III.9 illustrates the GPIO de�nition.

The u-blox NEO-6M GPS Module interfaces with the Raspberry Pi 3B+ through
the UART (Universal Asynchronous Receiver-Transmitter) interface. UART interface
is a fundamental protocol for serial communication, distinguished by features such as
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asynchronous operation, full-duplex capability, and bit-by-bit transmission. In its operation,
UART uses a start bit to initiate a data frame, followed by 5-8 data bits, an optional parity
bit for error detection, and a stop bit to signify the frame's end.

Figure III.9: Raspberry Pi 3b+ GPIO de�nition

It operates without a shared clock signal, simplifying connections, and supports common
data rates like 9600, 19200, 38400, 57600, and 115200 bits per second. UART wiring typically
involves three essential wires: TX (Transmit), which carries data from the transmitting to
the receiving device; RX (Receive), transmitting data back; and GND (Ground), providing
a common voltage reference. Optionally, power (VCC) may be included for voltage supply.
The wiring details between the u-blox NEO-6M GPS module and the Raspberry Pi 3b+ is
illustrated in Figure III.10.

Figure III.10: Raspberry Pi 3b+ and u-blox NEO-6M GPS module wiring
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The nRF24l01+ radio transceiver is connected to the raspberry pi 3b+ through Serial
Peripheral Interface (SPI) interface. SPI stands out as a synchronous serial communication
protocol designed for high-speed data exchange between devices. In this protocol, devices
synchronize communication through a shared clock signal, ensuring precise coordination. The
full-duplex nature of SPI allows for simultaneous data transmission and reception, enhancing
e�ciency in data exchange.

The Master-Slave architecture of SPI involves a central device, known as the Master, that
initiates and controls communication with one or more peripheral devices, known as Slaves.
The communication process is facilitated through four essential wires: SCLK (Serial Clock),
MOSI (Master Out Slave In), MISO (Master In Slave Out), and SS (Slave Select). SCLK
provides the timing for data transfer, MOSI carries data from the Master to the Slave, MISO
carries data from the Slave to the Master, and SS is used by the Master to select the speci�c
Slave for communication.

In operation, the Master initiates communication by selecting a Slave using the SS pin
and generating the clock signal (SCLK). Data is then transmitted bit by bit on the MOSI line,
synchronized with the SCLK pulses. Simultaneously, data is received on the MISO line, also
synchronized with the clock pulses. The transmission concludes as the Master deselects the
Slave by raising the SS pin, marking the end of communication. The wiring details between
nRF24l01+ radio transceiver and the Raspberry Pi 3b+ is depicted in Figure III.11.

Figure III.11: Raspberry Pi 3b+ and nRF24l01+ radio transceiver wiring

III.7 Implementation

At each node, the Rapsberry Pi 3 compute module undertakes the mission of processing
the received GPS messages and extracting the information required for relative positioning
approaches implementation. Then, it handles the exchange of this information between
the nodes. Once a node in possession of other node GPS information, it implements the
di�erent relative positioning approaches. Finally, the obtained real-time results are saved to
be collected and analyzed. Figure III.12 summarizes the executed work�ow at the level of
each node.
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Figure III.12: High-level block scheme describing the work�ow at each node

III.7.1 GPS Data Extraction

The implementation of the APD approach requires the nodes to exchange their respective
coordinates as well as the measurement time. This information can be extracted from the
GPGGA message included in the National Marine and Electronics Association (NMEA) 0183
standard data format supported by most of GPS receivers.

The NMEA 0183 protocol is a standardized communication protocol widely utilized in
GPS receivers for the exchange of navigation and positioning data. Originally developed for
marine applications, NMEA has become a universal standard in the �eld of global navigation
and positioning systems. It is a text-Based protocol where the information is transmitted as
ASCII text strings, making it human-readable.

The most popular NMEA message is the GPGGA message which contains basic
information such as measurement time and estimated coordinates. There are also other
NMEA messages, such as GPGLL and GPRMC, which, like GPGGA, include GPS
coordinates, providing potential alternatives. The following showcases an example of the
GPGGA message, and the details are elucidated in Table III.1.

$GPGGA, 181908.00, 3626.70417, N, 00254.39662, E,
4, 13, 1.00, 495.144,M, 29.200,M, , ∗40

Beyond messages containing GPS coordinates, several companion NMEA messages
provide supplementary information. The following are some common ones:

� GPGSA : provides detailed GPS Dilution of Precision (DOP) and comprehensive
satellite tracking information, encompassing satellite numbers;

� GPGSV : Presents detailed GPS satellite data, including azimuth and elevation of each
tracked satellite;

� GPVTG : O�ers information on speed over ground and tracking o�set;

� GPGST : Provides estimates of horizontal and vertical precision.
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Table III.1: GPGGA message details

N Item Description

1 GP GPS Constellation (GL:GLONASS, GA:GALILEO, GN:Multi GNSS)

2 GGA Message ID (RMC, GLL, GSA, GSV, etc.)

3 181908.00 UTC time in hours, minutes and seconds (hhmmss.ss)

4 3626.70417 latitude (DDMM.MMMMM) 1

5 N North latitude (N or S)

6 00254.39662 longitude (DDDMM.MMMMM)

7 E East longitude (E or W)

8 4 Quality indicator

9 13 Number of satellites used for positioning

10 1.00 Horizontal dilution of precision (HDOP)

11 495.144 Altitude

12 M Unit of altitude (Meters or Feet)

13 29.200 Geoidal separation

14 M Unit of geoidal separation (Meters or Feet)

15 40 Message checksum
1 D denotes degrees and M denotes minutes

To implement PSD and PDD approaches, exchanging satellite information, including
ID, elevation, azimuth, and SNR, between the two nodes is essential. This information is
available in GPGSA and GPGSV messages within the NMEA standard data format, as
discussed earlier.

Moreover, the exchange of pseudorange measurements to each visible satellite is essential
between nodes. This crucial information is derived from the Receiver Manager Messages
(RXM) through the u-blox proprietary protocol known as UBX [96].

Unlike the text-based NMEA, UBX transmits data in compact binary format, allowing
for faster and more e�cient communication. It allows to carry a wealth of information
beyond basic navigation data, including receiver status, satellite information, advanced
measurements, and raw GPS observations.

UBX messages feature a well-de�ned structure, ensuring ease of parsing and
interpretation. Each message comprises a header that identi�es the message type and its
length, a payload containing the actual data (with content varying based on the message
type), and a checksum mechanism to guarantee data integrity during transmission [96]. The
details concerning the extraction of all the required GPS data are summarized in Figure III.13.

III.7.2 GPS Data Exchange

To ensure a fair comparison, it is imperative to implement the various approaches
simultaneously, subjecting them to evaluation under identical conditions. However, a
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Figure III.13: Details of GPS data extraction

challenge arises due to the size of the necessary GPS data to be exchanged, surpassing
the maximum data packet size permitted by nRF24L01+, which is 32 bytes. Consequently,
the GPS data are partitioned into a maximum of seven packets, enabling the exchange of
information for up to twelve visible satellites, as illustrated in Table III.2.

Table III.2: Structure of the exchanged packets

Packet 1 Packets 2 to 7
Data Size(byte) Data Size(byte)

Packet ID 1 Packet ID 1
Time 3

Sa
t
1

Pseudorange 8
Latitude 4 Azimuth 2
Longitude 4 Elevation 2
Altitude 4 SNR 1
Fix status 1

Sa
t
2

Pseudorange 8
DOP 1 Azimuth 2

Sat Number 1 Elevation 2
Sat IDs 12 SNR 1

Packet end 1 Packet end 1
Total 32 Total 28

As outlined in section III.6.2, the nRF24L01+ incorporates automatic packet transmission
handling, where the receiving part noti�es the transmitting part of a successful transmission
through an automatic acknowledgment packet. In our study, we take advantage of this
functionality. Suppose node one initiates the information exchange by sending a GPS data
packet to node two. Upon successful reception, a custom acknowledgment packet containing
node two GPS data is compiled and transmitted back to node one within a timeframe not
exceeding 130 µs [97].

Experiments con�rmed that exchanging one data packet between the two nodes took less
than 2ms at a 1Mbps data rate. Including a 5ms delay between transmissions for each of the
seven packets, the total communication time remained under 44ms. Figure III.14 illustrates
the timing sequence for GPS data exchange.
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Figure III.14: Timing of the GPS Data Exchange

III.7.3 APD, PSD and PDD Implementation

The APD approach employs a straightforward method by converting geodetic coordinates
(latitude, longitude, and altitude) into Cartesian coordinates (X, Y, Z). The baseline between
two nodes is then estimated through di�erencing.

The implementation of PSD and PDD approaches involves identifying common visible
satellites and determining corresponding unit vectors. PSD utilizes a single di�erences matrix,
and the least squares method is applied. For PDD, a reference satellite with the highest SNR
values on both receivers is selected. The double di�erences and H matrices are constructed,
and the least squares method is employed to estimate the baseline.

It's essential to highlight that the least squares method addresses a system of linear
equations (A × x = b), aiming to �nd a solution for x while minimizing the norm of the
residual vector (b − A × x). Figure III.15 provides an overview of the �owcharts for these
three approaches.

As for programming language, we have used python. for the Integrated Development
Environment (IDE), we have used the Geany IDE which provides all the essential
functionalities to facilitate software development, namely, a source code editor, a debugger,
and build automation.

In terms of programming language, we utilized Python 3.6. For the Integrated
Development Environment (IDE), we opted for Geany, which o�ers essential features
to facilitate software development, including a source code editor, debugger, and build
automation [99]. Additionally, we incorporated a few open-source libraries, including serial
for UART communication [100], spidev for SPI communication [101], and lib_nrf24 for
interfacing with the nRF24L01+ [102].
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Figure III.15: Flowcharts of APD, PSD and PDD approaches

III.8 Experiments, Results and Discussion

III.8.1 Experiments and Results

To assess the proposed approaches, we conducted real-world experiments through two test
campaigns. The �rst campaign took place in an open-sky environment within a soccer
stadium, ensuring unobstructed GPS signal propagation and optimal visibility of GPS
satellites. The primary objective was to evaluate the proposed approaches under ideal
conditions and establish a reference for the second campaign. These tests were carried out
at "Imam Lyes" stadium in Medea, Algeria, for approximately 2 hours starting from 1st

September 2021, at 08:30 local time (UTC +01).

Regarding the second campaign, we conducted experiments in an agricultural �eld to
assess the applicability of the proposed approaches for agriculture applications. The tests
were speci�cally carried out in an orange trees �eld situated in the Blida region, Algeria, for
about 2 hours, starting from 2nd February 2022, at 08:30 local time (UTC +01). Throughout
both campaigns, we considered three distinct scenarios.
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In the �rst scenario, denoted as SS (Static-Static), both nodes remain stationary and are
positioned at a prede�ned distance from each other. To accomplish this, we utilized a set of
precisely machined wooden slats, ensuring that the GPS antennas are exactly 1 meter apart,
as depicted in Figure III.16. These slats can be assembled to create di�erent baselines. We
conducted a total of four tests (2m, 4m, 6m, and 8m), with each test lasting approximately
5 to 10 minutes.

Figure III.16: Experiments description

Dynamic scenarios constitute the real challenge for the GPS-based relative positioning
approaches. In the second scenario, denoted as scenario DD (Dynamic-Dynamic), both nodes
are in motion while maintaining a constant distance between them. Positioned with a �xed
3-meter separation using the slats employed in scenario SS. This scenario is intended to
emulate a rover-rover con�guration, where each node aims to locate itself with respect to the
other node.

In the third scenario, labeled SD (Static-Dynamic), one node remains stationary while
the second node is mobile, following a predetermined path. In the stadium, the static node
is positioned at the center of the soccer �eld, and the mobile node moves along the running
track. In the agricultural �eld, the static node is placed at a known location, and the mobile
node traverses a square with a side length of 50 meters within the �eld. Notably, the dynamic
experiments were conducted at low speeds, with the moving nodes carried by a walking person
(average speed: 1 m/s).

