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Abstract 

Urban canyons, characterized by their high-rise buildings and dense infrastructure, pose 

significant challenges to Unmanned Ariel Vehicle (UAV) navigation primarily due to the 

obstruction and interference of Global Navigation Satellite Systems (GNSS) signals. 

These challenges include multipath effects, where signals bounce off multiple surfaces 

before reaching the receiver, leading to inaccurate positioning data, and direct signal 

blockage, which causes intermittent loss of satellite visibility. The reliance on GNSS for 

UAV navigation in such environments is further compromised by potential denial of 

service, whether intentional or unintentional, through interference. These limitations 

highlight the need to explore alternative or supplementary navigation technologies to 

ensure the safe and efficient operation of UAVs in urban settings. 

To address these challenges, this research begins by focusing on reducing sensor errors 

in both GNSS and Inertial Navigation Systems (INS). Specifically, data-driven 

approaches have been proposed to mitigate errors from individual sensors. For INS, a 

Gated Recurrent Units (GRU)-based error prediction algorithm, trained on labelled sensor 

data, is utilised to reduce the effects of random walk caused by the sensor’s stochastic 

noise, which accumulates over time. For GNSS, a GRU classification algorithm is 

employed to detect and exclude Non-Line-Of-Sight (NLOS) signals from the list of 

available GNSS satellites. Once NLOS signals are removed, the remaining signals are 

ranked based on their contribution to Geometric Dilution of Precision (GDOP). The top 

10 ranked signals are then used to compute the receiver's position, resulting in improved 

positioning accuracy and greater reliability over time. 

Building on these initial advancements, this thesis proposes a robust federated multi-

sensor fusion architecture to further enhance positioning accuracy. The proposed 

architecture integrates GNSS and INS positioning, with additional enhancements 

provided by GRU-based corrections. Furthermore, Monocular Visual Odometry (VO) 

and a barometer are incorporated to refine positioning in GNSS-degraded environments. 

A novel Bayesian Long Short-Term Memory (LSTM) model with Monte Carlo dropouts 

is introduced to generate stochastic outputs, enabling the system to estimate navigation 

integrity by predicting position distributions and calculating Protection Levels (PL). By 
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quantifying the reliability of navigation data, this approach ensures the safety and 

accuracy required for autonomous UAV operations in complex urban environments. 

The proposed architecture was validated using a comprehensive simulation setup. This 

includes GNSS Hardware-in-the-Loop (HIL) simulations with the Spirent GSS7000 and 

OKTAL-SE Sim3D for realistic modelling of multipath effects, as well as high-fidelity 

VO sensor data generated through AirSim and Unreal Engine. These simulations replicate 

urban canyon scenarios, accounting for variations in GNSS signal quality and adverse 

weather conditions, providing a robust environment to test navigation performance. 

The results indicate significant advancements in UAV navigation, including a 22.1% 

reduction in the 95th percentile horizontal error compared to state-of-the-art federated 

fusion approaches and a 98% reduction in misleading integrity information relative to 

traditional Extended Kalman Filters (EKF). These improvements demonstrate the 

architecture’s ability to deliver accurate, reliable navigation with a quantifiable measure 

of integrity, even in the most challenging urban environments. 

This research has profound implications for the future of Urban Air Mobility (UAM). 

UAM applications, such as passenger air taxis, last-mile deliveries, and emergency 

response, rely on precise and reliable navigation systems to ensure safe operation in urban 

settings. The ability to provide integrity information—quantifying the reliability of 

positioning data—is crucial for regulatory compliance, operational safety, and public trust 

in autonomous aerial systems. By addressing the challenges of GNSS-degraded 

environments and offering a robust framework for navigation with measurable integrity, 

this study lays a strong foundation for UAM. It enables scalable, reliable, and safe 

integration of UAVs into urban airspaces, bringing the vision of autonomous urban 

transportation closer to reality. 
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Chapter 1 Introduction 

1.1 Background and Motivation 

The concept of Urban Air Mobility (UAM) has gained significant traction in the context 

of expanding urbanisation and the ensuing challenges in transportation efficiency and 

sustainability [1]. UAM encompasses the broader framework of integrating air-based 

transportation solutions into urban environments, which includes various types of aerial 

vehicles such as drones, air taxis, and autonomous flying vehicles. Unmanned Aerial 

Vehicles (UAVs) are a subset within this framework, focusing specifically on unmanned 

aircraft used for tasks ranging from delivery services to surveillance and emergency 

response. While UAM represents the overall system and vision for urban air transport, 

UAVs serve as critical components within this system, particularly in addressing specific 

transportation challenges [2]. 

With the relentless pace of urbanisation, the concept of UAM has emerged as an 

innovative solution and a critical element in tackling the growing challenges of urban 

congestion, air quality, and transportation efficiency. The effects of traffic congestion in 

major metropolitan areas are estimated to cost $16.5 billion and rise to $30 billion. New 

road construction to alleviate issues around traffic congestion in areas such as New Jersey, 

USA, is set to cost $220,490 per mile [3]. Therefore, integrating UAVs into urban 

landscapes offers a promising avenue to alleviate ground traffic, reduce pollution, and 

enhance emergency response capabilities [4]. However, the realisation of this vision 

hinges on overcoming significant technological and regulatory hurdles, particularly in 

developing reliable and precise autonomous navigation systems. Drone operations' safety 

and ability to navigate complex urban environments with high accuracy and robustness 

are paramount, underscoring the urgent need for advancements in this field. 
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Figure 1-1 Image of obstructed sky view in downtown Toronto. Source: Author 

The future impact of UAVs on the UK economy and society is also profound, with 

government and industry projections suggesting that UAVs could contribute up to £45 

billion by 2030, representing a 2% boost to GDP [5]. Moreover, drone technologies are 

expected to create over 628,000 jobs, spanning logistics, agriculture, healthcare, and 

public services. The environmental benefits are also notable, with potential reductions of 

up to 2.4 million tonnes of CO2 by 2030. Integrating UAVs into critical sectors, such as 

healthcare (e.g., medical deliveries to remote areas) and law enforcement (e.g., enhancing 

police response times), highlights their growing role in essential services. However, this 

rapid expansion underscores the need for robust and reliable navigation systems. 

Inaccurate positioning could lead to mission failures, safety risks, and economic losses. 

Ensuring precise and resilient navigation, especially in complex environments like urban 

canyons, is therefore crucial to fully realising the potential of UAV technology. 

Urban canyons, characterised by narrow streets flanked by tall buildings, present 

formidable challenges for reliable UAV navigation. This is caused by the canyons' effects 

on Global Navigation Satellite Systems (GNSS) signals [6]. GNSS refers to a 

constellation of satellites that provide real-time positioning and is a core element of 

Positioning, Navigation, and Timing (PNT) systems. PNT encompasses three critical 

components: positioning, which determines a precise location; navigation, which guides 

movement from one point to another; and timing, which ensures synchronisation across 

systems. GNSS constellations, such as Global Positioning System (GPS), Globalnaya 

Navigatsionnaya Sputnikovaya Sistema (GLONASS), and Galileo, transmit signals that 
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enable receivers to determine their position, velocity, and time, thereby supporting the 

PNT framework. However, in urban environments, obstructions can degrade GNSS 

signals, compromising PNT accuracy and affecting the ability of UAVs to navigate 

safely. In urban environments, surrounding structures block, reflect, or diffract signals, 

leading to degraded accuracy or loss of signal. Signal disturbances in urban environments 

are called multipath effects, a term used interchangeably to describe reflected and entirely 

blocked signals. In this thesis, however, we will use 'multipath' exclusively for signals 

that reach the receiver after being reflected. In contrast, entirely blocked signals will be 

termed None-line-Of-Sight (NLOS) and direct signals as Line-Of-Sight (LOS) [7].  

These signal disruptions present a significant challenge for UAVs, which depend heavily 

on accurate positioning and navigation data for safe and efficient operation. When GNSS 

signals are obstructed or reflected, the receiver can no longer accurately calculate the time 

delay between the satellite and the UAV, which is essential for determining the 

pseudorange and thus position. 

The global reliance on GNSS has led to increasing concerns about its vulnerabilities, with 

several national and international initiatives aiming to improve PNT resilience. In the UK, 

efforts by the UK Government and the National Timing Centre to improve economic 

resilience highlight the strategic importance of PNT infrastructure for both civilian and 

defence applications. By investing £36 million, the UK economy is aiming to prepare 

against the potential impact of satellite systems failures [8]. Globally, the recognition of 

GNSS vulnerabilities has spurred research into alternative PNT technologies. The 

European Commission recently published a paper assessing alternative PNT 

technologies, with the aim of protecting critical infrastructure from potential GNSS 

distribution [9]. 

Inertial Measurement Units (IMUs) are sensors to that can help mitigate the position 

accuracy issues affected by signal disturbances. IMUs typically consist of accelerometers 

and gyroscopes, which measure the specific force and angular rotation of the UAV. These 

measurements allow the system to estimate the UAV's position and movement by 

integrating, providing a method to predict the next position even when satellite signals 

are unreliable [10]. The end results are typically referred to as Inertial Navigation System 

(INS). While an IMU provides raw motion data, an INS integrates this data over time to 
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estimate the vehicle's position, velocity, and orientation. However, IMU sensors are 

affected by sensor bias and stochastic noises, which cause drifting of positioning 

predictions over time [11]. Therefore, rather than using each sensor individually or 

individually, methods have been proposed to integrate GNSS and INS together.   

One such method is Kalman Filters (KF), which fuse data from INS and GNSS to generate 

more accurate position estimates [12][13]. KFs play a crucial role by combining the INS's 

relative positioning data with GNSS’s absolute positioning, correcting for the drift and 

errors in the INS over time. This fusion allows for continuous and more reliable 

positioning, even in environments with compromised GNSS signals. There are different 

levels of KF integration, including loosely, tightly and ultra-tightly coupled versions. 

Paper [14] compares the real-world performance difference between loosely coupled and 

tightly coupled architectures. Whilst tightly coupled did improve RMSE positioning 

performance, the performance improvement was at 4.88% in the horizontal direction. 

Therefore, this thesis will focus on the loosely coupled variant, the most dominant 

version.  

While KFs provide a method for fusing GNSS and INS data, they have limitations. In the 

case of a prolonged GNSS outage, the accuracy of the position estimate will degrade over 

time due to drift in the INS, as there is no external reference to correct the errors [15]. 

Furthermore, Kalman filters rely on the assumption that noise in the system is Gaussian, 

which may only sometimes hold in complex environments. These limitations highlight 

the need for alternative approaches, such as data-driven methods, which can leverage 

large amounts of data to improve positioning accuracy. 

The emergence of Machine Learning (ML) offers this data-driven approach to the 

problem. ML's ability to process and analyse vast amounts of sensor data, learn from 

environmental interactions, and make real-time decisions makes it an ideal candidate for 

enhancing UAV navigation in complex urban landscapes [16]. Leveraging data from an 

array of onboard sensors such as GNSS, IMU, Barometer, Camera and ML models can 

aid UAVs navigate difficult environments. However, integrating ML into UAV 

navigation systems for urban canyon environments is challenging due to the high-density 

infrastructure, frequent signal occlusions, and dynamic conditions typical of such areas. 

Environmental factors such as fluctuating weather conditions, varying urban densities, 
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and the dynamic nature of urban spaces also adds complexity to UAV navigation. While 

urban canyons pose unique challenges, other complex environments, such as dense 

forests, indoor industrial facilities, and subterranean settings, also require robust 

navigation solutions. By focusing on urban canyons, this research addresses a 

representative case of environments where GNSS signals are unreliable, and machine 

learning-based approaches can improve robustness.. This includes utilising algorithms 

that can effectively process and interpret the complex and dynamic data typical of urban 

canyons, ensuring real-time responsiveness and decision-making of these systems. 

Some may argue that the rarity of highly dense urban environments and the adaptability 

of future UAV designs might diminish the significance of urban canyons as a navigation 

problem. Moreover, advancing intelligent transportation systems (ITS) could provide 

additional support, such as enhanced infrastructure that aids UAV navigation or improved 

ground-based communication systems that mitigate the impact of GNSS limitations [17]. 

Despite these potential developments and future infrastructure, urban canyons will likely 

remain a significant challenge, particularly in expanding megacities. The increasing 

reliance on UAVs for applications such as emergency response, package delivery, and 

urban monitoring highlights the urgent need for reliable navigation solutions capable of 

operating in complex and dynamic environments.  

By addressing these challenges through the integration of machine learning techniques, 

this thesis is expected to provide real-world impact by enhancing UAV performance in 

critical operations, where consistent navigation is essential. Scientifically, the work will 

contribute by utilising data-driven approaches to improve positioning accuracy, 

robustness, and integrity in environments prone to frequent signal disruptions. From an 

engineering perspective, it will establish a methodology for capturing large datasets in 

diverse conditions, which is vital for training and validating machine learning models. 

These datasets will help ensure that the developed solutions can generalize effectively 

across a wide range of real-world scenarios, supporting broader UAV applications. 

One key aspect of our research is the role of ML models in enhancing robustness. 

Robustness, particularly in navigation systems, is the capacity of these systems to 

maintain accurate and reliable functionality, offering consistent guidance despite 
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environmental changes, disturbances, or measurement fluctuations. The potential of ML 

in this area is of interest [18]. 

Another crucial aspect of our research is the successful training of machine learning 

algorithms, which work on various scenarios. This success heavily depends on large 

datasets, which are important in improving generalisation performance. Techniques such 

as probabilistic modelling and uncertainty quantification are vital for understanding the 

uncertainties inherent in data, which impact the system's reliability and the accuracy of 

its predictions. 

Moreover, replicating various real-world scenarios for testing is costly, and managing the 

independent variables influencing sensor disturbances presents challenges. Therefore, 

conducting integrity analysis is a crucial aspect of building robustness within a multi-

sensor fusion framework, alongside establishing a dependable, realistic framework for 

multi-sensor data generation. Integrating a robust approach with effective uncertainty 

management improves the reliability of ML systems and supports better adaptations to 

new or changing environments. This emphasis on integrity aligns closely with broader 

aviation safety standards, such as those defined by the International Civil Aviation 

Organization (ICAO). 

The ICAO describes critical factors related to the safety of air navigation systems. [19]. 

These definitions are designed to provide a platform of safety standards for aircraft 

operations and include key performance definitions such as Integrity, Availability, 

Continuity, and Accuracy. Each of these parameters plays a vital role in the safe 

navigation of aircraft, including UAVs, within the airspace system. Integrity in sensor 

fusion refers to the trust that can be placed in the correctness of the information the 

navigation system supplies. It is crucial as it implies the system's ability to provide timely 

warnings to users when it should not be used for navigation. Some of the measures of 

Integrity include: 

1. Protection Level (PL): This calculated value provides a bound on the navigation 

system's error with a certain confidence level. The Protection Level ensures that 

the Actual Error does not exceed this bound without an alert. 
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2. Alert Limit (AL): The Alert Limit is the threshold that defines the maximum 

allowable error for the navigation system. If the Actual Error exceeds the Alert 

Limit, the system is considered to have lost integrity, and immediate action or 

alternative measures should be taken. 

3. Actual Error (AE): The Actual Error is the difference between the estimated 

position provided by the navigation system and the actual position of the aircraft. 

The system ideally aims to minimise AE to ensure accurate and reliable 

navigation. 

To better illustrate the relationship between the Actual Error and Protection Level and 

where the Alert Limit falls, the Stanford Diagram is used. It is divided into four quadrants, 

each representing a different state of system integrity: 

• Nominal Operations (Green Zone): This is the ideal state where AE is less than 

PL and AL. The navigation system is operating correctly, and integrity is 

maintained. 

• Misleading Information (Orange Zone): This occurs when AE exceeds PL but 

remains below AL. In this case, the system provides information that could 

potentially mislead the user, but it has not yet reached a critical level that would 

trigger an alert. 

• Hazardous Misleading Information (Red Zone): This is the most critical state, 

where AE has exceeded both PL and AL. The system provides dangerously 

misleading information, and integrity is compromised without an alert. 

• System Unavailable (Yellow Zone): This can occur in two scenarios: either when 

AE is less than AL but greater than PL, meaning the system is unreliable, or when 

AE is more significant than AL and PL, and the system is also providing 

misleading information. In both cases, the system is considered unavailable for 

safe navigation. 
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Figure 1-2 Illustration of a) horizontal protection level and b) Stanford Diagram 

The Stanford Diagram is particularly useful for assessing and ensuring the safety and 

reliability of the GNSS-based navigation systems used by UAVs. It can also be utilised 

for sensor fusion systems to provide a clear visual means to monitor the integrity of the 

navigation system, ensuring that the Actual Error remains within acceptable bounds. This 

tool is invaluable for developers and operators of UAVs for real-time monitoring and 

decision-making, particularly in urban canyon environments where navigation signals can 

be unpredictable and integrity is of paramount concern. 

Integrating UAVs into urban airspaces introduces a complex regulatory landscape that 

must be cared for. Current regulations may need to fully address the nuances of 

autonomous navigation and ML-based systems, creating gaps that pose challenges for 

widespread adoption. Collaborative efforts among stakeholders—including 

technologists, urban planners, and regulatory bodies—are essential to develop 

comprehensive regulations that ensure the safety, privacy, and efficiency of UAM. 

Emphasising regulatory compliance is a legal necessity and a foundational element in 

building public trust and ensuring the successful deployment of UAVs in urban 

environments. 

Therefore, this research is motivated by the need for robust and safe autonomous 

navigation systems for UAVs in urban canyons. With the rapid growth of metropolitan 

areas and the increasing reliance on UAVs for various applications, from delivery services 

to emergency response, navigating safely and effectively in urban canyons is becoming 

increasingly critical. 
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1.2  Research Aim and Objectives 

This thesis aims to explore the use of machine learning in integrity-based sensor fusion 

and to propose, develop and evaluate PNT navigation solutions for UAVs in urban 

environments, achieving cm-level accuracy, reducing GNSS dependency, and enhancing 

positioning performance. Based on the described aim and the outlined challenges in the 

text above, the specific objectives for this thesis are the following: 

• O1: To identify and discuss candidate PNT and fusion technologies for assured 

PNT in safety-critical missions. The performance characteristics of these 

technologies and their complementary aspects will be analysed to support the 

development of an effective fusion solution and identify mechanisms for further 

improvements/adaptation of individual technologies. 

• O2: To propose a robust sensor fusion architecture and underlying technologies 

for UAVs in urban canyons using deep learning approaches based on mission 

specifications: environment, integrity, and accuracy requirements. This method 

will inform the development of performance-based navigation concepts for 

autonomous systems. 

• O3: To develop a sensor simulation environment for data collection and post-

processing of robust sensor fusion architecture. This will provide the ability to test 

the proposed architecture in a repeatable manner for robust analysis of candidate 

fusion systems with existing methodologies. 

• O4: To evaluate the performance of the developed architecture using hardware in 

the loop simulations based on existing performance metrics for comparative 

analysis.  

Addressing these aspects can advance autonomous navigation, paving the way for a more 

robust alternative. 

1.3 Publications 

This section contains a list of conference and journal papers that have either been 

submitted or published, all of which directly impact this thesis's direction and completed 

outcome. The publications are as follows. 

Conference Papers: 



 

23 

• C1. P. Geragersian, I. Petrunin, W. Guo, and R. Grech, “An INS/GNSS fusion 

architecture in GNSS denied environment using gated recurrent unit,” AIAA 

SCITECH 2022 Forum, Jan. 2022, doi: https://doi.org/10.2514/6.2022-1759. 

(Published) 

• C2. P. Geragersian, I. Petrunin, W. Guo, and R. Grech, “Multipath Detection from 

GNSS Observables Using Gated Recurrent Unit,” 2022 IEEE/AIAA 41st Digital 

Avionics Systems Conference (DASC), Sep. 2022, doi: 

https://doi.org/10.1109/dasc55683.2022.9925850. (Published) 

• C3. P. Geragersian, I. Petrunin, W. Guo, and R. Grech, “Uncertainty-based Sensor 

Fusion Architecture using Bayesian-LSTM Neural Network,” AIAA SCITECH 

2023 Forum, Jan. 2023, doi: https://doi.org/10.2514/6.2023-0193. (Published) 

• C4. P. Geragersian, I. Petrunin, W. Guo, and R. Grech, “A Hybrid Deep Learning 

Approach for Robust Multi-Sensor GNSS/INS/VO Fusion in Urban Canyons,” 

Proceedings of the Satellite Division’s International Technical Meeting, Oct. 

2023, doi: https://doi.org/10.33012/2023.19271. (Published) 

Journal Paper: 

• J1. P. Geragersian, I. Petrunin, W. Guo, and R. Grech, “Understanding and 

Mitigating INS Errors using Deep Learning in GNSS-INS Systems,” in IEEE 

Transactions on Intelligent Transportation Systems (Editorial Review Stage ID: 

T-ITS-23-08-2278) 

• J2. P. Geragersian, I. Petrunin, W. Guo, and R. Grech, “Machine Learning-

Enhanced GNSS in Urban Canyons: A Novel Multipath Detection and Signal 

Ranking Approach.”  (Editorial Review Stage ID: VT-2024-01727) 

• J3. P. Geragersian, I. Petrunin, W. Guo, and R. Grech, “Robust Multi-Sensor 

Fusion Scheme (RMSFS) for positioning in Urban Canyons using Machine 

Learning.” (Editorial Review Stage ID: NAVI-2024-035) 

The publications that are featured in this thesis include all the journal papers. Specifically, 

J1 provides an overview of the challenges facing GNSS and IMU sensors, especially in 

the context of Urban Canyons, where heavy reliance is placed on IMU sensors for a long 

duration. An approach is proposed to reduce the INS errors exhibited and investigate the 

environmental effects on the INS error prediction algorithm for a more robust approach. 
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J2 focuses on improving GNSS positioning accuracy when GNSS is available by 

classifying and ranking signals. J1 and J2 introduce a temporal-based machine learning 

approach to solve the mentioned issues. Finally, J1 and J2 are combined in a proposed 

robust fusion scheme detailed in J3. We introduce two additional sensors for improving 

positioning accuracy to the sensor fusion scheme and a novel architecture to fuse the 

information from the corrected sensor position estimates using a Bayesian-LSTM. The 

Bayesian-LSTM provides the fused position estimate, the data's uncertainty, and the 

covariance. This uncertainty is used to calculate the protection level to assess mission 

conditions. Additionally, the algorithm is tested under different weather conditions on the 

same trained ML network to understand the system's robustness.  

1.4 Contributions 

The thesis makes several substantial contributions to autonomous navigation for UAVs 

in urban environments, utilising machine learning techniques to enhance integrity and 

accuracy. The contributions address various aspects of UAV navigation, including error 

correction, multipath detection, and sensor fusion, summarised in logical order as follows: 

• Enhanced INS Error Correction: Introduced the novel application of the INS 

error correction algorithm using a GRU deep-learning architecture. This 

architecture leverages temporal dependencies in INS errors caused by 

accelerometer and gyroscope noises and drifts. The implementation improved 

error reduction, with performance gains of up to 86%.  

• Impact of sensor error fluctuations on trained algorithm: Simulations of 

sensor error fluctuations caused by environmental factors, such as temperature, 

revealed that while the GRU did not eliminate these errors, its effects were 

minimal on the prediction performance, preventing a decline in overall system 

performance. 

• GNSS signal classification using machine learning: Developed a GRU-based 

classification algorithm for GNSS signals, categorising them into Line-of-Sight, 

Non-Line-Of-Sight, and multipath conditions.  

• Signal ranking algorithm: NLOS signal removal method and ranking of the 

remaining signals after classification to optimise Geometric Dilution of Precision 
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(GDOP). This approach, which involves using the top ten satellites for position 

calculation when more than ten remain, achieved a 50% increase in accuracy over 

traditional classifiers like SVMs, demonstrating a reduction in error metrics. 

• Robust Multi-Sensor Fusion Scheme: Proposed a federated multi-sensor fusion 

approach using a stochastic Bayesian-LSTM architecture that includes GNSS, 

IMU, VO, and Barometer sensors. This method enhances fault tolerance 

compared to traditional centralised methods and provides stochastic predictions 

vital for quantifying positional uncertainty. This capability is essential for 

integrity-based applications critical for safety in navigation systems. The 

architecture's robustness was validated under various conditions, including 

changing weather and GNSS multipath scenarios. 

• Integrity evaluation using PL calculation: Utilised the stochastic output from 

the Bayesian-LSTM algorithm to calculate the protection level and map these to 

the Stanford diagram to compare against state-of-art architectures 

• Hardware-In-the-Loop data collection environment: Created a HIL simulation 

system, incorporating UAV simulation in urban canyon to collect a range of data 

from different visual/non-visual sensors (either simulated or HIL-based) for large 

and diverse dataset to train ML networks for better generalisation.  

These advancements collectively push forward the capabilities of UAV navigation 

systems in urban environments, providing a strong foundation for future research and 

application in enhancing autonomous vehicular integrity and accuracy. 

1.5 Thesis Outline 

This thesis comprises previous journal papers, where chapters five through seven each 

represent an individual paper that has been published or is under consideration for 

publication. Consequently, each chapter functions as an independent unit, with its 

introduction that sets the research stage and literature review and leads into detailed 

methodologies, results, discussions, and conclusions. This approach offers a clear and 

logical arrangement of the research content, enabling a focused exploration of the 

different aspects of the study within each chapter. Chapter two is an introduction to GNSS 

and the related problems of GNSS in urban canyons. Chapters three and four discuss the 
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evolving requirement for algorithms that can model complex relations and the use of 

hardware-in-the-loop simulation for generating datasets. Chapters five and six identify 

mechanisms to improve INS and GNSS positioning by adding an error correction method 

to counter the effects of drifting and removing NLOS signals, respectively. The literature 

review identified this as a point of further investigation and improvement. Chapter seven 

focuses on developing a robust sensor fusion architecture, which incorporates findings 

from chapters four and five as the first steps of the federated scheme. The second part of 

the scheme is local filtering to provide continuous positioning from GNSS/INS. Lastly, 

the local filter plus additional sensors are fused to provide positioning data and 

uncertainty in the data. This was identified in the literature as a step that needs to be 

developed, especially in ML techniques, which typically provide deterministic outputs 

and make it challenging to obtain uncertainties. The uncertainty estimate, hence, provides 

a way to measure the system's integrity needed for drones to operate autonomously in 

densely populated environments. Chapter eight discusses the proposed implementations 

and their success and further improvements. Lastly, chapter nine is the conclusion of the 

thesis. 
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Chapter 2 Introduction to GNSS 

positioning 

This chapter introduces the fundamentals of Global Navigation Satellite Systems 

(GNSS), tracing their evolution from military origins to widespread civilian applications. 

It explains the principles of GNSS positioning through trilateration and the least squares 

method while addressing key error sources such as atmospheric delays, multipath 

interference, and satellite geometry. The chapter highlights error mitigation techniques, 

including dual-frequency receivers and augmentation systems. It introduces the 

integration of GNSS with Inertial Navigation Systems (INS) to improve accuracy in 

GNSS-denied environments. 
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2.1 Introduction to Global Navigation Satellite Systems 

GNSS is a technology that is utilised extensively in everyday life [20]. From its initial 

concept as a positioning system for military operations in the 1980s [21] to today’s vast 

use cases, such as timing information utilised in the New York Stock Exchange [22] and 

National Grid for coordinating the phase of alternating current across the network [23]. 

Therefore, its consistent and accurate operation is essential in daily life. 

The origins of satellite navigation trace back to the late 1950s, when the Soviet Union 

launched Sputnik I, the first artificial satellite. Scientists tracking its signals noted that the 

Doppler shift in its transmitted frequency could be used to determine its position [24]. 