To assess the proposed approaches, the statistical analysis relies on the root mean square
error (RMSE), a standard metric that measures the dispersion of estimation errors, given by
relation III.10.

RMSE =

√√√√ 1

N

N∑
i=1

[
d(ti)− d̃(ti)

]2
(III.10)

where d(ti) and d̃(ti) are respectively the real and the estimated distance between the two
nodes at time epoch ti and N is the number of valid samples. Table III.3 summarizes the
obtained statistical results for scenarios SS and DD in both campaigns.
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Table III.3: Performance Statistics of APD, PSD and PDD for Scenarios SS and DD

Test Campaign Valid Samples
RMSE (m)

APD PSD PDD

SS 2m
Stadium 684 0.700 1.846 0.066

Agricultural Field 540 1.859 4.400 1.071

SS 4m
Stadium 495 1.296 1.666 0.942

Agricultural Field 539 1.194 2.369 0.960

SS 6m
Stadium 460 1.014 2.712 0.617

Agricultural Field 591 2.368 5.320 2.233

SS 8m
Stadium 271 2.013 1.670 1.513

Agricultural Field 594 2.508 3.294 1.844

DD 3m
Stadium 351 1.617 3.104 0.350

Agricultural Field 627 1.706 4.441 1.373

In scenario SD, the georeferenced images (in GeoTIFF format) in Figure III.17 depict
the estimated positions obtained by various approaches alongside the actual path. The real
path was recorded by recording the coordinates of the mobile node using the u-blox F9P
high-precision GNSS receiver. This receiver, operating on multiple frequencies, is known for
delivering centimeter-level accuracy, as documented by [103].

III.8.2 Comparison between APD, PSD and PDD

The results in Table III.3 highlight the superior performance of PDD compared to the other
two approaches. As discussed in section III.5.3, the double di�erencing operation e�ectively
minimizes clock biases and correlated errors. However, it tends to increase uncorrelated error
terms, including multipath, particularly in dynamic scenarios. Despite this, the obtained
RMSE values for the PDD approach in both campaigns, speci�cally for dynamic scenarios,
indicate a relatively minor contribution from these uncorrelated errors. This observation
could be attributed to the nature of the conducted dynamic tests, which were characterized
by low dynamics.

The APD approach yields relatively good results and secures the second position in
terms of accuracy, especially in static scenarios. Despite its straightforward nature, APD's
performance improves with increased utilization of common satellites by GPS receivers for
position derivation. As depicted in Figure III.18, the results of the SS 6m experiment are
displayed alongside the number of common visible satellites between receivers. Notably,
around the orange trees which obstruct GPS signals, the GPS receivers utilize a reduced
number of common satellites, elucidating the decline in APD performance in the agricultural
�eld.

The PSD approach demonstrates the lowest performance, particularly in the agricultural
�eld, as illustrated by the results in Figure III.18. Despite the signi�cant reduction in errors
associated with satellite clock, atmosphere, and ephemeris through the di�erencing process
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Figure III.17: Comparison between APD, PSD and PDD for Scenario SD

between receivers, the error term linked to the receivers' clock error remains unaddressed.
For an accurate baseline estimation, a reliable approximation of this term is required.
Accordingly, the underperforming of the PSD approach can be interpreted by a bad estimation
of this term.

In theory, the RMSE for any given approach should not vary with the true baseline
between nodes. However, in our case, there is some variation among the results of di�erent
experiments with di�erent approaches. To provide a comprehensive evaluation of the
conducted static scenario tests, the histograms in Figure III.19 show the baseline estimation
error statistics obtained by the di�erent approaches in both campaigns.

A general observation reveals that all the approaches exhibit reduced performance in
the agricultural �eld, impacted by the dense foliage of the orange trees, which alters
satellite visibility conditions and induces multipath e�ects. For example, employing the
APD approach, nearly 70% of error occurrences in the stadium are less than 1m, compared
to approximately 45% in the agricultural �eld. Similarly, for the PDD approach, over 76% of
the estimation errors are less than 1m in the stadium, with a noticeable decline in performance
observed in the agricultural �eld.
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Figure III.18: Static-Static 6m experiment results for both campaigns
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Figure III.19: Histograms of the scenario SS estimation error obtained by APD, PSD and
PDD

In the case of scenario SD conducted in the agricultural �eld, it is noteworthy that
the performance of the APD and PSD approaches degrades. Conversely, as depicted in
Figure III.17, the PDD approach provides a good estimation in comparison to the actual
path followed by the mobile node.

Another crucial aspect to consider when comparing the various approaches is their
respective requirements in terms of minimum common visible satellites. As highlighted
by Minetto et al. [89], APD can be implemented even when the receivers lack common
satellites. However, its performance is expected to signi�cantly degrade in such scenarios. In
contrast, PSD and PDD approaches necessitate, at a minimum, the exchange of pseudorange
measurements from three and four common satellites, respectively.

In summarizing the performance evaluation of the various approaches, it is noteworthy
that the APD approach boasts simplicity in implementation and straightforward information
transmission between receivers. However, its e�ectiveness is highly dependent on the visibility
conditions of satellites for both receivers. The PSD approach exhibits the worst performance
primarily due to the inaccurate estimation of the term associated with receivers' clock errors.
On the other hand, the PDD approach outperforms the others, at the cost of a more
elaborate algorithm that demands additional processing time and augments the complexity
of information exchange between nodes.

III.8.3 PDD Approach for Agriculture Applications

Figure III.20 presents the Cumulative Distribution Functions (CDFs) depicting the errors
between true and estimated distances obtained by various approaches in the agricultural
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�eld. Remarkably, over 97% of the distance estimation errors achieved through the PDD
approach are below 3m, with sub-meter accuracy attainable 33% of the time.
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Figure III.20: CDFs of distance error obtained by APD, PSD and PDD for scenario SS in
the agricultural �eld

This corresponds to a considerable improvement in positioning accuracy compared to
standalone GPS positioning, which usually provides accuracy within the range of 10 to 15m,
as demonstrated in Figure III.21. Furthermore, this level of performance is comparable to
the accuracy o�ered by the Wide Area Augmentation System (WAAS) service within the
USA, delivering better than 3m accuracy 95% of the time [54].

In precision agriculture, the required level of positioning accuracy varies depending on
the speci�c tasks at hand. Operations like variable rate application, soil and yield data
referencing, tillage, certain types of fertilizer and chemical application, and seeding can be
e�ectively accomplished using the proposed solution.

However, for tasks demanding extremely high accuracy in positioning, such as strip-tilling
and drip-tape placement, the proposed solution may fall short, and more advanced positioning
systems are essential [104]. It's worth noting that the cost of existing solutions capable of
performing these operations exceeds several thousand US dollars, while the proposed solution
is approximately 100 USD.

III.9 Conclusion

This chapter explores the potential of employing real-time relative positioning methods for
agricultural applications as an alternative to conventional absolute positioning solutions.
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Figure III.21: Comparison between results obtained by PDD and standalone GPS
positioning

We detail various GPS-based relative positioning approaches, including APD, PSD, and
PDD. Subsequently, we have e�ectively implemented these strategies using low-cost modules.
Special emphasis has been placed on the design and timing aspects of the GPS data exchange.

Field experiments were conducted in both an open-sky environment and an agricultural
�eld to evaluate the performance of the proposed approaches. PDD demonstrated the best
results, achieving around 76% of estimation errors less than 1m in the open-sky scenario.
Despite performance degradation in the agricultural �eld, over 97% of estimation errors
remained below 3m. APD also delivered good results, but its e�ectiveness was closely tied
to the number of common satellites visible to the receivers. PSD, however, exhibits the worst
performance.

Undoubtedly, the PDD approach signi�cantly improved positioning accuracy compared to
standalone GPS positioning. This enhancement enables more precise execution of operations
such as tillage, seeding, and certain types of fertilizer and chemical application. The proposed
system o�ers a practical and a�ordable positioning solution, particularly bene�cial in regions
where farmers face challenges a�ording expensive existing solutions.

In the �eld of positioning, our future work aims to enhance the proposed positioning
system's robustness by incorporating advanced techniques like sensor fusion and dead
reckoning, addressing issues related to GPS signal discontinuity. Additionally, exploring
the application of new Arti�cial Intelligence techniques to mitigate uncorrelated errors such
as receiver noise and multipath interference will complement the �ndings presented in this
study.
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Chapter IV
Orientation Estimation : Sensors and

Algorithms

IV.1 Introduction

The movement of a rigid body in three-dimensional (3D) space involves both translational
and rotational motions in 3D. Translation refers to the linear displacement of the mass center,
while rotation involves variations in angular position, as illustrated in Figure IV.1. While
representing translational motion is straightforward, the representation of orientation is non-
trivial and more complex [105]. As a result, various methods for representing orientation
have been proposed, and this chapter presents the most commonly used ones.

Figure IV.1: Visualization of the rotational (left) and translational (right) motions of a
rigid body

Then, we will explore various sensors utilized for orientation estimation, with a primary
focus on Inertial Measurement Units (IMUs). While our emphasis lies on IMUs, it's important
to note that orientation estimation using IMUs is not limited to agriculture applications.
IMUs �nd wide-ranging applications across various domains beyond agriculture-speci�c
contexts.
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In addition to exploring di�erent sensors for orientation estimation, this chapter delves
into the algorithms commonly employed with IMUs. Among these algorithms, Kalman �lters
and complementary �lters stand out as the most widely used methods for processing IMU
data to estimate orientation. Moreover, with the advancements in AI-based techniques,
particularly Neural Networks (NNs), there has been a growing interest in utilizing NNs for
orientation estimation. In this chapter, we examine how NNs have been integrated into
orientation estimation frameworks and discuss their potential advantages and challenges
compared to conventional �ltering approaches.

IV.2 De�nitions and Common Concepts

IV.2.1 De�nitions

IV.2.1.1 Orientation and its Applications

The 3D orientation of a body is determined by the relative orientation between a coordinate
frame attached to the body and a reference frame [106]. This reference frame may be a �xed
frame or a frame attached to another object, as discussed in section IV.2.2.

Orientation information plays a crucial role in a variety of applications. As depicted in
Figure IV.2, potential application scenarios include, but are not limited to, pedestrian dead
reckoning [107], human activity recognition [108,109], bio-logging of animal behaviours [110],
and control and navigation of aircraft, satellites, and unmanned vehicles [111,112].

Figure IV.2: Examples of orientation estimation applications

IV.2.1.2 Orientation vs. Attitude

In the �eld of 3D geometry and motion, the terms 'attitude' and 'orientation' are often
employed interchangeably. However, subtle distinctions emerge, especially in speci�c
applications.
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In aviation, attitude typically denotes the orientation of an object, especially an aircraft.
It is commonly understood as the orientation relative to the horizontal plane, encompassing
only two angles. In the conventional de�nition, heading is not taken into account.
Nevertheless, in certain applications, attitude may also include heading, e�ectively becoming
a synonym for orientation.

IV.2.1.3 Orientation vs. Rotation

The terms 'orientation' and 'rotation' are related concepts but refer to slightly di�erent
aspects in the spatial representation of objects. On one hand, orientation refers to the
general direction or 'pose' of an object in space relative to a reference frame. It describes
how an object is oriented with respect to a reference coordinate system.

On the other hand, rotation speci�cally refers to the transformation that changes the
orientation of an object in three-dimensional space. It describes the process of changing the
object's orientation. So, orientation is a broader term that encompasses the overall spatial
arrangement of an object, while rotation speci�cally refers to the transformation that changes
this orientation by rotating the object around one or more axes [113].

IV.2.1.4 Determination vs. Estimation

While the terms 'determination' and 'estimation' are frequently used interchangeably in
various research papers, it's important to clarify that they represent separate concepts.
Orientation determination adopts an algebraic approach, with the primary objective of
minimizing the cost function [114]. Speci�c examples of orientation determination algorithms
include tri-axial attitude determination (TRIAD) [115], quaternion estimator (QUEST) [116],
and singular value decomposition (SVD) [117].