This realisation set the foundation for satellite-based navigation, which later evolved into 

comprehensive systems for global positioning. The first operational system, the Global 

Positioning System (GPS), was developed by the United States Department of Defense 

in the 1970s [25]. Initially intended for military applications, GPS became publicly 

accessible in the 1980s, enabling its adoption for civilian use worldwide. Subsequent 

development of other systems, including GLONASS (Russia), Galileo (European Union), 

and BeiDou (China), has expanded global coverage and improved system redundancy. 

Global Navigation Satellite Systems operate by determining a user’s position through a 

process known as trilateration. Satellites in orbit transmit radio frequency signals, 

including their position and precise transmission time. A GNSS receiver calculates the 

distance to each satellite by measuring the time delay between signal transmission and 

reception. These distances, known as pseudoranges, are combined to compute the user’s 

position relative to the satellites. With signals from at least four satellites, the receiver can 

solve for its three-dimensional position (latitude, longitude, and altitude) and clock bias, 

an error introduced by the receiver’s internal clock. 

The fundamental equation governing GNSS positioning is derived from the propagation 

of electromagnetic waves. Assuming a signal travels at the speed of light, c, the 

pseudorange  𝜌  to a satellite is expressed as [26]: 

𝜌 = 𝑐 ⋅  (𝑡𝑟 − 𝑡𝑠) + 𝑐 ⋅ Δ𝑡 (2.1) 

where  𝑡𝑠  is the satellite transmission time,  𝑡𝑟  is the reception time, and Δ𝑡  accounts for 

the receiver clock bias. For simplicity, this equation does not initially include error 
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sources. The receiver calculates 𝜌  for multiple satellites and solves a system of nonlinear 

equations to estimate its position (x, y, z) and clock bias  𝑐 ⋅ Δ𝑡 . Expanding the system 

of equations: 

𝜌𝑖 = √(𝑥 − 𝑥𝑖)2 + (𝑦 − 𝑦𝑖)2 + (𝑧 − 𝑧𝑖)2 + 𝑐 ⋅ Δ𝑡 (2.2) 

Here,  (𝑥𝑖, 𝑦𝑖, 𝑧𝑖) represents the coordinates of each satellite, and  𝜌𝑖  represents the 

pseudorange to each satellite. Solving this system requires numerical techniques such as 

least squares estimation. 

2.2 Least Squares Approach in GNSS Positioning 

For 𝑛 satellites, the system of equations becomes overdetermined, as there are more 

equations than unknowns. This overdetermination allows for the minimization of 

measurement errors using the least squares approach, a standard method in GNSS 

positioning. The least squares approach estimates the receiver’s position and clock bias 

by minimizing the sum of the squared residuals between the measured pseudoranges and 

the modelled pseudoranges. To achieve this, the pseudorange equations are linearized 

using a Taylor series expansion around an initial approximate position ( 𝑥̂, 𝑦̂, 𝑧̂, Δ𝑡̂ ). The 

linearized form of the pseudorange equation for the  i -th satellite is expressed as [27]: 

Δ𝜌𝑖 =
𝜕𝑝𝑖

𝜕𝑥
Δ𝑥 +

𝜕𝑝𝑖

𝜕𝑦
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𝜕𝑝𝑖

𝜕𝑧
Δ𝑧 +

𝜕𝑝𝑖

𝜕Δ𝑡
ΔΔ𝑡 (2.3) 

Where Δ𝑝𝑖 = 𝑝𝑖 − 𝑝̂𝑖 represents the difference between the measured pseudorange 𝑝𝑖 and 

the modelled pseudorange 𝑝̂𝑖 and Δ𝑥, Δ𝑦, Δ𝑧, ΔΔ𝑡 are corrections to the approximate 

position and clock bias. The partial derivatives, which define the geometry of the satellite-

receiver system, are calculated as follows: 
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𝜕𝑝𝑖

𝜕Δ𝑡
= 𝑐 (2.4) 

Here 𝜌̂𝑖 = √(𝑥̂ − 𝑥𝑖)2 + (𝑦̂ − 𝑦𝑖)2 + (𝑧̂ − 𝑧𝑖)2 is the modelled pseudorange based on the 

approximate position. 

For satellites, this system of linearised equations can be expressed in matrix form: 

𝚫𝝆 = 𝑯𝚫𝒑 
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where  𝚫𝝆 is the vector of pseudorange residuals,  𝚫𝒑 is the vector of corrections to the 

approximate position, and  𝑯 is the design matrix containing the partial derivatives for 

each satellite: 

𝐻 =

[
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(2.5) 

The least squares solution to this linearized system is obtained by solving the normal equation: 

𝚫𝒑 = (𝑯𝑻𝑯)−𝟏𝑯𝑻𝚫𝝆 (𝟐. 𝟔) 

The solution provides corrections to the initial position estimate, which are iteratively 

applied until the residuals converge to within a predefined threshold. The iterative process 

ensures that the final solution closely approximates the true position and clock bias. 

The effectiveness of the least squares approach depends on several factors, including the 

quality of the pseudorange measurements and the spatial distribution of the satellites, 

quantified by the Geometric Dilution of Precision (GDOP). Favourable satellite geometry 

reduces the amplification of measurement errors, improving the reliability of the solution. 

However, limitations arise from unmodeled errors such as multipath interference and 

atmospheric delays. These sources of error introduce biases in the measured 

pseudoranges, which can propagate through the least squares solution and affect 

positional accuracy. 

The least squares approach is fundamental to GNSS positioning by providing a 

framework for incorporating multiple measurements and minimizing their discrepancies. 

Its implementation highlights the interplay between measurement models, numerical 

methods, and error mitigation strategies in achieving accurate and reliable navigation 

solutions. 

2.3  GNSS errors 

GNSS signals, however, do not propagate through an ideal environment. Numerous error 

sources introduce inaccuracies into the measurements, necessitating correction models or 
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augmentation systems to achieve precise positioning. Errors in satellite clock and orbital 

parameters affect the transmitted signals. While satellite clock drift is corrected through 

synchronization with atomic clocks, ephemeris errors arise from deviations in predicted 

orbital positions, which are regularly updated by ground control [28]. 

GNSS signals, however, do not propagate through an ideal environment. Numerous error 

sources introduce inaccuracies into the measurements, necessitating correction models or 

augmentation systems to achieve precise positioning. Errors in satellite clock and orbital 

parameters affect the transmitted signals. While satellite clock drift is corrected through 

synchronization with atomic clocks, ephemeris errors arise from deviations in predicted 

orbital positions, which are regularly updated by ground control. 

Other sources of error include ionospheric and tropospheric delays, which occur as the 

signal traverses the Earth’s atmosphere. The ionospheric delay is caused by the interaction 

of GNSS signals with free electrons in the ionosphere, leading to frequency-dependent 

refraction. Tropospheric delay arises from the refraction of signals in the neutral 

atmosphere, primarily due to variations in pressure, temperature, and water vapor content. 

Multipath effects, caused by signals reflecting off surfaces such as buildings, water, or 

the ground before reaching the receiver, introduce distortions and positional errors. 

Receiver noise, resulting from imperfections in the electronic components of the GNSS 

receiver, further contributes to inaccuracies. 

Additionally, errors can arise from satellite geometry, quantified by Geometric Dilution 

of Precision (GDOP). Poor satellite geometry—where satellites are clustered in one part 

of the sky rather than distributed across a wide field of view—can amplify the impact of 

measurement errors. User-Equivalent Range Errors (UERE), which aggregate various 

sources of signal distortion and noise, ultimately affect the computed position. Lastly, 

human and system-induced errors, including signal processing inaccuracies, software 

bugs, and incorrect configurations, can degrade GNSS performance. 

Each of these error sources is addressed to varying degrees through advanced correction 

techniques and augmentation systems, ensuring GNSS can deliver reliable positioning 

and navigation services across diverse environments and applications. 
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2.4 Error Mitigation Techniques in GNSS 

Numerous error mitigation techniques have been developed over time to enhance the 

accuracy and reliability of GNSS. These techniques address a variety of error sources, 

including ionospheric and tropospheric delays, satellite clock drift, ephemeris errors, and 

receiver noise. Despite significant advancements, certain challenges—such as multipath 

effects—remain difficult to eliminate fully [11]. 

One of the most widely used methods to mitigate ionospheric errors is the use of dual-

frequency GNSS receivers [29]. The ionospheric delay can be estimated and corrected by 

comparing the propagation delays of signals transmitted on two different frequencies 

(commonly referred to as L1 and L2 in GPS). This approach exploits the dispersive nature 

of the ionosphere, where the delay is inversely proportional to the square of the signal 

frequency. 

Tropospheric delays, in contrast, are largely non-dispersive and require empirical models 

or real-time atmospheric data for correction. Models such as the Hopfield and 

Saastamoinen models estimate tropospheric delay based on pressure, temperature, and 

humidity data [30]. Advanced receivers may also use local meteorological measurements 

to improve accuracy. 

To address satellite-related errors, Satellite-Based Augmentation Systems (SBAS), such 

as the Wide Area Augmentation System (WAAS) in the United States and the European 

Geostationary Navigation Overlay Service (EGNOS) in Europe, provide correction 

signals [31]. These systems monitor GNSS satellites from a network of ground stations, 

compute corrections for satellite clock and orbital errors, and transmit them to users in 

real-time. For applications requiring even higher precision, Real-Time Kinematic (RTK) 

GNSS is commonly employed. RTK uses a fixed base station with a known position to 

provide centimeter-level corrections to nearby receivers by transmitting differential 

corrections [32]. 

Another notable development is the use of multi-constellation and multi-frequency 

GNSS. By leveraging signals from multiple constellations—such as GPS, GLONASS, 

Galileo, and BeiDou—users gain redundancy and improved accuracy, especially in 

challenging environments where signals from one system may be obstructed. Similarly, 
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multi-frequency capability allows for more robust mitigation of ionospheric effects and 

better handling of multipath errors [33]. 

Despite these advancements, environment-related errors—particularly multipath 

interference—remain one of the most persistent challenges in GNSS positioning. These 

errors occur when GNSS signals reflect off surfaces such as buildings, trees, water, or the 

ground before reaching the receiver, leading to distortions in the measured pseudorange. 

The receiver cannot distinguish between the direct and reflected signals, resulting in 

inaccuracies. Multipath errors are especially problematic in urban environments, where 

tall structures create complex signal reflections, and in areas near water bodies, where 

specular reflections exacerbate the issue 

2.5 .Multipath Issues in GNSS 

 

Figure 2-1 Visual illustration of signal propagation in urban canyons under different 

conditions (LOS, multipath propagation, NLOS) 

Multipath interference is a significant challenge in GNSS systems, arising from the 

interaction of signals from the same satellite that have travelled along different paths 

before reaching the receiver. These signal paths include the direct line-of-sight (LOS) 

path, as well as reflected and diffracted paths, which contribute to interference. 

Understanding the propagation of these signals is crucial for mitigating their impact on 

GNSS accuracy [34]. In multipath scenarios, the key signal categories are: 
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2.5.1 Line-of-Sight Signals 

The Line-of-Sight signal is the ideal case in GNSS, where the signal travels along the 

shortest, unobstructed path from the satellite to the receiver. It experiences minimal 

distortion aside from the delays caused by ionospheric and tropospheric effects, which 

can be corrected using models or augmentation systems. The direct signal is the most 

accurate source of information for calculating the pseudorange and, by extension, the 

user’s position. 

For accurate positioning, the receiver assumes that the measured pseudorange 

corresponds to the direct signal. Any interference from reflected signals alters the timing 

information and causes errors. The strength and integrity of the direct signal depend on 

the satellite’s visibility and the receiver’s environment. In open environments with a clear 

view of the sky, the direct signal is dominant and reliable. However, in urban areas or 

dense forests, the direct signal may be weakened or blocked entirely, increasing the 

likelihood of multipath interference. 

2.5.2 None Line-of-Sight Signals 

The None Line-of-Sight signal is a version of the satellite signal that has bounced off a 

surface—such as a building, water body, or the ground—before reaching the receiver. 

Because the None Line-of-Sight signal travels a longer path, it introduces a delay relative 

to the direct signal. This delay is the primary cause of multipath error, as the receiver 

cannot always distinguish between the direct and reflected signals. 

None Line-of-Sight signals are particularly problematic in environments where surfaces 

are smooth and specular, such as glass buildings or calm water bodies, which create strong 

reflections. These reflections can appear similar to the direct signal in terms of amplitude 

and frequency, making them difficult to filter out using conventional methods. The phase 

of the reflected signal may also be shifted depending on the reflection angle and the 

surface material, further complicating its impact on the receiver. 

2.5.3 Multipath Signals 

Multipath signals refer to multiple signals from the same satellite that have taken different 

paths—typically including the direct and one or more reflected paths—before reaching 
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the receiver. Unlike the simple distinction between direct and reflected signals, multipath 

involves a scenario where the receiver is processing a composite of signals arriving at 

slightly different times and phases. These signals can combine constructively or 

destructively, depending on their relative amplitudes and phases, leading to complex 

distortions.  

Multipath effects manifest in two primary ways: 

• Code-Phase Multipath [35]: In code-based GNSS receivers, which measure 

pseudoranges based on the time delay of the signal code, multipath causes the 

receiver to detect a composite signal. This results in errors that typically range 

from a few meters to tens of meters. 

• Carrier-Phase Multipath [36]: For high-precision GNSS receivers, which rely on 

the phase of the carrier wave, multipath introduces phase ambiguities. Although 

the carrier-phase errors are generally smaller (on the order of centimeters to 

decimeters), they are more critical in applications like geodetic surveys and 

autonomous systems. 

The severity of multipath depends on factors such as the satellite-receiver geometry, the 

number of reflective surfaces in the environment, and the receiver’s signal processing 

capabilities. Multipath is particularly challenging in environments where signals are 

reflected from multiple surfaces, creating numerous delayed replicas of the direct signal. 

2.6 Inertial Navigation System/Inertial Measurement Unit 

INS can be utilised with GNSS information to mitigate some of the accuracy issues 

related to GNSS-based navigation and improve receiver localisation. This is commonly 

referred to as INS/GNSS fusion [37]. However, INS also exhibits inherent errors that can 

affect the accuracy of the combined system. These errors include bias, drift, and noise in 

Inertial Measurement Units (IMUs) and errors in the INS integration algorithm.  

The distinction between IMU and INS is essential. An IMU provides raw data on linear 

acceleration and angular velocity, whereas an INS utilises this data to compute position, 

velocity, and orientation relative to a known reference frame. The errors in inertial sensors 

are typically modelled as a random walk process, a statistical model in which the error 

grows over time as the square root of the elapsed time [38]. This type of error is referred 



 

36 

to as "white noise" due to its flat power spectral density, meaning that it is equally 

distributed across all frequencies. The random walk model is often used to represent the 

errors in gyroscopes and accelerometers, which can accumulate over time and result in a 

drift in the estimated orientation and position [11]. 

Under nominal circumstances, INS and GNSS errors are independent of each other. As 

such, the integration of these systems can improve navigational accuracy and reliability 

[39]. However, in Urban Canyons, where GNSS availability is limited, the integration 

will consist of either heavily degraded GNSS performance or no GNSS positioning. 

Given the errors mentioned above, this will cause a drift in position and a reduction in the 

availability or accuracy, impacting mission safety [7]. Therefore, providing error 

corrections for INS position and velocity estimates throughout the GNSS outage is 

beneficial to continue the mission. 

Various error correction techniques have been proposed in the literature to enhance the 

accuracy and availability of navigation schemes dependent upon GNSS and INS. These 

techniques can be classified into filtering, non-linear optimisation, and machine learning 

[40]. Kalman filtering is a well-known approach for combining multiple sensors and 

modelling the uncertainty of the estimates [41]. Non-linear optimisation methods such as 

least squares and maximum likelihood estimate the optimal solution by minimising the 

residual error between the measurements and the model [42]. Machine learning 

techniques, on the other hand, can learn patterns and relationships from data and make 

predictions or decisions based on these patterns [43]. The integration of INS using some 

of these techniques will be discussed further in the next chapter.  

2.7 Conclusion 

This chapter has introduced GNSS, detailing the evolution of GNSS from its military 

origins to its widespread civilian use. Key principles of GNSS positioning, such as 

trilateration and the least squares method, were explained alongside error sources and 

mitigation techniques. The persistent challenge of multipath interference, particularly in 

urban environments, was highlighted, emphasizing the need for robust correction 

methods. INS was introduced as a complementary system to GNSS, capable of providing 

continuous navigation in GNSS-denied environments, albeit with its own inherent errors. 
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The integration of these two systems forms the foundation for reliable positioning 

solutions, setting the stage for advanced techniques discussed in subsequent chapters. 
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Chapter 3 Evolution of Sensor 

Integration Techniques: Deep 

Learning Techniques for 

Sensor Fusion 

This chapter explores the evolution from traditional KF-based methods to advanced Deep 

Learning (DL) approaches for GNSS-INS integration. It introduces the foundational 

concepts of Artificial Intelligence (AI), ML, and DL, highlighting their distinctions and 

interrelationships. Subsequently, it reviews existing methods for GNSS-INS integration, 

discussing their advantages and inherent limitations. Finally, it delves into how DL, 

especially Recurrent Neural Networks (RNNs), offers promising solutions to overcome 

the challenges posed by traditional methods, particularly in scenarios where GNSS 

signals are unreliable or unavailable. 
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3.1 Introduction to Artificial Intelligence, Machine Learning, and Deep 

Learning 

3.1.1 Artificial Intelligence  

Artificial Intelligence (AI) is a multidisciplinary field that aims to create machines or 

systems capable of performing tasks that typically require human intelligence. These 

tasks encompass reasoning, learning, decision-making, perception, and natural language 

processing [44]. AI systems are designed to interpret complex data, adapt to new inputs, 

and perform human-like functions, augmenting or replicating human cognitive abilities. 

AI can be broadly categorised into two types: 

• Narrow AI: Systems engineered to perform tasks proficiently, such as facial 

recognition, speech recognition, or strategic game playing. These systems operate 

within a limited scope and cannot generalise their intelligence to unrelated 

domains [45]. 

• General AI: Hypothetical systems that can understand, learn, and apply 

intelligence across various tasks, emulating human cognitive versatility. General 

AI remains a theoretical construct and has not been realised in practical 

applications [46]. 

3.1.2 Machine Learning  

Machine Learning (ML) is a subset of Artificial Intelligence that focuses on developing 

algorithms that allow programs to learn from data and make decisions or predictions. ML 

systems improve their performance iteratively by identifying patterns and relationships 

within datasets rather than depending on explicit programming for each task [47]. This 

process enables ML algorithms to make data-driven decisions. 

ML algorithms are generally classified into three main categories: Supervised Learning, 

Unsupervised Learning, and Reinforcement Learning. Supervised Learning involves 

training models on a labelled dataset, where each input is paired with a corresponding 

output label. The goal is to learn a mapping from inputs to outputs that can generalise to 

previously unseen data. Everyday supervised learning tasks include regression, which 
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predicts continuous values, and classification, which assigns inputs to discrete categories 

[48]. 

Unsupervised Learning deals with unlabelled data and aims to discover inherent 

structures or patterns without predefined labels. Techniques such as clustering group 

similar data points, while dimensionality reduction methods simplify data representation 

by reducing the number of variables. Reinforcement Learning involves an agent 

interacting with an environment to learn optimal behaviours through trial and error. The 

agent receives feedback through rewards or penalties and learns a policy that maximises 

cumulative rewards over time [49]. 

3.1.3 Deep Learning (DL) 

Deep learning is a specialized subdomain of machine learning that utilizes artificial neural 

networks composed of multiple layers to model complex patterns and relationships in 

data. These architectures, referred to as deep neural networks (DNNs), are loosely 

inspired by the biological neural networks of the human brain. By leveraging large 

volumes of data, deep learning models autonomously learn hierarchical representations, 

progressively capturing features at varying levels of abstraction. 

A distinguishing feature of deep learning is its capacity for hierarchical feature extraction. 

In image processing, for instance, lower layers may detect basic elements such as edges 

or textures, while deeper layers discern more abstract patterns like object parts or entire 

objects. Nonlinear transformations, achieved through activation functions, enable deep 

networks to approximate intricate, highly nonlinear relationships between inputs and 

outputs, thereby improving their ability to model complex real-world phenomena. 

Moreover, deep learning frameworks facilitate end-to-end learning, wherein models 

directly map raw inputs to outputs without requiring extensive manual feature 

engineering or domain-specific preprocessing. This characteristic, combined with the 

ability to generalize across diverse domains, has made deep learning an effective solution 

for tasks involving unstructured data, such as image recognition, natural language 

processing, and autonomous navigation. 
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3.2 Existing Methods for GNSS-INS Integration 

The Kalman filter, a foundational tool in estimation theory, was introduced by Rudolf E. 

Kálmán in 1960 in his landmark paper, “A New Approach to Linear Filtering and 

Prediction Problems” [50]. It provides a computationally efficient recursive method to 

estimate the state of a linear dynamic system subject to random noise. The innovation of 

the Kalman filter lies in its probabilistic framework, which iteratively combines model-

based predictions with noisy observations to refine state estimates. This recursive nature 

eliminates the need to retain extensive historical data, making it practical and robust for 

real-time applications. 

The Kalman filter operates in two key steps: prediction and update. Based on a 

mathematical model in the prediction step, the system’s state is propagated forward in 

time, and the associated uncertainty is estimated. Mathematically, this is expressed as: 

𝑆𝑡𝑎𝑡𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛: 𝒙𝑘|𝑘−1 = 𝑨𝒙𝑘−1|𝑘−1 + 𝑩𝒖𝑘 (𝟑. 𝟏) 

𝐶𝑜𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛: 𝑷𝑘|𝑘−1 = 𝑨𝑷𝑘−1|𝑘−1𝑨
𝑻 + 𝑸 (𝟑. 𝟐) 

where 𝒙𝑘|𝑘−1 represents the predicted state estimate, 𝑨 is the state-transition matrix, 𝑩 

accounts for control inputs 𝒖𝑘, 𝑷𝑘−1|𝑘−1 is the covariance of the predicted state estimate, 

and 𝑸 is the process noise covariance. 

In the update step, the system refines its state estimate and associated uncertainty by 

incorporating observations to correct the prediction. This process is mathematically 

described as follows: 

𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛: 𝒚ₖ =  𝑯 𝒙ₖ|ₖ₋₁ +  𝒗𝒌 (𝟑. 𝟑) 

𝐾𝑎𝑙𝑚𝑎𝑛 𝐺𝑎𝑖𝑛: 𝑲ₖ =  𝑷ₖ|ₖ−𝟏 𝑯ᵀ(𝑯𝑷ₖ|ₖ−𝟏 𝑯ᵀ + 𝑹)−𝟏 (𝟑. 𝟒) 

𝑆𝑡𝑎𝑡𝑒 𝑈𝑝𝑑𝑎𝑡𝑒: 𝒙ₖ|ₖ =  𝒙ₖ|ₖ−𝟏 +  𝑲ₖ (𝒛ₖ −  𝑯 𝒙ₖ│ₖ−𝟏)  (𝟑. 𝟓) 

Here, 𝑯 is the observation model, 𝒗ₖ represents measurement noise, 𝑲ₖ is the Kalman 

gain balancing model predictions with observations, 𝒛ₖ is the actual measurement and 𝑹 

is the measurement of noise covariance. The Kalman gain, 𝑲ₖ, adapts dynamically to 

ensure the best weighting between the model and the observed data. 
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The Kalman filter minimises the estimation error covariance 𝑷 in a least-squares sense, 

providing statistically optimal state estimates under the assumptions of Gaussian noise. 

One of the most impactful applications of the Kalman filter is in sensor fusion, 

particularly for integrating GNSS and INS. GNSS provides accurate, low-frequency 

position and velocity measurements. At the same time, INS delivers high-frequency data 

on acceleration and orientation but suffers from drift over time due to sensor biases and 

noise. The Kalman filter offers a solution to navigation problems by fusing these 

complementary data sources. 

In GNSS/INS integration, the state vector typically includes terms such as position, 

velocity, and bias. During the prediction step, the INS measurements propagate the state 

forward. In the update step, GNSS observations correct the drift and biases in the INS 

data. This combination ensures reliable and continuous navigation even in challenging 

environments such as urban canyons or during GNSS signal loss. 

The mathematical formulation for GNSS/INS integration extends the Kalman filter to 

include sensor biases [26]: 

𝒙ₖ = [𝒓ₖ𝒗ₖ𝒃ₖ]ᵀ (3.6) 

𝐴 = [
𝐼 Δ𝑡 0
0 𝐼 −Δ𝑡 𝐼
0 0 𝐼

] (3.7) 

Here, 𝒓ₖ and 𝒗ₖ denote position and velocity, respectively, 𝒃ₖ represents biases and Δ𝑡 is 

the time interval between updates. GNSS observations, incorporated through the 

observation model H, correct the predicted states, while the process and measurement 

noise covariances, Q and R, are calibrated based on sensor specifications. By integrating 

predictive modelling with real-time corrections, the Kalman filter has become an 

indispensable tool for navigation systems, offering precision and reliability across diverse 

operational scenarios. 

Kalman filtering is a widely used method for fusing multiple sensors and modelling the 

uncertainty of the estimates. It is based on the Bayesian approach and the linear Gaussian 

model, which assume that the system and measurement models are linear, and the noise 

is Gaussian. Kalman filtering can provide optimal estimates in the minimum mean square 
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error (MMSE) sense, but it requires the system and measurement models to be known 

and the noise to be Gaussian. In navigation, this method is used to estimate the motion of 

a vehicle. However, these motions or error models may not be linear. To address these 

limitations, various Extended Kalman filtering (EKF) [51] and Unscented Kalman 

filtering (UKF) methods have been proposed, which can handle non-linear models and 

noise by linearising the models around the current estimate or by propagating a set of 

sample points (sigma points) through the non-linear models [52]. Nonetheless, EKF 

linearisation using first−order Taylor series around the state estimate introduces other 

errors, and UKFs are sensitive to selecting appropriate sigma points.  

Non-linear optimisation methods such as least squares estimate the integrated position by 

minimising the sum of the squared errors between the observed GNSS measurements and 

the predicted measurements from the inertial navigation system. [53]. Maximum 

Likelihood Estimation (MLE) seeks to find the parameter values that maximise the 

likelihood of the observed data given a statistical model. In the context of INS/GNSS 

integration, MLE aims to find the parameters (e.g., INS biases, scale factors, GNSS 

receiver clock bias, etc.) that maximise the likelihood of the observed GNSS 

measurements given the INS predictions. [54]. These methods can handle non-linear 

models and noise, but they require the model to be known and the measurements to be 

consistent. They also suffer from slow convergence and sensitivity to initialisation, which 

can limit their effectiveness in GNSS/INS integration. 

Paper [55] proposes a multi-sensor fusion system using an Inertial Measurement Unit 

(IMU), GNSS, and Visual Odometer (VO) for use in urban canyons using a non-

holonomic EKF.  Non-holonomic Extended Kalman Filter (EKF) is an estimation 

algorithm that explicitly addresses the motion constraints associated with non-holonomic 

systems, such as wheeled or tracked vehicles, where specific directions of motion are 

restricted. The author demonstrates that the systems provide a 3D Root Mean-Squared 

Error of 3.9m in noisy GNSS urban areas with a further reduction of 3D RMSE of 1.29m 

0.00073 m/s and 0.486 degrees when GNSS outages occur. However, this system requires 

a third sensor (VO) whose performance under different weather or environmental 

conditions was not explored [56] in. Furthermore, as this filter uses an EKF, the sensor 

errors are assumed to be of Gaussian distribution, which is not always the case [57]. 
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In paper [37], the author implements a tightly coupled GNSS/INS integration by adopting 

a closed-loop error-state EKF. Using chi-square distribution probability, the fault 

detection algorithm compares the calculated statistic against a threshold. The advantage 

of using tightly coupled fusion architectures is reduced processing errors exhibited in 

other coupling scenarios, allowing for better positioning prediction. Furthermore, a fault 

detection system allows erroneous data to be detected and processed appropriately. 