The evolution of estimation theory has led to the emergence of the concept of orientation
estimation. In comparison to orientation determination, orientation estimation diverges by
not relying on algebraic methods; instead, it employs data fusion �lters that consider the
statistical properties of sensors' measurements. Typically, these �lters combine predictions
and noisy measurements, ensuring that the stochastic characteristics of measurements are
taken into account [113].

IV.2.2 Coordinate Frames

Coordinate frames can be classi�ed into reference frames and local frames. Reference
frames, like the Earth-Centered Inertial frame (ECI) or the Earth-Centered Earth-Fixed
frame (ECEF), are typically considered stationary under speci�c conditions. Conversely,
local frames may exhibit rotation with respect to a reference frame, as exempli�ed by the
body frame. In this section, we will introduce three prevalent coordinate frames: the body
frame, the ECEF frame and the local level frame.

53



CHAPTER IV. ORIENTATION ESTIMATION : SENSORS AND ALGORITHMS

IV.2.2.1 Body Frame

As depicted in Figure IV.3, the body frame is composed of an origin typically situated at the
object's center of gravity, along with three orthogonal axes forming a right-handed system.
In the literature, two commonly employed body frames are the forward-right-down (FRD)
frame and the right-forward-up (RFU) frame.

Figure IV.3: Body frame

The distinction between these frames lies in the directions of their axes. In the RFD
frame, which will be the reference in the subsequent sections of this thesis, the x-axis points
in the forward direction, the y-axis points to the right, and the z-axis points downward.

IV.2.2.2 ECEF Frame

The ECEF frame serves as a global reference frame, with its origin located at the Earth's
center and three orthogonal axes �xed relative to the Earth. The z-axis aligns with the
geographical north pole, the x-axis points to the intersection of the IERS Reference Meridian
(IRM) and the equator, and the y-axis completes the right-handed system. Unlike the ECI
frame, which remains �xed in relation to Earth, the ECEF frame undergoes rotation with
the Earth at an angular velocity of approximately 15 °/h.

IV.2.2.3 Local Level Frame

This coordinate frame is typically associated with an observer or a vehicle and serves as a
local reference for describing orientation relative to the Earth's surface. Similar to the body
frame, two variants of the local level frame are recognized: the north-east-down (NED) frame
and the east-north-up (ENU) frame. In our study, we employ the NED frame, where the
z-axis points vertically downward, aligning with the local gravity vector and de�ning the
'level' direction. The x-axis corresponds to geographical north, and the y-axis completes the
right-handed coordinate system, pointing eastward.

The local level frame is advantageous for tasks such as navigation, where it provides
a convenient local reference aligned with the observer's horizontal plane, simplifying the
description of movement and orientation in a local context.
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IV.2.3 Orientation Representations

As mentioned earlier, representing orientation is more complex than representing translational
motion. Consequently, multiple formulations have been developed to depict the orientation
of an object [118]. This section presents some commonly used orientation representations
along with the associated conversions between them.

IV.2.3.1 Euler Angles

Euler angles, named after the Swiss mathematician Leonhard Euler, are a set of three angles
that describe the orientation of a rigid body in three-dimensional space. This representation
o�ers a straightforward way to decompose a complex rotation into a sequence of three
fundamental movements around well-de�ned axes. Euler angles provide a concise and
intuitive way to express the orientation of an object and �nds widespread application in
diverse �elds, including aerospace, computer graphics, and robotics.

These three angles correspond to rotations about distinct axes, typically designated as roll
(ϕ), pitch (θ), and yaw (ψ) as depicted in Figure IV.4 sourced from [113]. Roll angle signi�es
the rotation about its x-axis required to align the vehicle's lateral axis with the horizontal
plane (positive when rolling to the right). Pitch angle represents the angle between the
vehicle's longitudinal axis and its projection on the horizontal plane (positive when pitching
up). Yaw angle is the angle between the projection of the vehicle's longitudinal axis on the
local horizontal plane and the geographical north (positive in the clockwise direction).

Figure IV.4: Euler angles De�nition ((a): yaw, (b): pitch, and (c): roll)

There are several conventions for Euler angles, depending on the axes about which the
rotations are carried out. The crucial aspect lies in the sequence of applying rotations.
Di�erent conventions like XYZ, ZYX, or YXZ exist, each dictating the order of rotations,
and leading to distinct interpretations of the �nal orientation. In our study, we have adopted
the aeronautical convention (ZYX), where the initial rotation is around the z-axis, followed
by the y-axis, and �nally around the x-axis.

The gimbal lock problem is a well-known issue associated with Euler angles representation.
It arises when two rotations bring two axes into alignment, creating a situation where one
rotational degree of freedom is lost. This phenomenon introduces complexity in orientation
representation and may lead to ambiguity in interpreting the object's orientation. While
Euler angles provide an intuitive way to express rotations, gimbal lock phenomenon highlights
a limitation in certain scenarios, prompting the exploration of alternative representation
methods.
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IV.2.3.2 Quaternions

This powerful representation is created by William Hamilton in 1843. By de�nition, a
quaternion is a four-component vector with some additional operations de�ned on it. A
quaternion q has a scalar part q0 and a three-vector part q1:3. Instead of decomposing a
rotation into sequential rotations around axes, quaternions capture it directly as a single,
compact entity. This structure encodes both the amount of rotation (represented by q0)
and the axis of rotation (represented by q1:3). A quaternion q can be written as shown in
relation IV.1.

q = q0 + iq1 + jq2 + kq3 =


q0
q1
q2
q3

 =

[
q0
q1:3

]
(IV.1)

where i, j, and k refer to three imaginary unit numbers, also known as the fundamental
quaternion units, q0 denotes the scalar part and q1:3 is a three-dimensional vector.

In our study we adopted the Hamilton convention which implies a right handed rotation
rule as illustrated in Table IV.1, where the resulting values are obtained by multiplying
row elements with column elements. It is worth noting that in other works the left handed
convention can be employed [118].

Table IV.1: Multiplication rules of the fundamental quaternion units

x 1 i j k

1 1 i j k

i i -1 k -j

j j -k -1 i

k k j -i -1

In quaternion representation, it is crucial to ensure that the quaternion is normalized
to maintain its unit length. Normalization is essential for accurate and stable quaternion
operations, preventing undesired distortions in the representation of rotations. The
normalization process involves dividing the quaternion by its magnitude [119].

Some additional operations are de�ned on quaternions. The most important quaternion
operation is the multiplication of a pair of quaternions p and q, which is de�ned using as
relation IV.2.

p⊗ q =

[
p0q0 − pT1:3q1:3

p0q1:3 + q0p1:3 + p1:3 × q1:3

]
=


p0q0 − p1q1 − p2q2 − p3q3
p0q1 + p1q0 + p2q3 − p3q2
p0q2 − p1q3 + p2q0 + p3q1
p0q3 + p1q2 − p2q1 + p3q0

 (IV.2)

In contrast to Euler angles, which directly correspond to familiar rotations around the x,
y, and z axes, quaternion representation is considered less intuitive and can pose challenges
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in visualization and interpretation. However, the adoption of quaternions o�ers signi�cant
advantages, particularly in avoiding the notorious gimbal lock phenomenon. The four-
dimensional nature of quaternions allows them to e�ectively address this issue, providing
reliability in scenarios involving large or complex rotations, making them a preferred choice
in various applications.

IV.2.3.3 Direction Cosine Matrix (DCM)

The DCM, often referred to as a rotation matrix, represents a matrix that facilitates the
transformation of vector coordinates from one frame to another [120]. The DCM is a a 3 ×
3 square matrix, comprising nine entries that represent the direction cosine values between
an initial reference frame and a second reference frame.

Let's consider two reference frames, denoted as A and B, where B signi�es the body
frame, and A serves as the initial reference frame. These frames are de�ned by a set of three
orthogonal unit vectors {a1, a2, a3} and {b1, b2, b3}, respectively.

As shown in Figure IV.5, the axis b1 creates three angles α11, α12 and α13 with each of
the vectors b1, b1 and b1, respectively. The same follows for the other two vectors b2 and b3.
Then, each of the unit vectors of reference B can be represented in terms of the unit vectors
of reference A as shown in relation IV.3.

b1 = cos(α11)a1 + cos(α12)a2 + cos(α13)a3

b2 = cos(α21)a1 + cos(α22)a2 + cos(α23)a3

b3 = cos(α31)a1 + cos(α32)a2 + cos(α33)a3

(IV.3)

Figure IV.5: A and B reference frames

Thus, the DCM between two unit vectors is just the dot product of them, then the DCM
can be expressed as shown in relation IV.4.

DCM =

b1.a1 b1.a2 b1.a3
b2.a1 b2.a2 b2.a3
b3.a1 b3.a2 b3.a3

 (IV.4)
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There are a few properties of the DCM that make it a unique method for representing
an object's orientation. DCMs are always orthogonal, maintaining perpendicular rows and
columns, and possess a determinant of 1. They exhibit a straightforward relationship between
inverses and transposes, where the transpose serves as the inverse. Additionally, DCMs
o�er the ability to represent consecutive rotations through multiplication, allowing for the
construction of complex movements from simpler rotations.

While the orientation described using DCM avoids singularities, it comes with a signi�cant
drawback. The DCM employs nine parameters to de�ne an orientation, but only three
are necessary. This redundancy, where six of the DCM values are redundant, makes it
impractical for real-time orientation tracking. Instead, the DCM is commonly employed for
vector projection into various reference frames.

IV.2.3.4 Other representations

In addition to the three common representations that have been discussed, various other
methods exist for orientation representation. These alternative representations cater to
speci�c applications and mathematical conveniences. While comprehensive details are beyond
the scope of our current discussion, it is important to acknowledge their existence and
signi�cance in certain contexts.

The Euler axis-angle representation involves expressing orientation with four parameters:
a three-component unit axis, often referred to as the Euler axis, and the rotation angle
about this axis [121]. On the other hand, the rotation vector representation is a concise
representation, utilizing a three-dimensional vector to convey both the axis of rotation and
the associated rotation angle. Both representations are based on Euler's theorem which states
that a sequence of successive rotations can always be equivalently represented by a single
rotation about a speci�c axis [122]. Although these two representations are fundamentally
identical, the former employs four parameters, while the latter achieves the same result with
only three parameters.

Rodrigues parameters, also referred to as the Gibbs vector, o�er a three-dimensional
orientation representation that facilitates transitions between rotation matrices and
quaternions. However, it's crucial to note that the orientation described by Rodrigues
parameters becomes singular as the rotation angle approaches ±π [118].

In response to this singularity issue, modi�ed Rodrigues parameters emerged as a variant,
aiming to decrease the likelihood of numerical singularities. It's noteworthy, though, that the
computational load associated with modi�ed Rodrigues parameters is higher compared to
the original Rodrigues parameters [113].

Cayley-Klein parameters is a singularity-free representation which provides an alternative
means of orientation representation, involving a 2×2 square matrix directly derived from
quaternion representation. In opposition to the former representations, it uses complex
numbers which encodes both the amount of rotation and the axis of rotation [123].
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IV.2.3.5 Conversion between Representations

IV.2.3.5.1 Conversion between Euler angles and DCM As we have chosen to
adhere to the aeronautical convention (ZYX) in our study, the DCM corresponding to these
rotations can be expressed using the relation given in Equation IV.5, where the abbreviations
c = cos and s = sin are used for notation brevity.

DCM = R1(ψ)R2(θ)R3(ϕ)

=

 cθ cψ cθ sψ −sθ
sϕ sθ cψ − cϕ sψ sϕ sθ sψ + cϕ cψ sϕ cθ
cϕ sθ cψ + sϕ sψ cϕ sθ sψ − sϕ cψ cϕ cθ


=

B11 B12 B13

B21 B22 B23

B31 B32 B33


(IV.5)

Euler angles ϕ, θ et ψ can be obtained from a given DCM using relation IV.6.

ϕ = tan−1(
B23

B33
)

θ = − sin−1(B13)

ψ = tan−1(
B12

B11
)

(IV.6)

IV.2.3.5.2 Conversion between DCM and Quaternions The process of converting
a given quaternion representation to its corresponding rotation matrix is provided in
relation IV.7 [124].

DCM =

q20 + q21 − q22 − q23 2(q1q2 − q0q3) 2(q1q3 + q0q2)
2(q1q2 + q0q3) q20 − q21 + q22 − q23 2(q2q3 − q0q1)
2(q1q3 − q0q2) 2(q2q3 + q0q1) q20 − q21 − q22 + q23

 (IV.7)

Various methods exist for extracting the quaternion from a given DCM, though some
of these methods may encounter divide-by-zero singularities for speci�c orientations. A
numerically stable approach to computing the quaternion involves initiating the process by
calculating the squares of each quaternion term, as illustrated by relation IV.8

q21 =
1

4
(1 +B11 −B22 −B33)

q22 =
1

4
(1−B11 +B22 −B33)

q23 =
1

4
(1−B11 −B22 +B33)

q24 =
1

4
(1 +B11 +B22 +B33)

(IV.8)
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The speci�c value for a quaternion term can be obtained by taking the square root of
the maximum value among the quaternion terms. Subsequently, the remaining terms can be
computed utilizing the appropriate formula from relation IV.9.

q =
1

4q1


4q21

B12 +B21

B31 +B13

B23 −B32

 =
1

4q2


B12 +B21

4q22
B23 +B32

B31 −B13



=
1

4q3


B31 +B13

B23 +B32

4q23
B12 −B21

 =
1

4q4


B23 −B32

B31 −B13

B12 −B21

4q24


(IV.9)

IV.2.3.5.3 Conversion between Euler angles and Quaternions Deriving a set of
Euler angles from a quaternion involves a two-step process utilizing the transformations
described above. Initially, the quaternion undergoes transformation into a DCM using
relation IV.7. Subsequently, this DCM is further converted into a set of Euler angles through
the transformation speci�ed in relation IV.6.

Conversely, computing a quaternion from a set of Euler angles follows a similar two-step
approach. Initially, the set of Euler angles is transformed into a DCM using relation IV.5.
Subsequent application of relations IV.8 and IV.9 allows for the conversion of the DCM into
the corresponding quaternion.

IV.3 Sensors for Orientation Estimation

In this section, we will acknowledge the existence of various sensors used for orientation
estimation, providing a brief overview of these sensors with a particular emphasis on Inertial
Measurement Units (IMUs).

IV.3.1 Vision-based

A vision sensor has the capability to o�er comprehensive details about the surrounding
environment. In the past, vision was primarily utilized for position and speed estimation
rather than for orientation estimation. However, in recent research, there has been signi�cant
advancement in orientation estimation algorithms primarily based on vision.

The utilization of a vision system as the primary sensor for orientation estimation has
been implemented through diverse methods, aligning with the speci�c characteristics of the
surrounding environment, be it indoor or outdoor. Various types of targets have been
employed, including landmarks, water surfaces, buildings, road centerlines, known ground
target positions, etc [125].
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It's worth noting that a signi�cant portion of these research studies has integrated
additional sensors alongside vision sensors. For instance, in [126], fusion of image positions
of landmarks and IMU information was employed to obtain navigation parameters, including
orientation. Similarly, in the study conducted in [127], IMU, magnetometer, and altimeter
were incorporated alongside a camera to estimate various parameters, including orientation
angles.

IV.3.2 GNSS-based

Orientation angles derived using GNSS can be estimated through the utilization of either a
single or multiple antennas. The single antenna approach involves estimating orientation
angles using signal strength measurements or GNSS-derived acceleration. However,
this method necessitates auxiliary information, such as accelerometer or magnetometer
measurements. While the single antenna-based approach is advantageous for systems with
space limitations, its accuracy typically falls within the range of 0.5◦ to 10◦ [128].

Conversely, the multi-antenna method can achieve a higher level of orientation accuracy,
typically in the order of 0.1◦. In this approach, the orientation is estimated using two or
more GNSS antennas mounted on a platform, with the precisely known baselines between
the antennas being a crucial parameter in the estimation process [128].

In GNSS-based orientation estimation, both pseudo-range and carrier-phase observations
are theoretically employed, with an emphasis on utilizing high-precision carrier phase
measurements. Speci�cally, through the use of double-di�erence measurements as discussed
in Section III.5.3, it becomes feasible to estimate the baseline vector between two antennas,
subsequently enabling the determination of the platform orientation [129]. Another category
of methods operates within the measurement domain, incorporating orientation parameters
into the carrier phase observation model. This allows for the direct solving of orientation
parameters based on ambiguity resolution [128].

IV.3.3 Light Detection And Ranging (LiDAR)-based

The acquisition of orientation angles can be achieved through the utilization of LiDARs [130].
The operational approach involves the installation of LiDARs, typically two in number. One
LiDAR is positioned overhead, primarily employed for detecting the horizontal position, while
the second LiDAR is installed at the bottom to scan the vertical position [131]. In a similar
work, two LiDARs were employed alongside an IMU, with the IMU primarily serving to
stabilize the LiDAR measurement plane [132].

IV.3.4 Inertial Measurement Unit

While vision-based orientation estimation o�ers detailed information, it is susceptible to
limitations imposed by environmental factors such as rain, fog, and dust. These conditions
can alter the accuracy and reliability of vision sensors in estimating orientation. Similarly,
LiDAR-based orientation estimation encounters challenges, as the e�ective application range
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of LiDAR is restricted. Furthermore, LiDAR systems generate large-size datasets, imposing a
considerable computational burden on data processing. In the case of GNSS-based orientation
estimation, the method is dependant on satellite availability, making it susceptible to signal
blockages or interruptions. Moreover, it is noteworthy that GNSS systems typically operate
at a low data rate, further in�uencing the overall responsiveness of orientation estimation in
dynamic scenarios.

In contrast, Inertial Measurement Units (IMUs) stand out for their self-reliance, as they
do not depend on external parameters. IMUs, composed of accelerometers, gyroscopes, and
magnetometers, provide high rate data on linear acceleration, angular velocity, and magnetic
�eld strength and direction, enabling robust and independent orientation estimation across
diverse environmental conditions [133].

In certain studies, the term IMU is used to describe a system containing only
accelerometers and gyroscopes, while the terms Magnetic, Angular Rate, and Gravity
(MARG) or Magnetic and Inertial Measurement Unit (MIMU) encompass systems that
include accelerometers, gyroscopes in addition to magnetometers [134]. However, in our
work, we adopt the term IMU to be equivalent to MARG and MIMU, encompassing all three
sensors.

Also, the term Attitude and Heading Reference System (AHRS) is occasionally used
interchangeably with IMU. However, it is crucial to emphasize the distinction between
these terms. While the two sensors utilize the same set of elementary sensors, including
accelerometers, gyroscopes, and magnetometers, IMU solely provides raw measurements from
the three sensors without an inherent orientation solution. In contrast, AHRS encompass an
embedded orientation solution, o�ering readily available orientation information.

These sensors consist of either solid-state or Micro-Electro-Mechanical Systems (MEMS)
designed to substitute traditional mechanical gyroscopic instruments. MEMS technology
has emerged as a compact and cost-e�ective alternative to conventional solid-state systems.
Nevertheless, MEMS-based sensors typically o�er estimation solutions with lower accuracy
and reliability when compared to those generated from high-grade solid-state sensors [113].

As a result, researchers have been actively engaged in enhancing the performance of
solutions relying on low-cost IMUs [135]. By combining the measurements obtained from the
three elementary sensors within MEMS-based IMUs, the following section introduces various
approaches that leverage these measurements to estimate orientation angles.

IV.4 Algorithms for Orientation Estimation

IV.4.1 IMU Mathematical Model

Before delving into the existing algorithms, it is judged essential to introduce the
mathematical model of the IMU. This involves presenting the mathematical model for each
of the three sensors [136].
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IV.4.1.1 Accelerometer Output Model

The output of the accelerometer at time instant k, represented as a(k), can be expressed as
the sum of various components. These include the external non-gravitational acceleration
denoted as nga(k), the gravitational acceleration vector denoted as ga(k), the accelerometer
bias bA(k), and a white noise term denoted as νA(k).

a(k) = KA[nga(k) + ga(k)] + bA(k) + νA(k)

nga(k) = canga(k − 1) + λa(k)
(IV.10)

In this equation, KA represents the scale factor matrix. The external non-gravitational
acceleration is characterized as a �rst-order low-pass �ltered white Gaussian noise process
λa(k), where ca denotes the cut-o� frequency of the �lter (0 ≤ ca < 1).

IV.4.1.2 Gyroscope Output Model

Likewise, the output of the gyroscope at time instant k, represented as g(k), can be formulated
as the sum of di�erent elements. These include the true angular velocity denoted as ω(k),
the gyroscope bias bG(k), and a white noise term νG(k).

g(k) = KGω(k) + bG(k) + νG(k)

bG(k) = bG(k − 1) + λb(k)
(IV.11)

Here, KG stands for the scale factor matrix. The gyroscope bias is characterized as a
�rst-order Markov process driven by white Gaussian noise, denoted as λb(k).

IV.4.1.3 Magnetometer Output Model

Ultimately, the output of the magnetometer at time instant k, represented as h(k), is
formulated as the sum of distinct components. These include the true Earth's magnetic
�eld denoted as m(k), where d(k) designates magnetic distortion, and a white noise term
denoted as νM (k).

h(k) = KMm(k) + d(k) + νM (k)

d(k) = cdd(k − 1) + λd(k)
(IV.12)

KM represents the scale factor matrix. The magnetic distortion is characterized as a
�rst-order low-pass �ltered white Gaussian noise process, denoted as λd(k).
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As mentioned earlier, in order to enhance the accuracy of estimating the orientation of
a rigid body, di�erent fusion techniques can be applied applied using IMU measurements,
speci�cally incorporating angular velocity, linear acceleration, and magnetic �eld data. This
section does not aim to provide an exhaustive review of existing methods but rather focuses
on the most commonly utilized ones.

Several studies proposed sensor fusion algorithms, to fuse the estimated orientation with
these three sensors data. The most commonly used techniques are Kalman �lters (KFs)
and Complementary Filters (CFs) [10]. Furthermore, with the advent of recent arti�cial
intelligence (AI) techniques, various approaches based on AI have been suggested for attitude
estimation [137].

IV.4.2 Kalman Filters

Originally developed for communication and control applications, the Kalman �lter proves
to be e�ective in various applications. It is primarily used to estimate the system state based
on multiple data sources that are a�ected by noise and have a connection to the system
state [138].

LetXk ∈ Rn denote the state vector at time k, where n is the system's order. Additionally,
Zk ∈ Rm represents the measurement vector at time k, with m being the dimension of the
measurement vector.

At time instant k, we have knowledge of the previously estimated state from the preceding
step Xk−1 and the current measurements Zk. By leveraging these two datasets, KFs can
calculate an estimate for the state vector xk, as depicted in Figure IV.6.

Figure IV.6: Functioning principle of KFs

Strategies employing KFs involve a probabilistic evaluation of the state, modelled as a
Gaussian distribution based on the system model [10]. The Linear Kalman Filter (LKF) is
optimally applicable only to problems that can be expressed through linear systems. However,
a signi�cant number of problems cannot be accurately represented by a linear model. To
overcome this limitation, various non-linear techniques based on the Kalman �lter have been
explored and developed [139].
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IV.4.2.1 Linear Kalman Filter (LKF)

Consider the general equations of the state and measurement of the discrete-time linear
dynamical system, as shown in relation IV.13.

Xk+1 = AXk +BUk + wk

Zk+1 = CXk + vk
(IV.13)

where U represents any system's external input. The terms w and v denote white Gaussian
noise processes that are linked to the system and measurement models, each with respective
covariances Q and R.