However, tightly coupled systems require raw sensor data that is unavailable from 

commercial sensors. Furthermore, the chi-squared test may not detect slow ramp errors 

that could occur over time [58]. This is especially true in INS systems, as slow sensor 

drift is typical. 

3.3 Limitations of Kalman Filter-Based Methods 

Despite the widespread adoption of KF-based methods in GNSS-INS integration, these 

approaches exhibit several inherent limitations that can compromise performance in real-

world scenarios. The KF operates optimally under the assumptions of linearity in system 

dynamics and measurement models, as well as Gaussian-distributed and uncorrelated 

process and measurement noises. However, practical navigation systems often violate 

these assumptions due to several reasons. 

The nonlinearity of system dynamics is one such challenge. The motion of a vehicle or 

platform, particularly in complex manoeuvres or high-dynamic environments, is 

inherently nonlinear. The standard KF cannot handle highly nonlinear relationships 

between the state variables and the measurements, leading to suboptimal estimates or 

filter divergence. Non-Gaussian and correlated noise further complicate matters. Sensor 

measurements and environmental disturbances may exhibit non-Gaussian noise 

characteristics and temporal correlations. Factors such as multipath effects in GNSS 

signals, sensor bias drifts, and correlated noise in inertial sensors challenge KF's 

assumption of white Gaussian noise, affecting estimation accuracy [59][60]. 

These limitations highlight the challenges traditional KF-based GNSS-INS integration 

methods face in handling the complexities of real-world navigation scenarios. The need 

for approaches that accommodate nonlinearity, non-Gaussian noise and modelling 

uncertainties has become increasingly apparent. 
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3.4 Emergence of Deep Learning (DL) Approaches 

In response to traditional methods' limitations, there has been a growing interest in 

leveraging ML techniques for GNSS-INS integration. ML approaches can potentially 

model complex, nonlinear relationships directly from data without relying on explicit 

analytical models. This data-driven paradigm shift enables the system to learn patterns 

and adapt to varying conditions that are challenging to capture with conventional 

modelling. 

Key motivations for adopting ML in GNSS-INS integration include handling 

nonlinearities, modelling unknown dynamics, adaptability and learning capability, and 

recent computational improvements. ML algorithms are inherently capable of 

approximating nonlinear functions. This property allows them to model the intricate 

relationships between sensor measurements and nonlinear navigation states. ML 

approaches can also learn system dynamics and sensor characteristics from historical 

data, capturing behaviours that are challenging to model analytically due to their 

complexity or stochastic nature. By learning directly from data, ML models can adapt to 

the statistical properties of the noise in the measurements, including non-Gaussian and 

correlated noise patterns. Moreover, ML models can be updated and retrained as new data 

become available, allowing the system to adapt to environmental changes, sensor 

degradation, or system modifications over time. Advances in hardware acceleration and 

efficient algorithms have made it feasible to deploy ML models in real-time applications, 

addressing concerns about computational complexity. Lastly, ML models, such as 

recurrent-based networks, can use time-dependent data to capture temporal patterns, learn 

sequential dependencies, and make predictions based on the evolution of input over time. 

Such an approach can aid in understanding relationships, such as the accumulation of 

errors in INS over time, enabling more accurate predictions and effective correction 

strategies. 

3.5 Deep Learning Techniques for GNSS-INS Integration 

Recurrent Neural Networks (RNNs), a class of deep learning models designed for 

sequential data, are well-suited for processing time-series sensor data inherent in 

navigation systems. Derived from feedforward neural networks by David Rumelhart [61], 

they use part of the previous state outputs as part of the current input and, therefore, 
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establish a relationship between the output and the input. These specific neural networks 

have been used primarily in handwriting and speech recognition. Recurrent Neural 

Networks have been used for sensor fusion in the past. The RNN algorithm is shown in 

Equations 1 and 2 [62]: 

ℎ𝑡 = 𝜎ℎ(𝑊ℎℎℎ𝑡−1 + 𝑊𝑥ℎ𝑋𝑡 + 𝑏ℎ) (3.8) 

𝑦𝑡 = 𝜎𝑦
_𝑊𝑦ℎ𝑡 + 𝑏𝑦 (3.9) 

where ℎ𝑡 is the hidden layer vector, 𝑦𝑡 is the output vector, 𝑋𝑡 is the input vector, 

𝑊ℎℎ,𝑊𝑥ℎ,𝑊𝑦 are the parameter matrices, 𝑏ℎ, 𝑏𝑦 are the bias terms and 𝜎ℎ, 𝜎𝑦 are the 

activation functions. RNNs take the information from the previous state ℎ𝑡−1 and multiply 

it with a weight matrix. The same is done for the new input 𝑋𝑡 and is then combined with 

the previous state to create the new hidden state ℎ𝑡. Because RNN is structured, 

information from the past can be linked with information from the current time step.  

The activation functions (Tanh) assess the sum weights of the input and decide which 

information is needed. However, RNNs suffer from vanishing and exploding gradient 

problems due to the weight matrix used to multiply with the previous state. This may only 

provide a short-term memory for the past information being inputted. It also means that 

some information can be propagated even though it is useless. Two types derived from 

RNNs (GRU and LSTMs) solve these issues. An example of GRU architecture is shown 

below. 

LSTMs and GRUs use gates to determine whether the input information should be kept 

or removed. In a GRU, two gates deal with this. An update gate is used to help the neural 

network determine how much information from the previous step needs to be passed to 

the next step. The formula for this is presented below [63]: 

𝑧𝑡 = 𝜎(𝑊𝑧𝑋𝑡 + 𝑈𝑧ℎ𝑡−1) (3.10) 

The reset gate is used to determine how much of the past information should be forgotten 

to improve the performance of the GRU. The formula is presented below: 

𝑟𝑡 = 𝜎(𝑊𝑟𝑋𝑡 + 𝑈𝑟ℎ𝑡−1) (3.11) 
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These gates help remove the issues related to exploding and vanishing gradients. 

However, the additional gates add computational complexity to the neural network, which 

may slow down the training process. LSTMs, on the other hand, use three gates to solve 

these issues: the input gate, output gate, and forget gate. Because LSTMs use three gates, 

they are more computationally expensive than GRUs but can provide more accurate 

information for training the model. 

 

Figure 3-1 Inside a Gated Recurrent Unit Neural Network Node 

Deep learning models can be used to predict and correct sensor errors in GNSS-INS 

integration, particularly during GNSS signal outages or in environments with degraded 

GNSS performance. By training on historical sensor data, these models learn the patterns 

of inertial sensor drift and biases or classify GNSS signals, enabling the prediction of 

errors based on past observations. These capabilities allow for the compensation of INS 

drift (without reliance on external GNSS updates) or improving GNSS positioning 

accuracy, enhancing the robustness of the navigation system. 

Moreover, deep learning facilitates the fusion of heterogeneous sensor data beyond 

traditional GNSS and INS measurements. They can be used as part of a larger federated 

system to improve navigation accuracy.  

3.6 Conclusion 

This chapter has traced the evolution of sensor integration techniques for GNSS-INS, 

from traditional Kalman filter-based methods to advanced deep learning approaches. 

While Kalman filtering remains a cornerstone in sensor fusion, its limitations in handling 
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nonlinearity, noise characteristics, and modelling uncertainties necessitate more robust 

solutions. Deep learning models, particularly recurrent architectures such as RNNs, 

GRUs, and LSTMs, offer a data-driven alternative by directly learning complex, 

nonlinear relationships from time-series data. These models can effectively predict and 

correct INS drift during GNSS signal outages, improving overall system robustness. 

Beyond addressing traditional challenges, deep learning expands the scope of sensor 

fusion by enabling the integration of diverse sensor modalities, such as vision-based 

sensors. By learning spatial and temporal patterns, hybrid architectures that combine 

models show promise in enhancing navigation accuracy in GNSS-denied environments. 

This progression toward data-driven methodologies marks a significant step in improving 

UAV navigation in complex urban settings and other challenging environments 

Despite deep learning's promising capabilities in GNSS-INS integration, several 

challenges must be addressed to realise its full potential. Training deep learning models 

requires large amounts of high-quality data that capture the diversity of real-world 

operating conditions. Collecting and annotating such datasets can be resource-intensive. 

The next chapter will introduce the Hardware-in-the-loop data collection system created 

to collect extensive and realistic datasets to improve machine learning performance.   
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Chapter 4 Data Generation Framework 

This chapter outlines the data collection methodology employed in this research, focusing 

on differentiating between real-world data, data generated through Hardware-in-the-Loop 

(HIL) simulation and synthetic data. HIL simulation is a realistic alternative to real-world 

data collection because it integrates fundamental hardware components with a controlled, 

simulated environment. This approach enables the capture of authentic hardware 

responses while benefiting from the flexibility and repeatability of simulated 

environments. The justification for HIL simulation arises from the need to test systems 

under various impractical conditions to replicate consistently in real-world scenarios. 

The research employs a comprehensive simulation framework, incorporating SimGEN 

GSS7000 HIL, Sim3D for environmental modelling, SimSENSOR for inertial sensor 

outputs, and Unreal Engine with AirSim for dynamic scene generation. Each component 

plays a critical role in creating a high-fidelity simulation environment. A significant 

aspect of the framework is the inclusion of non-Gaussian noise models, which accurately 

mimic the complex error patterns encountered in real-world sensors, thereby enhancing 

the validity of the results. 
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4.1 Real-World Data vs. HIL Simulation 

4.1.1 Real-World Data Collection 

Real-world data collection is considered a fundamental method for capturing the actual 

performance of systems in their natural environments. This data type is generated by 

deploying sensors and systems in real-world conditions, allowing them to interact directly 

with environmental factors such as weather, physical obstacles, and signal interference. 

The main advantage of real-world data is its authenticity. The data inherently includes all 

the unpredictable variables and noise present in real-life scenarios, which provides a 

comprehensive understanding of how the system performs under uncontrolled conditions 

[64]. 

However, real-world data collection has its challenges. One primary difficulty is the cost 

of conducting large-scale field tests, especially when testing under extreme or unusual 

conditions. The time required to collect extensive datasets in the field can be prohibitive, 

and logistical issues further complicate the process. Safety concerns also arise when 

testing systems in high-risk environments, such as during severe weather or in scenarios 

involving high-speed dynamics. Moreover, the reproducibility of real-world data is 

limited, as it is nearly impossible to recreate identical environmental conditions for 

repeated experiments. This lack of control over variables makes it difficult to isolate 

specific factors for detailed analysis. 

4.2 HIL Simulation 

HIL simulation offers a practical and realistic alternative to real-world data collection. 

This approach integrates real hardware components, such as sensors or control systems, 

into a simulated environment. The simulation provides virtual representations of 

environmental factors, allowing the hardware to operate as it would in actual conditions. 

The advantage of HIL simulation lies in its ability to control and manipulate ecological 

variables systematically, enabling a thorough examination of system behaviour under a 

wide range of conditions [65]. 

HIL simulation is particularly valuable when real-world testing is too expensive, time-

consuming, or hazardous. For instance, simulation without risking personnel or 

equipment can test a system’s performance under extreme weather conditions, such as 
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high winds or low visibility. Additionally, HIL simulation offers the benefit of 

reproducibility, as identical tests can be run repeatedly with complete control over the 

conditions. This ensures consistent and reliable results, allowing for a more precise 

analysis of how specific variables affect system performance. 

While HIL simulation can closely mimic real-world conditions, one challenge is ensuring 

that the simulated environment accurately reflects the complexities of the real world. No 

matter how advanced, simulations may miss certain subtleties or interactions that could 

influence real-world outcomes. Nonetheless, modern HIL systems, particularly those 

incorporating non-Gaussian noise models, can produce highly realistic data comparable 

to real-world data in many respects. 

4.2.1 Justification for HIL Simulation in This Research 

The research objectives necessitate testing the system under diverse and challenging 

conditions, some of which are impractical or impossible to replicate in real-world 

scenarios. Hardware-in-the-loop (HIL) simulation provides a compelling solution by 

offering a controlled yet highly realistic environment to evaluate system performance 

rigorously. This approach bridges the gap between purely simulated and real-world 

testing by combining the flexibility and repeatability of simulation with the physical 

integration of hardware components, enabling the system to interact with simulated inputs 

in real-time. 

One key advantage of HIL simulation is its ability to precisely manipulate environmental 

variables, sensor errors, and noise models. This capability is particularly valuable for 

investigating extreme or rare conditions, such as severe multipath interference in urban 

canyons, ionospheric scintillation in equatorial regions, or signal blockages in 

mountainous terrain. Testing these scenarios in the real world would be logistically 

complex, resource-intensive, and, in some cases, infeasible. By contrast, HIL simulation 

allows researchers to configure these conditions with precision and observe how the 

system responds, enabling detailed performance analysis and the identification of 

potential vulnerabilities. 

Another critical advantage is the repeatability offered by HIL simulation. Specific test 

conditions can be replicated precisely and consistently, allowing researchers to isolate 
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and study particular system behaviours. This repeatability is essential for ensuring the 

robustness and reliability of the system under study, as it provides a systematic way to 

identify and address performance issues. Additionally, HIL simulation supports iterative 

testing, enabling researchers to refine algorithms and hardware designs in response to 

observed results. 

The simulation framework employed in this research integrates advanced tools, including 

SimGEN GSS7000 HIL, Sim3D, SimSENSOR, and Unreal Engine with AirSim. 

Together, these tools provide a comprehensive testing environment that combines high-

fidelity GNSS signal simulation, three-dimensional ray tracing for multipath analysis, 

sensor error modelling, and realistic virtual environments for system interaction. 

Including non-Gaussian noise models further enhances the realism of the simulations, 

allowing for a more accurate representation of real-world conditions. For example, these 

tools can simulate time-varying multipath effects, atmospheric noise, and hardware-

specific inaccuracies critical for assessing system performance in complex scenarios. 