We de�ne the following probability distributions:

� p(Xk|Xk−1) is the prediction probability of the future state given the current state;

� p(Zk|Xk) is the prediction probability of the measurement given the current state.

As previously mentioned, we suppose a Gaussian distribution to represent the system
state with a mean µ and a covariance P .

p(Xk) = N (µk, Pk) (IV.14)

Building on the relationships given in Equation IV.13 and Equation IV.14, we derive:

p(Xk|Xk−1) = AN (µk−1, Pk−1) +N (0, Q)

p(Zk|Xk) = CN (µk, Pk) +N (0, R)
(IV.15)

By utilizing the properties of Gaussian distributions and after simpli�cation, we obtain:

p(Xk|Xk−1) = N (AXk−1, APk−1A
T +Q)

p(Zk|Xk) = N (CXk, CPkC
T +R)

(IV.16)

By applying Bayes' theorem which allows to determine conditional probability p(A|B) =
p(B|A)p(A)

p(B) , we obtain:

p(Xk|Zk, Xk−1) =
p(Zk|Xk, Xk−1)p(Xk|Xk−1)

p(Zk)
(IV.17)
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By using the Maximum a posteriori estimation method, an optimal estimation of the
state vector X̂k along with the covariance matrix P̂k can be determined. Overall, the LKF
consists of two main steps: the prediction step and the correction step.

During the prediction step, the �lter estimates the next state X̂ and its covariance P̂ at
time k, based on the previous state at time k − 1 using relation IV.18. Subsequently, the
correction step re�nes this estimation using a set of measurements at time k, as illustrated
in relation IV.19.

X̂k = AXk−1 +BUk

P̂k = APk−1A
T +Qk

(IV.18)

Xk = X̂k +Kk(Zk − CX̂k)

Pk = P̂k −Kk(CP̂kC
T +R)KT

k

K = P̂kC
T (CP̂kC

T +R)−1

(IV.19)

where K is denoted as the Kalman gain.

Given the speci�c problem under consideration, the state vector is de�ned to align with
the details of the situation. Consecutively, LKF as well as its variants were proposed for
estimating orientation in various scenarios, as demonstrated in the studies presented [140�
143].

IV.4.2.2 Extended Kalman Filter (EKF)

In this section, we will present the most well-known non-linear algorithm derived from the
Kalman �lter that will be applied to the orientation estimation problem, being Extended
Kalman �lter (EKF). The EKF stands out as one of the widely utilized non-linear �ltering
approaches [139].

For non-linear KFs, we consider the general equations governing the state and
measurement of a discrete-time non-linear dynamical system, as shown in relation IV.20.

Xk+1 = f(Xk, Uk) + wk

Zk+1 = h(Xk) + vk
(IV.20)

This method involves conducting a �rst-order Taylor series expansion of the state and
measurement models, thereby obtaining linearized models suitable for the application of
Kalman Filter equations [144].
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Similar to the LKF, the set of equations encapsulating the EKF algorithm is divided into
two main steps: the prediction step and the correction step, as outlined in relations IV.21
and IV.22, respectively.

X̂k = f(Xk−1, Uk)

P̂k = F (Xk−1, Uk)Pk−1F
T (Xk−1, Uk) +Qk

(IV.21)

Xk = X̂k +Kk(Zk − h(Xk)

Pk = [I −KkH(Xk)]P̂k

K = P̂kH
T (Xk)(H(Xk)P̂kH

T (Xk) +R)−1

(IV.22)

where the matrices F and H are the jacobians of f and h, respectively and are obtained
using:

F (Xk−1, Uk) =
∂f(Xk−1, Uk)

∂x

H(Xk) =
∂h(Xk)

∂x

(IV.23)

The EKF algorithm block scheme is illustrated in Figure IV.7. A notable characteristic
of this �lter, in contrast to other non-linear �lters, is its straightforward implementation and
computational e�ciency. However, it may not be well-suited for highly non-linear models
[139]. Numerous studies utilizing the EKF for orientation estimation can be found in the
literature [145�148].

Figure IV.7: Block diagram of EKF algorithm

IV.4.2.3 Other Non-linear Kalman Filters

Another notable alternative is the quaternion EKF, which employs the EKF to estimate
orientation represented in quaternion form. In this approach, it initially predicts the new
state by utilizing measurements from the gyroscopes. Subsequently, it re�nes this state
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by incorporating measurements from the accelerometers and magnetometers. Instances of
utilizing the Quaternion EKF can be found in references [149�151].

Furthermore, it's noteworthy to mention that several non-linear �lters, distinct from the
EKF, have been proposed for orientation estimation, and we will highlight a few of them. To
address the inherent linearization errors in the EKF, an alternative approach is the Unscented
Kalman Filter (UKF). Essentially, the UKF propagates the state distribution through the
system dynamics using a deterministic sampling approach. This distribution is represented by
a minimal set of carefully chosen sample points, known as sigma points. These sigma points
enable the capture of the true mean and covariance of the state, contributing to enhanced
accuracy in certain scenarios [152]. The primary drawback of the UKF in comparison to the
EKF is its tendency to degrade computational e�ciency [139].

An additional notable technique is the Cubature Kalman Filter (CKF). Built on the
numerical-integration perspective of Gaussian �lters, the CKF employs a third-degree
spherical-radical cubature rule for the numerical computation of Gaussian-weighted integrals.
By employing a set of cubature points with equal weight, the CKF calculates means and
covariances of state variables [153].

IV.4.3 Complementary Filters

The Complementary Filters present a valid alternative to KF-based methods due to their
simplicity and e�ectiveness. Based on frequency domain analysis, these �lters combine signals
to provide an orientation estimation without relying on statistical descriptions [154].

They earn their name due to their unique way of combining the strengths of di�erent
sensors to overcome their individual limitations. The IMU sensors o�er complementary
frequency responses. Accelerometer excels at capturing high-frequency dynamics due to its
fast response, while the gyroscope provides accurate information at lower frequencies where
its drift is less dominant [155].

In essence, the name complementary �lter accurately re�ects its core principle of
combining the complementary characteristics of di�erent sensors to create a more robust
and accurate estimation of the system state, speci�cally the orientation in our case.

In contrast to Euler Angles, which may encounter Gimbal lock issues and ambiguous
representations, quaternion-based complementary �lters o�er an additional advantage by
avoiding singularities through the use of quaternions as the representation form [155]. It is
important to note that there is always the option to convert from quaternions to Euler angles
through appropriate mathematical transformations, as detailed in section IV.2.3.5.

While various complementary �lters have been developed for orientation estimation [156],
two of the most widely used and well-known options are Madgwick �lter [157] and Mahony
Filter [158].
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IV.4.3.1 Madgwick Filter

The Madgwick algorithm is a widely used method that uses accelerometer and magnetometer
measurements to compensate for errors in the gyroscope measurements. The gyroscope,
accelerometer and magnetometer measurements about the x, y and z axes of the sensor
frame can be arranged into a quaternion form denoted

Sg = [0, gx, gy, gz]
Sa = [0, ax, ay, az]
Sh = [0, hx, hy, hz]

(IV.24)

Madgwick Filter includes three main steps. The initial step involves computing the rate
of change, using gyroscope measurements denoted as S

E q̇g,k. It can be calculated as shown in
relation IV.25 [157].

S
E q̇g,k =

1

2
S
E q̂est,k−1 ⊗ Sgk (IV.25)

Here, S
E q̂est,k− represents the normalized estimated quaternion at the preceding step k−1.

It is essential to note that the pre-subscript indicates the source coordinate frame, while
the pre-superscript indicates the destination coordinate frame. Additionally, the symbol ⊗
signi�es a quaternion product.

In the second step, the Madgwick �lter utilizes a gradient descent algorithm to compute
orientation increment derived from accelerometer and magnetometer measurements. In this
process, two reference vectors Ea and Em, respectively for acceleration and magnetic �eld,
are employed to correct the deviation of the algorithm. Em vector can be calculated as
stated in [159]. Ea is de�ned as Ea = [0, 0, 0, g], where g is the acceleration due to gravity
(g = 9.8 m · s−2). The orientation increment S

E q̇∇,k, computed based on accelerometer and
magnetometer measurements (Sak and Shk) is outlined in relation IV.26.

S
E q̇∇,k =

JT
k Fk

∥JT
k Fk∥

Fk =

[
S

E
q−1
k−1 ⊗ Ea,k ⊗ S

Eqk−1 − Sak
S

E
q−1
k−1 ⊗ Ea,k ⊗ S

Eqk−1 − Shk

] (IV.26)

where Jk is the Jacobian matrix of the function Fk.

In the third step, a fusion process, controlled by the parameter β, re�nes the orientation
change estimated from gyroscope measurements by incorporating the orientation increment
derived from accelerometer and magnetometer measurements. Subsequently, an integration
process yields an estimate of the quaternion at the instant k, as described in relation IV.27.
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q̇k = S
E q̇g,k − β S

E q̇∇,k

qk = qk−1 + q̇k∆T
(IV.27)

where β is the divergence rate of the Madgwick �lter.

To mitigate numerical issues arising from the �nite resolution of numerical representations,
the Madgwick algorithm employs quaternion normalization. The block diagram of the
Madgwick algorithm is depicted in Figure IV.8. For an in-depth formulation of this algorithm,
refer to [157].

Figure IV.8: Block diagram of Madgwick �lter

IV.4.3.2 Mahony Filter

Starting with the estimated orientation computed in the previous step of the algorithm,
an orientation error is determined by calculating the cross product between the estimated
direction and the measured direction of gravity. Additionally, this error includes the cross
product between the estimated magnetic �eld and the measured magnetic �eld.

Let v denotes the estimated direction of gravity and w denotes the estimated magnetic
�eld. The orientation error term, denoted e, can be obtained using relation IV.28.

e = a · v + h · w

v = 2

 q1q3 − q0q2
q0q1 + q2q3

q0q0 − q1q1 − q2q2 + q3q3


w = 2

bx(0.5− q2q2 − q3q3) + 2bz(q1q3 − q0q2)
bx(q1q2 − q0q3) + 2bz(q0q1 + q2q3)

bx(q0q2 + q1q3) + 2bz(0.5− q1q1 − q2q2)


(IV.28)

Here, the terms a and h denote accelerometer and magnetometer measurements,
respectively. The values of bx and bz are calculated based on the prior estimation of the
orientation, coupled with the magnetometer measurements.
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Following the integration of the error term, leading to the term eint, this error is employed
to adjust the measured angular velocity computed by the gyroscope. This correction is
governed by a Proportional-Integral (PI) controller, utilizing the parameters Kp and Ki, as
described in Equation IV.29.

g = g +Kpe+Kieint (IV.29)

Based on the corrected angular velocity, the estimation of orientation change can be
derived using Equation IV.25. Similar to the Madgwick algorithm, the Mahony algorithm
aincorporates quaternion propagation and normalization steps to estimate the orientation,
ensuring its validity as a representation. The block diagram of the Mahony algorithm is
illustrated in Figure IV.9, and a comprehensive formulation can be found in [158].

Figure IV.9: Block diagram of Mahony �lter

IV.4.4 Neural Networks

While KF-based and CF-based solutions demonstrably attain high accuracy in diverse
orientation estimation applications, achieving optimal performance necessitates a rigorous
approach to parameter selection. This encompasses covariance matrices in KF methods,
fusion weights in CFs, and potentially other critical parameters depending on the chosen
method.

Numerous studies has demonstrated the potential of Neural Networks (NNs) in providing
data-driven solutions to problems that have conventionally been tackled by model-based
approaches. This shift towards data-driven approaches has been facilitated by the increasing
availability of large datasets and advancements in computational power [137].

NNs have versatile applications across various scenarios, as illustrated in Figure IV.10.
For example, they can serve as augmented solutions to conventional methods, leading to
potentially superior performance. In [160], a Recurrent Neural Network (RNN) is employed
to process raw gyroscope and accelerometer data, thereby mitigating modeling errors and
enhancing sensor fusion capabilities. Similarly, in another study [161], a NN is employed to
identify and �lter out noise associated with IMU measurements.

Furthermore, NNs have been utilized to calibrate the outputs of IMU sensors in
various studies. For instance, the work presented in [162] proposed a method to
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generate compensation components for gyroscope measurements, while in [163] a similar
approach in introduced for magnetometer measurements. Additionally, another study
presented a calibration method based on a back-propagation neural network for temperature
compensation. This method is particularly useful as temperature variations signi�cantly
impact the performance of MEMS-based IMU sensors [164].

Figure IV.10: A block diagram that describes the use of NNs in orientation estimation

An alternative strategy involves re�ning the output of conventional �lters. For instance, in
[165], a feed-forward NN is employed to enhance the smoothness of the Kalman �lter's output.
Additionally, in [166], the outputs of a CF are employed to train a NN using a supervised
approach, utilizing the Bayesian Regularization Backpropagation algorithm. Furthermore,
NNs can be leveraged for temporal orientation integration, exempli�ed by the approach
proposed in [167].

Moreover, NNs can be applied to adjust various gains and parameters within conventional
�lter solutions, as demonstrated in [168]. They proposed the utilization of a long short-
term memory (LSTM) network to support an iterative indirect Kalman �lter in estimating
disturbances. This approach matches the system noise covariance to the strength of
perturbation and adapts to the measurement noise covariance.

NNs exhibit further versatility in orientation estimation by not only augmenting existing
methods but also handling speci�c tasks within the estimation process. One approach involves
employing NNs for temporal integration of orientation data, as demonstrated in the work
presented in [167].

The use of NNs extends beyond their integration with existing approaches and can be
used as a standalone solution. NNs can be used as a blackbox solution using directly
the output of the IMU's sensors. For instance, [169] introduced RIANN (Robust IMU-
based Attitude Neural Network), which is a NN-based orientation estimator that have
demonstrated superior performance compared to conventional approaches across various
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applications, motion characteristics and sampling rates. In a similar work, a LSTM-NN
was proposed for orientation estimation based on data collected during the test �ight of a
quadrotor [170]. Another notable recent work consists of a convolutional neural network
coupled with a LSTM-NN, followed by a feedforward NN, designed to estimate quaternions
using 6DoF IMU measurements [171].

IV.4.5 Discussion

Researchers have developed numerous Sensor Fusion Algorithms to estimate orientation using
IMU sensors, with KFs and CFs being among the most commonly utilized ones. Studies
have highlighted the signi�cance of parameter selection in these �lters to achieve satisfactory
performance, regardless of their �ltering class or mathematical formulation [154].

Furthermore, the research concluded that there isn't a universally optimal �lter applicable
to all conditions. Instead, the performance of each �lter is strongly in�uenced by the speci�c
experimental conditions. This variability in experimental conditions explains the disparate
results reported regarding the performance of sensor fusion algorithms in various studies [136].

Another crucial aspect to consider when comparing these algorithms is their
computational e�ciency. CFs have been observed to outperform KFs in terms of speed. This
observation �nds support in the mathematical implementation of the �lters [154]. Indeed,
the Madgwick and Mahony algorithms exhibit very similar processing times, making them
suitable for small embedded processors.In contrast, the EKF has a runtime nearly six times
higher [105].

On the other hand, NNs or, more broadly, AI-based techniques o�er promising prospects
for real-time orientation estimation based on inertial sensors. However, to attain optimal
performance, it is imperative to understand their strengths and limitations. Careful
consideration of data availability, computational resources, and speci�c needs is essential
when deciding whether to employ NNs instead of conventional methods.

IV.5 Conclusion

In conclusion, this chapter has provided insights into the representation of orientation
in three-dimensional space, emphasizing the complexities involved in capturing rotational
motions accurately. We have explored various methods for representing orientation and
highlighted the most commonly used ones.

Moving forward, our exploration extends to the realm of sensors utilized for orientation
estimation, with a particular focus on IMUs. Additionally, we have delved into the algorithms
commonly employed with IMUs, highlighting Kalman �lters and complementary �lters as
the predominant methods. However, it's important to recognize that no single �lter proves
optimal across all scenarios.

In the upcoming chapter, we will introduce a neural network-based approach aimed at
addressing a speci�c aspect, namely tilt-compensation in yaw estimation. Subsequently,
we will compare this proposed method with two well-established and commonly utilized
complementary �lters: the Madgwick �lter and the Mahony �lter.
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Chapter V
A Machine Learning-based Method for Tilt

Compensation in Yaw Estimation

V.1 Introduction

While IMUs o�er an attractive solution for orientation estimation due to their compactness
and self-containment, the accuracy of their yaw angle estimation exhibits lower accuracy
compared to pitch and roll [11].

Yaw estimation presents challenges due to its susceptibility to external magnetic �elds,
such as those caused from nearby metallic objects. This complicates the magnetometer's role
in accurately determining yaw. Employing sensor calibration techniques reduce biases and
enhances long-term accuracy, underscoring the critical importance of calibration in obtaining
accurate magnetometer readings.

Another di�culty arises when the sensor is not aligned parallel to the Earth's surface. In
such cases, a conventional tilt compensation method is typically employed. In this chapter,
we will evaluate the e�ectiveness of this conventional method.

Following the assessment outcomes, we intend to introduce an arti�cial neural network
(ANN) as a solution to tackle the tilt compensation challenge in yaw estimation. Additionally,
we will compare the e�ectiveness of our proposed method with two established complementary
�lters (CFs): the Madgwick �lter and the Mahony �lter.

V.2 Magnetometer Measurements Calibration

Low-cost sensors, including magnetometers, often encounter inaccuracies resulting from
manufacturing limitations such as o�set error, sensitivity error, cross-axis sensitivity
errors, and sensor measurement noise. However, the primary sources of errors impacting
magnetometer measurements are typically perturbations induced by ferromagnetic materials
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and electromagnetic systems in the sensor's proximity [172]. These perturbations are
commonly classi�ed as hard and soft iron errors.

For a tri-axis magnetometer, the ideal response is a spherical outcome centered at
the origin. Hard iron perturbations consist of constant or slowly time-varying magnetic
�elds produced by magnetized materials or external magnets in the vicinity of the sensor.
Consequently, this shifts the magnetic sphere response away from the origin [173]. Conversely,
soft iron e�ects arise from metallic materials like nickel batteries, causing the ideal spherical
response to distort into an elliptical shape [11].

A commonly employed technique for calibrating magnetometer readings involves moving
the sensor in a �gure-eight pattern, noting the minimum and maximum readings across all
three axes. These recorded values are subsequently utilized to compute o�set values (Xoff ,
Yoff and Zoff ) and scale factors (Xsf , Ysf and Zsf ), as shown in relation V.1. Then,
using relation V.3, calibrated magnetometer measurements can be obtained enabling the
re-centering and rescaling of the magnetometer response [174].

DeltaX = (max(hx)−min(hx))/2

DeltaY = (max(hy)−min(hy))/2

DeltaZ = (max(hz)−min(hz))/2

Delta = (DeltaX +DeltaY +DeltaZ)/3

Xsf = Delta/DeltaX

Ysf = Delta/DeltaY

Zsf = Delta/DeltaZ

Xoff = (max(hx) +min(hx))/2

Yoff = (max(hy) +min(hy))/2

Zoff = (max(hz) +min(hz))/2

(V.1)

hxCal = Xsf × hx −Xoff

hyCal = Ysf × hy − Yoff

hzCal = Zsf × hz − Zoff

(V.2)

Experimental data collection in this chapter involves utilizing the MPU9250 9 DoF motion
sensor, depicted in Figure V.1, in conjunction with the Raspberry Pi 3b+ compute module.
Detailed information about the Raspberry Pi module can be found in Section III.6.3.

The MPU9250 9 DoF motion sensor serves as an IMU, integrating a 3-axis accelerometer,
a 3-axis gyroscope, and a 3-axis AK8963C magnetometer. Each sensor's outputs are digitized
using 16-bit analog-to-digital converters. The accelerometer can measure ranges of ±2g, ±4g,
±8g, and±16g, the gyroscope can measure±250◦/s, ±500◦/s, ±1000◦/s, and±2000◦/s, while
the magnetometer can measure up to ±4800 µT [175].

Interfacing the MPU9250 with the Raspberry Pi 3b+ compute module is accomplished
via the I2C protocol. The sampling rate for accelerometer and gyroscope data is con�gured
at 1 KHz, while for magnetometer measurements, it is set to 100 Hz. The wiring diagram
detailing the connection between the MPU9250 and the Raspberry Pi 3b+ compute module
is provided in Figure V.2. The calibration procedure's outcomes are visualized in Figure V.3.
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Figure V.1: MPU9250 9 DoF motion sensor

Figure V.2: Raspberry Pi 3b+ and MPU9250 module wiring

V.3 Conventional Tilt compensation Method

V.3.1 Description of the Conventional Tilt Compensation Method

In the previous chapter, we explored various sensor fusion algorithms capable of estimating
orientation angles. Notably, yaw estimation can be achieved solely through the utilization of
magnetometers which enable the measurement of the surrounding magnetic �eld. Under ideal
conditions, free from magnetic disturbances or with an ideally calibrated magnetometer, it
becomes possible to accurately measure the Earth's magnetic �eld. This measurement serves
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Figure V.3: Magnetometer measurements calibration

as the foundation for determining the angle between the sensor's longitudinal axis and the
magnetic north direction.

The magnetic �eld of the Earth possesses a horizontal component that always aligns
with the magnetic north direction. This characteristic enables the calculation of yaw by
considering its horizontal components, as indicated by relation V.3.

ψ =



90, if Hx = 0 and Hy < 0

270, if Hx = 0 and Hy > 0

180− tan−1(
Hy

Hx
)× 180

π , if Hx < 0

−tan−1(
Hy

Hx
)× 180

π , if Hx > 0 and Hy < 0

360− tan−1(
Hy

Hx
)× 180

π , if Hx > 0 and Hy > 0

(V.3)

Here, Hx and Hy represent the horizontal projections of the Earth's magnetic �eld.

If the sensor is parallel to the ground, then pitch and roll angles would both be zero and
yaw can be directly calculated using relation V.3.

In situations where the sensor aligns parallel to the ground, resulting in zero pitch and roll
angles, determining yaw becomes straightforward, relying solely on the horizontal components
of the magnetic �eld. However, in practical scenarios such as when magnetometers are
mounted on moving vehicles, they are most often not parallel to the Earth's surface. To
address this, a conventional tilt compensation method is commonly utilized. This method
involves projecting the measurements obtained from the tri-axis magnetometer onto a
horizontal plane to account for the tilt angle.
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In Figure V.4, the magnetometer axes coincide with the body frame comprising three
orthogonal axes. Within this frame, the x-axis aligns with the direction of forward motion,
the z-axis points downward, and the y-axis is perpendicular to the plane formed by the x
and z axes. The terms hx, hy, and hz denote the magnetometer measurements along the
axes of the body frame. By incorporating information about the sensor's tilt angles, we can
calculate the projections of the magnetic �eld onto the horizontal plane de�ned by the X
and Y axes using relation V.4.

Figure V.4: Yaw determination using a tri-axis magnetometer

(
Hx

Hy

)
=

(
cosθ sinθsinϕ −sinθcosϕ
0 cosϕ sinϕ

) hxhy
hz

 (V.4)

where θ and ϕ denote pitch and roll angles, respectively.

It worth noting that other tilt compensation techniques have been documented in the
existing literature. For instance, a smartphone-based pedestrian dead reckoning solution
that relies on an adaptive tilt compensation method for precise yaw angle estimation were
proposed in [176]. Another alternative was introduced in [177] where a probabilistic approach
using data from accelerometers and magnetometers were used for tilt compensation.