HIL simulation also offers a more efficient and cost-effective alternative to real-world 

data collection. Field tests often require significant logistical coordination, high costs, and 

extended timelines, mainly for testing in remote or extreme environments. HIL simulation 

mitigates these challenges by enabling comprehensive laboratory testing, where 

conditions can be easily adjusted and experiments repeated as needed. Furthermore, it 

reduces the risk associated with testing systems in real-world scenarios, mainly when 

those systems are in the early stages of development. 

By providing a controlled yet realistic testing environment, HIL simulation supports the 

research objectives more effectively than either real-world testing or purely software-

based simulations alone. It offers the precision and repeatability required for systematic 

analysis while maintaining a level of realism sufficient to generate actionable insights. 

This approach ensures that the system is rigorously evaluated under a wide range of 

conditions, ultimately contributing to the development of robust and reliable solutions 

that can perform effectively in real-world applications. 
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4.3 Data Collection Overview 

Objective Three (O3) proposes creating a simulation framework for real-time recording 

of outputs from multiple sensors, using various techniques to enhance realism. This is 

shown in Figure 4-1. It includes using Hardware-in-the-Loop simulation, where GNSS 

receivers process simulated GNSS Radio Frequencies (RF) based on predefined 

parameters and trajectories. As a result, the output RF mimics the signals an antenna 

receives and is processed to produce position data. This data is then compared to the 

simulation's ground truth to analyse GNSS receiver errors. Ray-tracing software 

calculates signal propagation conditions to simulate multipath conditions in urban 

canyons more realistically, considering reflection and refraction. This approach improves 

the simulation's realism and tests the system's robustness. 

 In addition, stochastic and deterministic error models for IMUs are employed to enhance 

the realism of simulations for accelerometer, gyroscope, and barometer measurements 

from a moving vehicle. 

A virtual environment generates visual data for VO measurements using a camera 

mounted on a virtual drone. This data, stored with timestamps, allows for correlation with 

other sensor readings. The dynamic environment features changing weather conditions 

and map environments to test system robustness further. 

 

Figure 4-1 multi-system, multi-sensor data flow 
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4.4 Simulation Framework Components 

4.4.1 SimGEN GSS7000 HIL 

The SimGEN GSS7000 system is a central component of the GNSS simulation 

framework, offering the capability to generate complex and realistic GNSS signals. Its 

functionality involves producing multi-constellation GNSS signals based on predefined 

trajectories and environmental parameters. These signals are then transmitted as real-time 

radio frequency (RF) outputs to GNSS receivers, enabling these receivers to behave as 

they would under real-world conditions. The hardware integration ensures high-fidelity 

interaction between the simulated environment and the GNSS receiver, capturing the 

nuances of signal propagation and processing in a controlled setting. 

One of the features of SimGEN GSS7000 is its ability to simulate satellite orbits, signal 

impairments, and atmospheric effects with a high degree of realism. The system 

accurately models the motion of GNSS satellites and the resulting Doppler effects 

experienced by signals as they travel to receivers. Additionally, it incorporates detailed 

atmospheric effects, including ionospheric delays, scintillation, and tropospheric 

attenuation, which are critical for understanding signal behaviour in different 

environmental conditions. For example, ionospheric scintillation can significantly 

degrade GNSS signals in equatorial or high-latitude regions, and its modelling often 

involves Rician or Nakagami distributions to represent amplitude and phase variations. 

Tropospheric noise, on the other hand, is modelled based on elevation angle and weather 

conditions, adding another layer of complexity to the simulation. 

Including non-Gaussian noise models in the SimGEN GSS7000 further enhances its 

capability to simulate real-world conditions. Unlike traditional simulators that assume 

Gaussian distributions for noise, SimGEN supports noise characteristics that deviate from 

this assumption, providing a more authentic representation of the errors encountered by 

GNSS receivers in practice. Examples include oscillator noise, which exhibits a power-

law spectral density, leading to phase noise with time-domain characteristics that are not 

Gaussian, and receiver noise, which can introduce skewness or kurtosis in the signal. 

Integrating diverse noise models is crucial for testing GNSS receivers in urban or 
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obstructed environments, where multipath effects, signal blockages, and reflections result 

in highly variable and non-Gaussian error distributions. 

The default settings of the SimGEN GSS7000 are designed to provide a robust and 

reliable baseline for simulation scenarios while allowing extensive customisation for 

specific use cases. These defaults typically include parameters for multi-constellation 

signal generation, including GPS, GLONASS, Galileo, and BeiDou systems, with 

satellite orbits and clock models pre-configured based on standard almanac data. 

Atmospheric effects, such as ionospheric and tropospheric delays, are also enabled by 

default, with settings based on established atmospheric models. Additionally, essential 

Gaussian noise is included in the default setup to represent typical receiver environments, 

while users can enable more complex noise characteristics, such as scintillation or 

multipath effects, for advanced testing scenarios. 

The SimGEN GSS7000 provides researchers and engineers with a detailed and flexible 

simulation environment that allows them to test GNSS-based systems under various 

conditions. This includes scenarios ranging from ideal open-sky environments to highly 

obstructed urban canyons or GNSS-denied environments. The ability to precisely control 

and replicate signal conditions is invaluable for validating receiver performance, 

optimising algorithms, and developing mitigation strategies for real-world challenges in 

GNSS applications. 

 

Figure 4-2: Image of Spirent GSS7000 Simulator [66] 
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4.4.2 U-blox F9P multi-constellation GNSS receiver 

The decision to utilise the U-blox F9P multi-constellation GNSS receiver over other 

options, such as the U-blox M8 or products from different vendors, was based on several 

key factors pertinent to our research objectives. Firstly, the U-blox F9P offers multi-

constellation capability, supporting GPS, GLONASS, Galileo, and BeiDou 

simultaneously. This feature significantly enhances the availability and accuracy of 

positioning data, particularly in challenging environments such as urban canyons, where 

signal blockage and multipath effects are prevalent. This, therefore, improves the 

simulation capabilities and widens testing circumstances, aligning it more realistically to 

real-world testing. 

Another crucial consideration is the F9P's support for dual-frequency reception (L1/L2), 

which mitigates ionospheric errors and enhances positioning reliability. This feature is 

essential for simulating high-precision GNSS applications, where accuracy and reliability 

are important safety factors. 

Furthermore, the integration capabilities of the U-blox F9P with our existing simulation 

framework, including hardware-in-the-loop (HIL) systems, were evaluated. Hobbyist 

communities and open-source software supported the extraction of raw and calculated 

values. 

 

Figure 4-3 Image of ZED-F9P [67] 

4.4.3 Sim3D 

Sim3D is a specialised ray-tracing software that plays a critical role in the GNSS signal 

simulation framework, particularly when paired with the SimGEN GSS7000 simulator. 

Its primary function is to model the propagation of GNSS signals in three-dimensional 

environments, capturing the complex interactions that occur between these signals and 
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their surroundings. By leveraging advanced ray-tracing algorithms, Sim3D calculates 

how GNSS signals are reflected, diffracted, or attenuated as they encounter physical 

obstacles, such as buildings, vehicles, terrain features, or vegetation. These interactions 

are collectively known as multipath effects and are among the most significant sources of 

error in GNSS systems, particularly in urban or obstructed environments. 

In urban environments, for instance, GNSS signals often traverse areas densely populated 

with reflective and obstructive surfaces. In such conditions, signals may reach the receiver 

via multiple paths due to reflections off nearby buildings or other structures, or they may 

be diffracted around edges. Sim3D is designed to simulate these interactions with high 

fidelity, accounting for both line-of-sight (LOS) and non-line-of-sight (NLOS) 

conditions. This allows for a detailed examination of the multipath-induced errors that 

degrade the accuracy of GNSS positioning, timing, and velocity measurements. Unlike 

traditional simulation methods, which often rely on simplified Gaussian error models, 

Sim3D produces error distributions that more closely reflect the statistical and spatial 

complexities observed in real-world environments. This includes the generation of non-

Gaussian, asymmetric error profiles that arise from dynamic urban environments, where 

signal interactions are highly variable and context-dependent. 

The capacity of Sim3D to simulate these interactions with such precision is essential for 

understanding the performance of GNSS systems under challenging conditions. It 

provides a robust framework for testing and evaluating GNSS-based navigation systems, 

particularly those designed for use in environments prone to high levels of multipath 

interference and NLOS signal propagation. By incorporating detailed environmental 

models and simulating the physics of signal propagation, Sim3D contributes to the 

development of more resilient and accurate GNSS receivers. This is especially significant 

for applications where reliability under adverse conditions is paramount, such as 

autonomous navigation in urban canyons, aviation operations near airports, and surveying 

in environments with significant physical obstructions. 

Furthermore, the inclusion of Sim3D in the simulation process enables researchers to 

explore the interactions between GNSS signals and specific environmental features in 

ways that are not feasible in real-world testing. For example, by manipulating the virtual 

environment, it is possible to isolate the effects of individual factors, such as building 
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density or signal frequency, on GNSS performance. This provides valuable insights into 

how environmental conditions influence system performance, allowing for the design of 

mitigation strategies and the optimisation of receiver algorithms. By expanding the scope 

of GNSS simulations to include these real-world complexities, Sim3D represents a 

significant advancement in the field of GNSS testing and evaluation [68]. 

4.4.4 SimSENSOR 

SimSENSOR is another component of the simulation framework, providing high-fidelity 

simulations of inertial sensor outputs for navigation systems. This tool is specifically 

designed to replicate the behaviour of standard sensors, including accelerometers, 

gyroscopes, and magnetometers, which are critical for estimating a system’s position, 

velocity, and orientation. Inertial sensors are especially important in scenarios where 

GNSS signals are unavailable, degraded, or unreliable, such as in urban canyons, tunnels, 

or during periods of intentional signal interference. By generating realistic inertial sensor 

data, SimSENSOR enables comprehensive testing and validation of navigation systems 

under such challenging conditions. 

At the core of SimSENSOR is its ability to simulate both deterministic and stochastic 

error models, ensuring that the generated outputs accurately represent the real-world 

behaviour of inertial sensors. Deterministic errors include biases, scale factor variations, 

and cross-axis sensitivity, which are predictable and specific to the sensor’s design and 

manufacturing. Stochastic errors, on the other hand, are inherently random and include 

phenomena such as random walks, bias instability, and quantization noise. These errors 

significantly impact the accuracy of inertial sensors, particularly over time, as they tend 

to accumulate in the absence of external corrections. 

One of the features of SimSENSOR is its ability to incorporate Allan variance-based 

modelling. Allan variance is a critical metric for characterizing the noise and stability of 

inertial sensors over different time scales. By modelling sensor behaviour using 

parameters derived from Allan variances, such as random walk coefficients and bias 

instability, SimSENSOR generates data that closely mimics the real-world performance 

of MEMS sensors. This capability is essential for testing systems that rely heavily on 

inertial sensors for accurate navigation, particularly in GNSS-denied environments. For 

example, long-term drift in gyroscopes and accelerometers can lead to significant 
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deviations in position and orientation estimates, and SimSENSOR provides a reliable 

means to evaluate and mitigate such effects. 

SimSENSOR also supports dynamic simulations, enabling it to generate sensor outputs 

that correspond to specific motion profiles of the simulated vehicle or object being tested. 

This includes modelling linear and rotational dynamics, such as acceleration, 

deceleration, and angular velocity changes. The ability to integrate dynamic profiles 

ensures that the simulated data reflects the complex interactions between sensor outputs 

and the system's motion. This is particularly important for testing navigation algorithms 

that fuse inertial data with other sources, such as GNSS or visual odometry. 

Furthermore, SimSENSOR’s versatility extends to simulating scenarios with varying 

environmental conditions and sensor configurations. For instance, it can replicate the 

effects of temperature variations on sensor performance or simulate sensor degradation 

over time. These capabilities allow researchers to evaluate the robustness of navigation 

systems under a wide range of operating conditions. By generating high-quality sensor 

data with precisely controlled error characteristics, SimSENSOR enables a deeper 

understanding of system behaviour, facilitating the development of more accurate and 

resilient navigation solutions. 

Incorporating SimSENSOR into the simulation framework provides a comprehensive 

approach to evaluating navigation systems, particularly in scenarios where reliance on 

inertial sensors is critical. Its ability to replicate realistic sensor behavior, model complex 

error characteristics, and simulate dynamic motion profiles ensures that navigation 

algorithms and hardware are rigorously tested and validated. This, in turn, enhances the 

overall reliability and performance of systems deployed in real-world environments, 

where navigation challenges are often unpredictable and multifaceted. 

The default values for SimSENSOR are as follows:  

Table 4-I Standard IMU errors used in SimSENSOR 

IMU Sensor A 

Accelerometer Gyroscope 

Scaling factor (ppm) 600 Scaling factor (ppm) 500 

Bias (ug) 20 Bias (deg/h) 3 

ARW (ug/sqrt(Hz)) 100 GRW (deg/s/sqrt(h)) 0.004 

Update rate (Hz) 100 
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However, if a test has variations on the above values, these will be mentioned in the 

chapter explicitly.  

4.4.5 Unreal Engine with AirSim 

The Unreal Engine and the AirSim plugin provide a high-fidelity 3D simulation 

environment for testing various systems in dynamic, visually realistic scenarios. Unreal 

Engine is widely recognised for its ability to generate photorealistic graphics and complex 

physics interactions, making it an ideal platform for simulating environments that closely 

resemble the real world. AirSim extends the capabilities of Unreal Engine by adding 

support for simulating vehicles, such as drones and cars, within these environments. 

Unreal Engine with AirSim is critical in generating visual data, such as camera images 

and depth information, used in algorithms like Visual Odometry (VO) and other vision-

based navigation systems. The system can simulate dynamic environments, including 

moving objects, weather conditions, and lighting variations, all of which can affect the 

performance of navigation algorithms. Non-Gaussian noise models are also integrated 

into this component, particularly in the form of visual artefacts such as motion blur, 

lighting distortions, and other imperfections that influence the quality of visual data. This 

makes the simulated environment more realistic and ensures that the visual sensors are 

tested under conditions representative of the real world. 