V.3.2 Assessment of the Conventional Tilt Compensation Method

V.3.2.1 Pitch and Roll Estimation

To e�ectively implement the conventional tilt compensation method, it is imperative to
accurately estimate both pitch and roll angles. To this end, we employ a 3D non-magnetic
scaled platform, depicted in Figure V.5. This platform enables the adjustment of pitch and
roll angles within a range of −60◦ to 60◦, while the yaw angle can be set across the full 360◦

range. Importantly, the use of this platform does not result in any magnetic interference,
speci�cally concerning magnetometer measurements.
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Figure V.5: 3D non-magnetic scaled platform

Here, we opt to employ the Madgwick and Mahony �lters, introduced in Section IV.4.3, for
pitch and roll estimation. This decision primarily originates from their e�cient computational
performance, which, despite being relatively low, still maintains a comparable level of
accuracy to Kalman Filters.

We con�gured pitch and roll angles within the range of −60◦ to 60◦, with increments
of 5◦. The outcomes obtained revealed similar performance for both �lters. Notably, it is
essential to perform calibration due to the MPU9250 module's imperfect alignment parallel
to the ground. Following calibration, the estimated pitch and roll angles using both the
Madgwick and Mahony �lters are depicted in Figure V.6 and Figure V.7, respectively.

Figure V.6: Pitch and roll estimation results with Madgwick �lter

V.3.2.2 Assessment with MPU9250

In this section, we present the experimental evaluation of the conventional tilt compensation
method, conducted using the MPU9250 module. To perform these experiments, we make use
of relations V.3 and V.4, and employ the 3D non-magnetic scaled platform.
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Figure V.7: Pitch and roll estimation results with Mahony �lter

We set various yaw angles ranging from 0◦ to 355◦ in increments of 5◦, and for each
of these yaw values, we set di�erent pitch angles spanning from −60◦ to 60◦. The results
obtained, as depicted in Figure V.8, indicate that the yaw estimation error may reach up to
±30◦.
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Figure V.8: Conventional tilt compensation method assessment with MPU9250

V.3.2.3 Assessment with Samsung Galaxy M51

The results obtained from the assessment of the conventional tilt compensation method using
the MPU9250 module led us to consider the possibility that the inferior outcomes were due
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to a faulty implementation of the tilt compensation method. Seeking additional validation,
we opted to replicate the tests using the Samsung Galaxy M51 smartphone, which features
a built-in magnetic compass.

Using the 3D non-magnetic scaled platform, we set di�erent yaw angles from 0◦ to 315◦

with a 45◦ step. For each yaw value we set di�erent pitch angles from −60◦ to 60◦ with a 20◦

step and record the estimated yaw angles using the Compass Galaxy Application, as shown
in Figure V.9. The results obtained are illustrated in Figure V.10.

Figure V.9: Compass Galaxy application within the Samsung Galaxy M51 smartphone

The experiments conducted with both the MPU9250 and Samsung Galaxy M51
smartphone produced similar results. Notably, we observed that the error in yaw estimation
was found to be dependant on the actual yaw angle, exhibiting smaller errors when the sensors
were pointing towards the north or south, and larger errors when directed towards the east
or west. Furthermore, we found that the errors were less critical for smaller tilt angles but
became more signi�cant as the tilt angles increased.

V.4 Solution Approach

Despite being widely used in the literature [178�181], the performed experiments have
revealed the shortcomings of this conventional approach. Consequently, we opted to introduce
a novel machine learning (ML)-based method for tilt compensation in yaw estimation, using
measurements from a low-cost IMU.

81



CHAPTER V. A MACHINE LEARNING-BASED METHOD FOR TILT COMPENSATION IN YAW

ESTIMATION

0 45 90 135 180 225 270 315

-40

-30

-20

-10

0

10

20

30

40
 Pitch -60°  Pitch -40°  Pitch -20°
 Pitch 20°  Pitch 40°  Pitch 60°

Ya
w

 e
rro

r (
de

gr
ee

s)

Yaw (degrees)

Figure V.10: Conventional tilt compensation method assessment with Samsung Galaxy
M51 smartphone

V.4.1 Motivation

The estimation of the yaw angle is a regression problem, which revolves around predicting
a continuous response from a given set of inputs. Various regression techniques have been
proposed in the literature for this purpose. According to the comparative study conducted
by [182], Arti�cial Intelligence (AI)-based algorithms perform better than traditional methods
in this context.

Although the terms AI and ML are frequently used interchangeably, it is crucial to
distinguish between the two. ML is a subset of AI, focusing on developing methods for
machines that enable them to identify patterns and make predictions. On the other hand,
AI encompasses a broader scope, referring to machines' ability to emulate human decision-
making processes, as outlined by [183].

Various non-linear ML algorithms have been employed to address regression problems.
These encompass well-known methods such as, Neural Networks (NNs), Random Forest
(RF), K-Nearest Neighbor (KNN) and Support Vector Regression (SVR). Notably, NNs
have emerged as primary tools for achieving satisfactory results, as demonstrated by the
comparative studies conducted in [184] and [185]. Hence, in our study, we have opted to
utilize one of the variations of NNs, namely the Arti�cial Neural Network (ANN).

ANNs consist of interconnected nodes, termed arti�cial neurons, that are designed to
mimic the behaviour of the human brain. Within ANNs, signals propagate between neurons,
with inputs processed through a combination of weights and biases.
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ANNs exhibit a high potential in learning and modeling non-linear and complex
relationships between variables. They also possess the ability to generalize and provide
predictions for new unseen datasets. ML utilize two primary learning methodologies:
unsupervised learning, which uncovers hidden features in input data, and supervised learning,
which uses a known set of input-output pairs to train models, as highlighted in [186]. The
current study proposes the use of a Multilayer Perceptron (MLP) ANN regressor to estimate
the yaw angle, regardless of whether or not there is tilt. It involves of a Feed-Forward NN that
processes inputs only in the forward direction, employing a supervised learning approach.

V.4.2 Inputs and Outputs Selection

The selection of input data for the proposed ANN was guided by the fundamental principles
governing yaw angle measurement. Speci�cally, in accordance with relation V.3, the
determination of yaw angle relies on the horizontal components of the magnetic �eld.
Relation V.4 further establishes the connection between these components and the readings
from the magnetometer (hx, hy, and hz), as well as the tilt of the current sensor, which can be
approximated using accelerometer data (ax, ay, and az). Consequently, our proposed ANN
utilizes calibrated measurements from both the magnetometer and accelerometer along the
three axes as input features, as illustrated in Figure V.11.

Figure V.11: Inputs and outputs of the adopted ANN model

V.4.3 Dataset Collection

Using the 3D non-magnetic scaled platform, we set di�erent yaw values from 0◦ to 359◦ with
a 1◦ step. For each yaw value, we rotate the platform arbitrary along X and Y axes. At a
sample rate of 10 Hz, a total of 206300 samples have been recorded, each of which includes
the following data:

� The actual yaw value read from the 3D non-magnetic scaled platform, used to label the
collected features;

� The calibrated magnetometer measurements along the three axes;

� The accelerometer measurements along the three axes.

As mentioned earlier, other sensor fusion algorithms for attitude estimation can
intrinsically address the problematic of tilt compensation in yaw estimation, such as
Madgwick and Mahony �lters. These two �lters are one of the most e�cient algorithms for
orientation estimation. Consequently, we incorporate them into our study, implementing and
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Figure V.12: High-level block scheme describing the dataset collection process

recording their outcomes for comparison with our proposed solution. Figure V.12 provides
an overview of the dataset collection process.

It is important to note that both the Madgwick and Mahony �lters are constant gain
�lters. Therefore, their performance is dependant on the selected gain value. In order to
provide a fair qualitative comparison, we chose the gains that minimize the Root Mean
Square Error (RMSE) of the estimation for each �lter.

In the Madgwick �lter, the only tunable parameter β serves as a trade-o� factor
which determines when the gyroscope measurements take over accelerometer measurements.
Additionally, it is necessary to de�ne the initial estimates for both attitude and biases.
Assuming the sensor is at rest, the initial attitude can be set to zero. As for biases, they are
determined by averaging samples collected while the IMU is stationary.

Within the Mahony �lter, increasing the proportional gain, Kp, enhances the system's
ability to respond to noise. However, an excessively large Kp can induce oscillations in the
estimation process. Conversely, the integral component accumulates the error term over
time, causing even minor errors to gradually increase the integral component. In our study,
we employ a very small value for Ki to mitigate this e�ect.

V.4.4 ANN architecture and Training

The architecture of a neural network plays a crucial role in its performance. The con�guration
of input and output layers is directly related to the number of features and outputs, which,
in our case, are 6 and 1, respectively. However, there is no one-size-�ts-all solution for
de�ning the best internal architecture, as it depends on the speci�c problem at hand and the
data available. A typical strategy involves beginning with a basic architecture and gradually
increase its complexity and explore various combinations of parameters like the number of
hidden layers and neurons, activation functions, and optimization algorithms until desirable
performance is attained.

It is crucial to consider a trade-o� between model complexity and generalization
capability. A model that is too simple may under-�t the data, leading to poor performance.
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On the other hand, an excessively complex model may excel in �tting the training data but
struggle to generalize well to new, unseen data.

Prior to training the ANN, the collected dataset goes through a pre-processing. During
this stage, the output is scaled to align with the range of the chosen activation function on the
output layer [187]. Additionally, given the di�erent scales of accelerometer and magnetometer
measurements, it is advisable to normalize input variables. This operation ensures that each
input feature contributes equally in the learning process, preventing features with larger
scales from dominating the learning process [188,189].

In our work, we start with a simple ANN featuring a single hidden layer. Subsequently,
we aim to enhance accuracy by experimenting with varying sizes and depths of the ANN.
Utilizing the Google Colab environment and Python programming language, as illustrated in
Figure V.13, an optimization algorithm is employed to adjust the ANN's weights and biases
based on a suitable metric, known as the loss function. In our case, we opt for the mean
squared error (MSE) between the ANN predicted output and the actual output. Figure V.14
provides a summary of the training process of ANN. Table V.1 contains some of the results
obtained through di�erent ANN architectures.

Figure V.13: Google Colab environment and Python programming language

Table V.1: Some of the obtained results using di�erent ANN architectures

Architecture
Trainable Training MSE Test MSE Training max error Test max error Number of
parameters (deg2) (deg2) (deg) (deg) iterations

[254] 2033 7.97 8.29 64.41 64.54 1000

[12,6] 169 4.72 4.51 132.12 28.03 1000

[24,12] 481 3.98 4.01 33.95 20.00 830

[12,6,4] 195 3.69 3.79 13.79 11.98 610

[12,12,12] 409 3.87 3.90 18.32 8.20 450

[24,12,4] 525 3.73 3.79 8.79 8.72 120

[24,12,4,4] 545 3.68 3.71 9.12 7.58 110

To tackle the issue of over�tting, we employed a widely-used technique called k-fold cross-
validation. This method involves dividing the training dataset into k subsets, or folds, where
one fold is reserved for validation while the remaining k − 1 folds are utilized for training
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Figure V.14: Scheme of ANN training process

the model. This procedure is repeated k times, ensuring each fold serves as the validation
set exactly once. The �nal evaluation metric is then calculated as the average of the metrics
obtained across all folds [186].

We observed that increasing the number of hidden layers beyond two did not yield
signi�cant improvements in the MSE. However, employing three hidden layers notably
reduced the maximum error on both training and test datasets. While it's generally
acceptable to use the same number of neurons for all hidden layers [186], our experimentation
revealed that employing a larger �rst layer followed by smaller subsequent layers led to
superior performance in our case. Optimal results were achieved with three hidden layers
comprising 24, 12, and 4 neurons, as illustrated in Figure V.15. These �ndings are
summarized in Figure V.16, where all parameters are normalized for visualization in the
same 3D graph.

The choice of activation functions signi�cantly in�uences the properties and performance
of ANNs, as they are responsible in introducing non-linearity to the network. While the
sigmoid function is commonly employed for this purpose [190], we have tested in our work
several activation functions and the best performance was attained using the hyperbolic
tangent (tanh) function for all layers.

The tanh function is an activation function that is renowned to perform well in many
applications, particularly in image and speech recognition. It exhibits smoothness, continuity,
and di�erentiability, mapping inputs to a range between -1 and 1. Unlike the sigmoid function,
the tanh function yields a zero-centered output, facilitating convergence during the training
phase. Its e�ectiveness in deep learning scenarios, where networks with multiple hidden layers
are used to learn complex representations of the input data, has been well-documented [191].
Therefore, the selection of the tanh activation function in our study is not surprising, given
our utilization of a neural network with multiple hidden layers to learn a complex mapping
between the sensor measurements and the yaw angle.

For the optimization algorithm, we employed two well-known algorithms; Stochastic
Gradient Descent (SGD) and Adaptive Moment Estimation (Adam). Unlike the traditional
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Figure V.15: ANN's adopted architecture
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Figure V.16: Performance comparison between di�erent ANN architectures

Gradient Descent, SGD does not iterate over the entire training set to update parameters at
each iteration. Instead, it tracks the negative gradient of the loss function after encountering
either a single sample or a small set of samples. Thus, SGD tackles the issue of the high
computational cost. However, the primary challenge with SGD lies in selecting an appropriate
learning rate, where a small rate results in slow convergence, while a large one can cause the
loss function to �uctuate around the minimum or even to diverge [192].

The Adam algorithm addresses this concern by calculating adaptive learning rates for
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each parameter. It achieves this by estimating the �rst and second moments of the gradient,
allowing Adam to utilize a larger e�ective step size [193]. Figure V.17 depicts the training
loss at each epoch with the two algorithms. Both algorithms have converged to the same
optimal solution with a noticeably quick convergence for Adam optimizer.
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Figure V.17: Training loss history with Adam and SGD optimizers

V.5 Results and Discussion

Table V.2 presents the statistical outcomes obtained from for the evaluation of the trained
ANN using the test dataset, which constitutes 20% (41260 samples) of the entire collected
dataset. The RMSE and the maximum error metrics of the four methods were computed to
evaluate the e�ectiveness of the trained model.

Table V.2: Statistical results and computational time of the four methods

Method RMSE (deg) Maximum error (deg) Average execution time (µs)

Conventional 10.42 54.28 5.99

Madgwick 6.10 40.93 130.83

Mahony 7.92 55.74 76.11

ANN 1.95 8.72 3578.82

Based on the �ndings, the RMSE of the proposed ANN, which measures the dispersion of
estimation errors, is relatively smaller in comparison to alternative methods. This suggests
that the trained ANN demonstrates high accuracy in predicting output values for new,
unseen inputs. While the maximum measured error is approximately 8◦, signifying instances
where predictions deviate considerably from actual values, it still represents a noticeable
enhancement compared to other methods whose maximum error exceeds 40◦.
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Figure V.18 showcases the Cumulative Distribution Functions (CDFs) of the yaw
estimation error obtained by the di�erent approaches using the testing dataset. Interestingly,
over 70% of error occurrences yielded by the ANN are below 2◦. Conversely, conventional
tilt compensation method, Madgwick, and Mahony �lters exhibit comparable performances
with over 30% of error occurrences exceeding 5◦, as depicted in Figure V.19, which outlines
the yaw estimation error statistics obtained by the four methods.
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Figure V.18: CDFs of yaw estimation error obtained by the four methods
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Figure V.19: Histograms of the four methods estimation errors

An examination was conducted to assess the computational e�ciency of the four methods.
The trained ANN was implemented on the Raspberry Pi 3b+ utilizing the TensorFlow library.
The �ndings of this analysis are detailed in Table V.2, which presents the corresponding
execution times for each of the four methods. It was noted that the proposed ANN
necessitates a considerably longer processing time compared to the other three methods.
Speci�cally, the runtime of the ANN was estimated to be approximately 3 ms, whereas the
execution times for the two CFs and the conventional tilt compensation method were observed
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to be around 100 µs and 10 µs, respectively.

To visually depict these results, Figure V.20 is presented. It o�ers a concise overview of
the comparisons among the four methods. All parameters have been normalized to facilitate
clearer visualization within a single 3D graph.
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Figure V.20: Performance comparison summary

In summary, our proposed ANN demonstrates superior accuracy in comparison to the
conventional tilt compensation method, Madgwick, and Mahony �lters. Nonetheless, this
superior performance comes at the cost of a more complex system, leading to extended
computational time. Hence, while our approach excels in accuracy, it may not be the optimal
choice for applications prioritizing real-time processing or low computational requirements.

However, there remain several limitations that need to be tackled to enhance the
e�ectiveness and generalization capabilities of our proposed solution. A primary challenge in
ML-based approaches is the availability of large and diverse datasets. Although we employed a
relatively large dataset for training, its limited diversity may in�uence the ANN's performance
on unseen scenarios. To address this concern, we plan to use a pan-tilt unit for precise
positioning in two axes, enabling precise data labelling for training in both static and dynamic
modes.

While our proposed ANN can accurately estimate tilt using accelerometer data alone, this
method can provide reliable results only when the sensor remains stationary or experiences
minimal acceleration. However, in various scenarios, the inclusion of gyroscope data as
inputs becomes imperative. Furthermore, our study employed a non-magnetic platform,
eliminating interference with magnetometer readings. Yet, in practical applications, magnetic
disturbances often emanate from nearby materials and electromagnetic systems.
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V.6 Conclusion

In this chapter, we introduce an AI-based approach for addressing one aspect of orientation,
speci�cally tilt compensation in yaw estimation. We initially highlight the limitations
of the conventional tilt compensation method and subsequently propose an ANN that
utilizes accelerometer and magnetometer measurements as features, eliminating the need
for complicated calibration procedures. Notably, our proposed solution eliminates the need
to estimate pitch and roll angles.

To achieve optimal outcomes, we explore various ANN architectures and con�gurations,
paying particular attention to the dataset collection process. We then compare the
performance of our proposed solution with that of the conventional tilt compensation method
and two well-established CFs, namely Madgwick and Mahony �lters. Our �ndings indicate
that the proposed solution surpasses existing methods in terms of accuracy, boasting an
RMSE of 1.95◦ and over 70% of error occurrences being below 2◦. However, it's worth noting
that the ANN's average execution time exceeds that of other methods.

Looking ahead, we aim to further evaluate our proposed solution using dynamic platforms
such as Unmanned Aerial Vehicles (UAVs) to conduct additional tests. Furthermore, we
intend to implement the proposed ANN on platforms equipped with high-speed parallel data
processing capabilities, such as �eld-programmable gate arrays (FPGAs).

Overall, this chapter presents a promising solution for tilt compensation in yaw estimation
utilizing low-cost IMUs and the Raspberry Pi platform. The performance of our proposed
solution outperforms that of existing methods in terms of accuracy, and further evaluations
are planned to assess its performance in dynamic scenarios.
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Chapter VI
Conclusions

Acknowledging the urgent need to enhance productivity, sustainability, and e�ciency in our
country's agricultural sector, it is imperative for our farmers to adopt modern precision
agriculture techniques, which often involve the use of autonomous agricultural vehicles.

This dissertation focuses on two primary aspects related to autonomous agricultural
vehicles: position and orientation estimation. Notwithstanding the availability of various
solutions on the market, our work aims to develop cost-e�ective and innovative solutions
that are accessible to our farmers. The work presented in this thesis represents a pivotal
�rst step towards the development of accessible solutions for positioning and orientation
estimation in agricultural vehicles.

VI.1 Findings and Contributions

VI.1.1 For Positioning

We proposed to explore the potential of employing GPS-based relative positioning approaches
for agriculture applications as an alternative to traditional absolute positioning solutions.
To achieve this, we implemented three approaches in real-time, namely, Absolute Position
Di�erencing (APD), Pseudorange Single Di�erencing (PSD), and Pseudorange Double
Di�erencing (PDD), using low-cost modules.

Real-world experiments have been conducted in various settings, including agricultural
�eld, to evaluate the e�ectiveness of these approaches in typical agricultural environments.
The key �ndings are as follows:

� The PDD approach yielded the most favorable results in agricultural �eld, with
over 97% of estimation errors remaining below 3m. This represents a signi�cant
enhancement in positioning accuracy compared to standalone GPS positioning, which
typically o�ers accuracy within the range of 10 to 15m when using low-cost single-
frequency GPS receivers;
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� In regions lacking wide-area DGPS services, like Algeria, the level of accuracy achieved
by the PDD approach is comparable to that provided by the Wide Area Augmentation
System (WAAS) service within the USA;

� The level of accuracy yielded by the PDD approach enables the e�ective execution of
various operations, including variable-rate application, soil and yield data referencing,
tillage, certain types of fertilizer and chemical application, and seeding. However, tasks
requiring extremely high accuracy in positioning may pose challenges for the proposed
solution.

VI.1.2 For Orientation

Furthermore, beyond the knowledge of the current position, understanding the orientation of
agricultural vehicles is fundamental for e�ective navigation. While existing algorithms have
proven to be e�ective in determining pitch and roll angles, the estimation of the yaw angle
presents signi�cant challenges due to various factors.

Our research focuses on one of these factors, speci�cally tilt compensation in yaw
estimation, employing a low-cost IMU. We assess the conventional tilt compensation method
and subsequently introduce an AI-based solution, comparing its performance to established
methods. The primary �ndings are outlined below:

� Through a series of experiments, we identify limitations in the conventional tilt
compensation method, particularly for large tilt angles and when the IMU is pointing
toward the east or west directions;

� We present an innovative machine learning-based approach as an alternative, employing
an arti�cial neural network (ANN) that utilizes accelerometer and magnetometer
measurements as input features;

� Our comparative analysis demonstrates that the proposed solution surpasses existing
methods in terms of accuracy, achieving an RMSE of 1.95◦ and with over 70% of errors
b being less than 2◦. However, it's worth noting that the average execution time of the
ANN is higher compared to other methods.

VI.2 Recommendations for Future Work

VI.2.1 For Positioning

Overall, the conducted real-world experiments represent a signi�cant advancement towards
actual precision agriculture applications. Hence, our proposed system is expected to serve
as a practical positioning solution applicable to both aerial and ground vehicles, particularly
in regions where farmers face challenges a�ording expensive existing positioning solutions.
Nevertheless, there is scope for further exploration and improvement to enhance performance
in the future.
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Our forthcoming e�orts will involve a more thorough evaluation of the proposed
solution through additional experiments, focusing particularly on high dynamics scenarios.
Additionally, we plan to expand our assessment of the low-cost system by incorporating more
than two nodes to validate the e�cacy of the proposed GPS data transmission approach.

Furthermore, our future work aims to enhance the robustness of the proposed positioning
system by incorporating more advanced techniques such as sensor fusion or dead reckoning,
particularly in order to tackle the issue of GPS signals discontinuity. Exploring new AI
methods to mitigate uncorrelated errors such as receiver noise and multipath interference
presents another good option for complementing our existing research.

VI.2.2 For Orientation

One of the signi�cant limitations of the research concerning the tilt-compensation in yaw
estimation is the strong dependence on the quality of the dataset used to train and test the
ANN. While we employed a relatively large dataset, our intention is to diversify it further by
integrating a pan-tilt unit. This device will facilitate precise positioning in two axes, allowing
for accurate labeling of data for both static and dynamic modes.

Furthermore, the current implementation of the ANN utilizes accelerometer data as input
to capture tilt information. However, this approach may yield reliable results only when the
sensor remains stationary or experiences minimal acceleration. In other scenarios, integrating
gyroscope data becomes essential. Additionally, our work employs a basic calibration method
due to the use of a non-magnetic platform. To address this, we plan to adopt a more
sophisticated calibration algorithm capable of mitigating magnetic disturbances commonly
encountered from nearby materials and electromagnetic systems.

Additionally, we observed that the ANN has longer computing time compared to other
methods. As a result, our future plans involve implementing the proposed ANN on a platform
equipped with high-speed parallel data processing capabilities, such as a �eld-programmable
gate array (FPGA). This enhancement aims to optimize computational e�ciency and improve
overall performance.
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