 

Figure 4-4: Example Unreal Engine Environment with AirSim 
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4.5 Integration of Simulation Components 

4.5.1 Data Flow and Synchronization 

The simulation framework operates across three primary PCs, each handling a specific 

component: Sim3D, SimGEN GSS7000, and Unreal Engine with AirSim. These 

components communicate using established protocols to ensure synchronised operation 

and data consistency throughout the system. 

Sim3D runs on a dedicated PC and communicates directly with the SimGEN GSS7000 

using a high-speed Ethernet connection. The data exchange leverages TCP/IP for reliable 

transfer of environmental factors, including ray-traced signal reflections, blockages, and 

multipath effects. These factors are dynamically computed in Sim3D and integrated into 

the GNSS signal generation process within SimGEN. The modified GNSS signals are 

then output as RF signals for hardware receivers or as digital streams over the same 

Ethernet connection for software analysis. 

A second PC hosts the Unreal Engine and AirSim, which generate visual data such as 

camera images and depth information and simulate dynamic environmental conditions 

like weather and lighting. This PC is connected to SimGEN through TCP/IP for trajectory 

updates and environmental parameter synchronisation. The visual data produced by 

Unreal Engine, including images and motion profiles, is streamed to the main data 

aggregation system via UDP to minimise latency and support real-time processing 

requirements. 

SimSENSOR is integrated into the system to simulate inertial sensor outputs. It 

communicates with the other components through a serial connection using UART and 

transmits data reflecting motion profiles, including accelerometer and gyroscope 

readings. The inertial data is synchronised with the GNSS and visual data to ensure 

coherent system behaviour, particularly in scenarios where GNSS signals are degraded 

or unavailable. 

Time synchronisation across all components is achieved using Precision Time Protocol 

(PTP), ensuring that the data streams from SimGEN, Sim3D, and Unreal Engine with 

AirSim are temporally aligned. This synchronisation is crucial for accurately reproducing 
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real-world scenarios, where sensor data must be consistent for effective fusion and 

analysis. 

The simulation setup's modular design allows for seamless integration of components 

while ensuring robust communication. The protocols, TCP/IP for reliable data transfer 

and UDP for low-latency streaming ensure optimal performance in high-fidelity and real-

time testing scenarios. 

4.6 Simulation Parameters and Conditions 

4.6.1 Sampling Rates 

The sampling rates chosen for the various sensors in the simulation framework are 

designed to match real-world conditions as closely as possible. For GNSS receivers, the 

simulation framework employs a sampling rate that captures the dynamic behaviour of 

satellite signals at high precision. The GNSS signals are typically sampled at around 1 Hz 

to 10 Hz, corresponding to the standard sampling rate used in most real-world GNSS 

receivers. This allows the simulation to replicate real-time GNSS data acquisition, 

ensuring that the signal dynamics, such as satellite movement and changes in signal 

strength due to atmospheric conditions, are accurately captured. 

Inertial sensors, such as accelerometers and gyroscopes, require higher sampling rates to 

represent motion accurately. In this simulation, inertial sensors are typically sampled at 

frequencies between 100 Hz and 1000 Hz. This high sampling rate is necessary because 

the sensors measure rapid acceleration and rotational motion changes, which occur much 

more frequently than GNSS updates. Using a high sampling rate, the simulation 

framework ensures that the data generated by SimSENSOR closely reflects real-world 

IMU behaviour. 

The frame rate is a crucial parameter for cameras and other visual sensors. It is set to 

match real-world conditions, typically between 30 frames per second (fps) and 60 fps. 

This ensures that the visual data, including camera images and depth information 

generated by Unreal Engine with AirSim, corresponds to the performance of actual 

cameras used in vision-based navigation systems. Combining these sampling rates creates 

a cohesive and realistic dataset across all simulated sensors, allowing for comprehensive 

testing and validation of multi-sensor systems. 
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4.6.2 Vehicle Dynamics 

The simulation framework includes detailed modelling of vehicle dynamics, which is 

essential for generating realistic sensor data. The vehicle's speed, acceleration, and 

trajectory are carefully controlled to ensure that the motion profiles simulated within the 

framework reflect real-world driving or flight conditions. The simulation covers various 

vehicle dynamics, from low-speed operations in constrained environments to high-speed 

motion in open spaces. For example, speeds in the simulation can range from a few meters 

per second for ground vehicles operating in urban environments to over 50 meters per 

second for aerial vehicles such as drones. 

The acceleration profiles used in the simulation include both steady acceleration and 

deceleration scenarios, as well as sudden changes in speed, such as those encountered 

during evasive manoeuvres or when reacting to obstacles. These profiles are critical for 

testing the system's ability to handle rapid changes in motion, which can introduce 

significant challenges for GNSS and inertial navigation systems. By simulating a wide 

range of vehicle dynamics, the framework ensures that the system is tested under realistic 

and diverse conditions, providing valuable insights into its performance across various 

operational scenarios. 

4.6.3 Extreme Conditions  

The simulation framework is designed to model a range of extreme conditions that may 

not be feasible to test in real-world environments due to safety or logistical constraints. 

One such condition is adverse weather. The simulation incorporates weather scenarios, 

including rain, fog, and snow, which can significantly impact sensor performance. For 

instance, rain can cause signal attenuation for GNSS receivers, while fog may obscure 

visual sensors, leading to degraded vision-based navigation performance.  

Lighting conditions are another crucial factor considered in the simulation. The 

framework models different times of day, including daylight, twilight, and nighttime. 

Artificial lighting, such as streetlights or vehicle headlights, is also incorporated into 

nighttime simulations. These variations in lighting are essential for testing vision-based 

systems, which are highly sensitive to changes in illumination. The presence of dynamic 
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lighting artifacts, such as glare or shadows, introduces additional challenges for 

navigation systems, making the simulation more representative of real-world conditions. 

The simulation also includes scenarios involving signal degradation. For GNSS systems, 

signal blockage and multipath effects are simulated, especially in urban environments 

where buildings and other structures interfere with satellite signals. 
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Chapter 5 Mitigating INS Errors Using 

Deep Learning in GNSS-INS 

Systems 

Abstract 

Integrating Inertial Navigation Systems (INS) and Global Navigation Satellite Systems 

(GNSS) has gained significant attention for improving navigation accuracy in 

transportation, aviation, and military applications. However, GNSS signals are subject to 

multipath errors, particularly in urban environments, where the "urban canyon" effect 

degrades the availability and accuracy of GNSS signals. For temperature variation, we 

know this affects the error model of the INS as it impacts accelerometers and gyroscopes. 

The literature does not show precisely how this can impact prediction performance in the 

deep learning-enabled INS. Existing methods primarily focus on the impact of INS errors 

on Adaptive Kalman Filters (AKF). Still, AKF may not sufficiently model a convolved 

non-linear relationship between historical errors and updates. 

Here, we emulate the error fluctuations by generating three equivalent IMU error models. 

To address the research gap, this chapter presents a GRU-based error correction method 

for improving the accuracy and reliability of our GNSS-INS system in urban canyon 

environments. The data was generated through simulations on the Spirent GSS 7000 

simulator and SimSENSOR software. The experimental results show an increase in 

positioning performance compared to INS by up to 93%. The GRU-based error correction 

method exhibited a 95th percentile error in the horizontal direction of 18.5m compared to 

INS 81.9m after a GNSS outage of 100 seconds. Regarding GRU predictive performance 

when IMU errors fluctuate, no increase in position error is demonstrated.  
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5.1 Introduction 

The integration of INS and GNSS has gained widespread adoption in various fields, 

including transportation, aviation, and military applications [69]. GNSS, comprising 

satellite-based systems such as GPS, GLONASS, and Galileo, offers global coverage and 

high precision for positioning, navigation, and timing (PNT) purposes. However, GNSS 

signals are subject to various errors, including atmospheric effects, ionospheric delay, and 

multipath interference, which can impair the accuracy of the system [34]. 

As mentioned in previous chapters, GNSS multipath can significantly impact the 

availability and accuracy of GNSS signals, particularly in densely built urban areas where 

the geometry of the built environment creates deep "canyons" that obstruct the direct line 

of sight to satellites [70] [71], Therefore, alternative sensors are needed to provide 

navigation aid in these challenging settings to improve navigation performance for 

positioning estimates during prolonged GNSS outages. 

This chapter explores using a GRU-based architecture to predict and mitigate position 

errors in INS systems and address the abovementioned challenges. GRU allows for the 

temporal dependencies to be captured of the GNSS and INS errors and predicts the error 

correction term that can be used to correct the INS measurements. This chapter also 

explores the significance of perturbation from INS error sources on the accuracy of the 

GRU model. The chapter makes several novel contributions. First, we examine the use of 

GRU architecture to aid in GNSS-denied environments and demonstrates the feasibility 

and effectiveness of utilising GRUs for an extended period. This will be achieved by 

comparing the performance of the GRU with other error correction methods, such as 

decision trees and RNNs, in urban canyons.  Secondly, a generalisation analysis will be 

conducted to inspect the effects of sensor error perturbations by testing the 

architecture trained on one sensor with another unseen sensor. Here, we imitate the error 

fluctuations by calculating INS positions based on the same sensor but with slight 

variations in stochastic and deterministic error profiles, such that we recreate the 

equivalent effect. 
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5.2 Related Work 

The literature studies error correction techniques for Global Navigation Satellite Systems 

(GNSS) and Inertial Navigation Systems (INS) to improve their accuracy and reliability. 

This section reviews the existing error correction methods for GNSS and INS, focusing 

on the techniques applied to GNSS/INS integration.  

RNN-based error prediction paper from the author [72] uses accelerometer and gyroscope 

information to determine the non-linear relationship between the input and the output. As 

RNNs can utilise past information, they can provide better positioning accuracy when 

GNSS is unavailable. However, RNNs suffer from expanding/vanishing gradients, which 

limit the temporal domain to the short term [73]. Adaptions from this paper exist, 

including an AKF-GRU-based approach that addresses the issues of RNN by 

implementing a GRU-based deep learning network [74]. However, in contrast to the paper 

above, a different type of prediction model is used to calculate the GNSS position 

variation ∆PGNSS. This is then integrated over time to provide a GNSS estimation used 

in an AKF. The disadvantage of such a system is that for prolonged GNSS outages, the 

consistent integration will cause exponential drifts in the predicted GNSS position as 

pseudorange errors to exist and therefore reduce positioning accuracy. Furthermore, this 

algorithm has a real-time implementation problem and requires considerable processing 

power. 

The literature on error correction in GNSS/INS systems indicates a spectrum of methods, 

each with distinct benefits and limitations. Although they struggle with non-linear 

models, Kalman filtering and its variants (EKF, UKF) have gained traction for their 

efficiency in fusing multiple sensors. Non-linear optimisation techniques like least 

squares and MLE offer a solution to non-linearity yet suffer from slow convergence and 

sensitivity to initialisation. Multi-sensor fusion systems, as explored in recent studies, 

display promise, but the need for additional sensors and assumptions regarding error 

distribution pose challenges. Tightly coupled GNSS/INS integrations reveal the potential 

for enhanced positioning prediction; however, their reliance on raw sensor data and 

inability to detect slow ramp errors present considerable drawbacks.  

Machine learning approaches, such as ML-ANFIS and RBFNN networks, highlight 

advancements in error estimation, though they confront issues like dimensionality, design 
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time, and non-linear challenges. RNN based error prediction, as discussed in chapter 3, 

appears promising, but gradient problems and processing power requirements limit it. 

Across all methodologies, a recurrent theme is the challenge of non-linearity and the 

balance between accuracy and computational efficiency. Therefore, this chapter proposes 

a GRU-based INS error prediction from accelerometer and gyroscope readings. GRUs 

solve issues regarding exploding/vanishing gradients exhibited by RNNs and require less 

computational power than LSTMs or GRUs with an adapted kalam filtering-based fusion 

approach. Furthermore, GRUs can utilise past information and can handle non-linear 

relationships. Furthermore, to expand on the knowledge of the effects of IMU error 

variations between different environments or different units of the same type of sensor, it 

is essential to investigate GRU performance when sensor error perturbations are 

introduced. 

5.3 Proposed System 

5.3.1 IMU Measurement Error 

Before introducing the proposed system, it is important to understand how IMU sensor 

errors can be considered a time-domain problem and how it fits architectures such as 

GRUs. IMU sensors measure the UAV's specific forces and angular velocities along the 

body frame. These values are integrated into the system to provide the position and 

velocity data to the navigation system. However, incorporating these values will lead to 

a divergence between ground truth and INS position and velocity output due to the biases 

included in the measurements. It is important to derive the position and velocity equations 

to understand how the errors may propagate through the calculation. The velocity of the 

vehicle is given by [75]: 

𝒗𝑒𝑏
𝑛 (𝑘) ≈ 𝒗𝑒𝑏

𝑛 (𝑘 − 1) + (𝑪𝑏
𝑛𝒇𝑖𝑏

𝑏 + 𝒈𝑛 − 2𝛀𝑖𝑛
𝑛 𝒗𝑒𝑏

𝑛 (𝑘 − 1)) 𝜏 (5.1) 

Where 𝒗𝑒𝑏
𝑛  is the UAV velocity with respect to the earth in the local navigation frame, 𝑪𝑏

𝑛 

is the direction cosine matrix from the body frame to the local navigation frame, 𝒇𝑖𝑏
𝑏  is 

the specific force in the body frame, 𝒈𝑛 is the gravitational vector in the local navigation 

frame and 𝛀𝑖𝑛
𝑛  is the skew-symmetric matrix of the earth’s angular velocity. 
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To obtain the position of the UAV, the equation above needs to be integrated once more. 

Assuming that the velocity varies linearly during the integration period, the position of 

the vehicle is given by: 

𝒑𝑒𝑏
𝑛 (𝑘) = 𝒑𝑒𝑏

𝑛 (𝑘 − 1) + (𝒗𝑒𝑏
𝑛 (𝑘 − 1) + 𝒗𝑒𝑏

𝑛 (𝑘)
𝜏

2
(5.2) 

Where 𝒑𝑒𝑏
𝑛  is the UAV's position on the earth in the local navigation frame. To understand 

the influence of the measurement noises experienced, the sum of the true measurement 

and the biases gives the actual velocity and position. This is shown in the equation below, 

where 𝛿𝒑 denotes the position measurement error: 

𝛿𝒑(𝑘) =  𝛿𝒑𝑒𝑏
𝑛 (𝑘 − 1) + (𝛿𝒗𝒆𝒃

𝒏 (𝑘 − 1) + 𝛿𝒗𝒆𝒃
𝒏 (𝑘)) (5.3) 

To solve this equation regarding the calculated velocity error 𝛿𝒗𝒆𝒃
𝒏 , equation 5.2 is used 

to subtract from the measured velocity error and then substituted into equation 5.3 to 

obtain the below equation: 

𝛿𝒑(𝑘) =  𝛿𝒑𝑒𝑏
𝑛 (𝑘 − 1) + (𝑰𝟑 − 2𝜏𝛀𝑖𝑛

𝑛 )𝛿𝒗𝒆𝒃
𝒏 (𝑘 − 1)𝜏 + 𝜹𝝓 (5.4) 

Where 𝜹𝝓 represents the system vector attitude error. Equation 8 shows the relationship 

between position error with the vehicle dynamics, previous INS error, and sensor 

measurement errors. This shows a non-linear relationship between the measurement error 

and the sensor noise and biases of the system, thus current techniques such as EKFs may 

not be enough [76] to provide the accuracy UAVs require when operating in an urban 

environment and experiencing GNSS outages. Additionally, prolonged GNSS outages 

will affect typical EKF integrations as the system will heavily rely on IMU measurement 

updates which will inevitably cause drifting in position estimate.  Therefore, a system is 

required that can learn the non-linear relationship identified above. 

5.3.2 System Overview 

The proposed system architecture is shown in Figure 5-1. During the GRU's training 

phase, the accelerometer and gyroscope measure specific force and angular velocity. 

These two sensors make up the system's Inertial Measurement Unit (IMU).  

To calculate the system INS position and velocity, the current system orientation is then 

used to calculate the Direction Cosine Matrix (DCM) required to translate the 
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accelerometer and gyroscope readings from the body frame to the navigational frame. 

These are then integrated to provide the position, velocity, and updated orientation 

information. The output from this is used as the reference INS for error estimation. A 

more detailed version of the steps used to calculate the current timestep velocity, position, 

and orientation are shown in Algorithm 1. Navigation frame acceleration, angular rate, 

current orientation, and time since the last GNSS update are used as the feature input for 

the GRU at each timestep. The target output used for training is position error derived 

from the difference between the INS position and GNSS ground truth data. 

In neural networks, a loss function is a critical component that quantifies the discrepancy 

between the predicted outcomes and the actual values. It serves as a fundamental metric 

that the optimisation algorithm aims to minimise, thereby guiding the adjustment of the 

model's parameters to enhance prediction accuracy. The loss function provides a 

mathematical framework for assessing the neural network's performance, enabling the 

model to learn from its errors and iteratively improve its predictions. 

For training, ADAMAX is utilised as the optimiser. ADAMAX is a variant of the ADAM 

(Adaptive Moment Estimation) optimisation algorithm. The choice of ADAMAX over 

the standard ADAM is driven by its improved performance with sparse gradients. Unlike 

ADAM, which can sometimes produce extensive updates when dealing with sparse 

gradients, ADAMAX incorporates the gradient's infinity norm (max norm), making it 

more robust and stable in such scenarios. The use of ADAMAX ensures a more reliable 

and consistent optimisation process, ultimately leading to more accurate predictions of 

position errors. 

 



Mitigating INS Errors Using Deep Learning in GNSS-INS 

Systems 

Proposed System 

 

71 

 

Figure 5-1 High Level Diagram of Proposed GRU System Architecture 

The second mode is the testing/prediction phase of the neural network. The prediction 

mode is used when GNSS information is not available. The trained GRU predicts the 

positioning and velocity error for the given Navigation frame acceleration, angular rate, 

current orientation, and time since the last GNSS update. The predicted errors are then 

subtracted from the INS velocity and position readings to provide the system prediction. 

This system is designed to provide positioning errors until GNSS positioning is available 

again. However, the mechanism to determine GNSS positioning suitability is beyond the 

scope of this chapter. For evaluation purposes, the updated position prediction will be 

subtracted from the ground truth information available in the simulation to analyse system 

performance. 

The choice of using Gated Recurrent Unit (GRU) architecture in this chapter was 

predominantly guided by its established ability to capture long-term dependencies in 

sequence data, a critical requirement when dealing with temporal data such as those in 

INS. Furthermore, GRU's comparatively simpler architecture and fewer training 

parameters than other recurrent networks, such as LSTM, also aided our choice. 



Mitigating INS Errors Using Deep Learning in GNSS-INS 

Systems 

Experimental Setup 

 

72 

5.4 Experimental Setup 

5.4.1 Data capturing 

To produce IMU data required for training, SimSENSOR is used to generate 

accelerometer and gyroscope measurements that the vehicle is exhibiting. The simulation 

uses advanced sensor modelling to replicate sensor noises and biases. Furthermore, a 

vehicle profile is set up to imitate drones' acceleration/deceleration curves and impulses. 

IMU stochastic and deterministic errors were tuned to mimic the characteristics of an 

Advanced Navigation Orientus IMU sensor, the specifications of which are listed in Table 

5-I, Table 5-II, and Table 5-III. 

Table 5-I Sensor A Error and Bias Settings for Gyroscope and Accelerometer 

IMU Sensor A 

Accelerometer Gyroscope 

Scaling factor (ppm) 600 Scaling factor (ppm) 500 

Bias (ug) 20 Bias (deg/h) 3 

ARW (ug/sqrt(Hz)) 100 GRW (deg/s/sqrt(h)) 0.004 

Update rate (Hz) 100 

Table 5-II Sensor B Error and Bias Settings for Gyroscope and Accelerometer 

IMU Sensor B 

Accelerometer Gyroscope 

Scaling factor (ppm) 600 Scaling factor (ppm) 500 

Bias (ug) 18 Bias (deg/h) 2.7 

ARW (ug/sqrt(Hz)) 90 GRW (deg/s/sqrt(h)) 0.0036 

Update rate (Hz) 100 

Table 5-III Sensor C Error and Bias Settings for Gyroscope and Accelerometer 

IMU Sensor C 

Accelerometer Gyroscope 

Scaling factor (ppm) 600 Scaling factor (ppm) 500 

Bias (ug) 22 Bias (deg/h) 3.3 

ARW (ug/sqrt(Hz)) 110 GRW (deg/s/sqrt(h)) 0.0044 

Update rate (Hz) 100 

Variations in IMU errors for Sensor B and Sensor C are based on study [77], where five 

accelerometers were tested to understand their effects of temperature on the bias from the 

reference temperature of 20°C to 80 °C. It found that bias can increase and decrease 

depending on the model and manufacturing novelties in each system. In some worst-case 

scenarios, this can change by up to 8% from its 20°C reference. Therefore, a 10% change 

is used to encapsulate. 



Mitigating INS Errors Using Deep Learning in GNSS-INS 

Systems 

Experimental Setup 

 

73 

To further assess the impact of variability in the measurement errors, two other error 

models are used with similar error characteristics to generate IMU data to evaluate the 

system performance in handling errors the system is not trained for. These sensors are 

implemented in the simulation with a UAV characteristic profile that runs on the same 

trajectory with the same GNSS outage time to remove as many independent testing 

variables as possible and focus on the comparative performance evaluation. Running 

these different sensors on the same UAV with the same trajectory allows for better 

comparison and analysis of the performance regarding the ML prediction capabilities 

when IMU errors fluctuate. 

Regarding the scenario setup, to generate realistic input and output data for the neural 

network, the simulated route (depicted in Figure 5-2) replicates various manoeuvres 

commonly executed by drones. The simulated route is designed to be balanced so that 

any potential bias introduced by the route itself is cancelled out, thus allowing us to 

properly study the bias introduced by the GNSS and inertial systems being monitored in 

this study. These include heading changes at different g load factors and straight segments 

with acceleration and deceleration. These manoeuvres ensure diverse changes in 

accelerometer and gyroscope readings, allowing both sensor errors to be modelled. 

Furthermore, consecutive segments allow for the isolation of random walk errors whilst 

heading changes represent highly non-linear situations that error correction techniques 

would have to face. The scenario date and time were set at 00:00:00 on September 05, 

2022, with only GPS constellation available. To simulate typical GNSS interruptions, the 

GNSS signal is interrupted for up to 100 seconds to simulate periodic disruption. During 

GNSS dropout times, INS information is used to provide position information to the 

navigation system. The duration of 100 seconds is chosen to allow for comparison with 

state-of-the-art solutions and is typical in urban canyons. In contrast, literature such as 

[78] only compares with 30-second outages. 
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Figure 5-2 Ground Truth UAV trajectory in simulated scenarios 

Data collected from the sensors and simulation systems was stored in CSV file format, 

with the time and date of each timestep recorded. Subsequently, the data was processed 

in MATLAB to generate the ground truth data that serves as the training target. The input 

data consisted of Navigation frame acceleration, angular rate, current orientation, and 

time since the last GNSS update.  

To pre-process data for the neural network, a batch generator generates training batches 

with a batch size of 128.  The data is standardised using a z-score for feature inputs and 

target outputs. Z-score is defined as: 

𝒛 =
𝑥 − 𝜇

√(
Σ𝑖=1

𝑛 (𝑥𝑖 − 𝜇)2

𝑛 − 1
)  

(5.5)

 

where 𝜇 is the mean value of the array, and 𝑥𝑖 is the value in the array sequence. 

5.4.2 Architecture Optimization 

The machine learning algorithm is optimised by implementing random searches to 

identify the optimal number of hidden units, the number of GRU layers, and the optimal 

activation function. This process, which utilises only a limited portion of the total data, 

prioritised minimising computational cost and maximising prediction accuracy. The final 
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layers, consist of an input layer with the inputs of an accelerometer, angular rate, and 

orientation as the features in the columns of the matrix, as well as timesteps with the 

recorded sensor data in the rows. Two hidden layers, comprising 256 and 128 units, 

respectively, and an unrolled length of 5 represent the sequence length input in each input 

from the batch, with a dropout rate of 15%. A tanh activation function provides a non-

linear relationship between the input and output. A dense layer connects all the nodes and 

provides the regressed output of the neural network. For optimising the weights and 

biases, ADAMAX is used with an initial learning rate learning rate of 0.001. Mean 

squared error loss is used as the algorithm's loss function. The trained weights and biases 

are then saved in a .h5 file format to evaluate the test data. 

The test data is then standardised with the previous parameters used in training and then 

fed through the machine learning algorithm, where the output is recorded and then 

compared against the actual position error derived from the difference between ground 

truth and INS position prediction. This data is then evaluated to find the prediction error's 

mean, standard deviation and 95th percentile error. This is then compared to the actual 

position error. Furthermore, error distribution histograms, box plots, plots, and mistakes 

over time are used to evaluate and compare the architecture to analyse the system 

performance better. 

Regarding the investigation into the effects of perturbation errors in IMU sensors, the two 

sensors will be run through the simulation described above. Their accelerometer, angular 

rate, and orientation information will then be used as the inputs for the neural network to 

calculate INS position error. The data will then be evaluated similarly to how this was 

carried out for Sensor A regarding the prediction performance of the GRU. Furthermore, 

comparison the INS position error of Sensor A-B and A-C will be compared against the 

residual error from GRU prediction of Sensor A-B and A-C to understand how the change 

in sensor error characteristics affects the prediction performance. 
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5.5 Results & Analysis 

5.5.1 GRU Performance Analysis  

Table 5-IV shows a comparison of the Mean, Standard Deviation (SD) and 95th percentile 

error in the North, East and Vertical directions for Sensor A INS, GRU training and GRU 

testing data. Cells shown in green indicate the best performance in class comparison. 

Comparing INS and GRU, it can be observed that the GRU performs better than INS only 

throughout each metric. This indicates that the GRU can predict INS errors caused by the 

iterative acceleration and angular rate data integration. This is expected as the GRU has 

access to past errors indicated by the system and can utilise this to understand and mitigate 

these errors. Furthermore, we can also observe that the metrics recorded from the 20% 

Testing data are similar in magnitude to the 80% Training data. This shows that the 

trained architecture has not overfitted to training data and can, therefore, generalise the 

situation with great accuracy.  

Table 5-IV Comparison of Mean (𝝈), Standard Deviation (𝝁) and 95th Percentile Position 

Error for INS Sensor A, GRU Training and Testing in North (N), East (E) and Down (D) 

 
𝝈 error(m) 𝝁(m) 95th Error (m) 

N E D N E D N E D 

INS Sensor A 13.6 14.2 0.77 16.7 18.2 1.12 63.6 68.8 4.14 

Train GRU A 1.46 1.70 0.14 4.09 2.77 0.23 13.7 10 0.82 

Test GRU A 0.92 2.29 0.15 1.28 4.59 0.23 4.76 16.1 0.83 

 

Table 5-V shows a comparison of the Improvements in the North, East and Vertical 

performance with the reference point being the INS Sensor A data. Analysing the data 

shows that utilising GRU error correction outputs in training and testing increases 

positioning performance compared to INS-only position predictions by up to 93%. 

Furthermore, the table also provides information on the Horizontal Mean, Standard 

Deviation (SD) and 95th percentile error with the respective improvement in 

performance. Horizontal improvements of up to 82% are observed with the Training data 

and 80% for the testing data, showing a consistency in performance that indicates no 

overfitting. 
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Table 5-V Comparison of Position Error Improvement in the North, East, Down and 

Horizontal (H) Direction with Sensor A, GRU Training and Testing 

 
Improvement (%) Position Error (m) 

N E D H 𝜎 𝜇 95th 

INS Sensor A N/A N/A N/A N/A 20.8 23.7 91.9 

Train GRU Sensor A 78 85 80 82 2.47 4.82 17 

Test GRU Sensor A 93 77 80 80 2.57 4.71 18.5 

 

In Figure 5-3, the Inertial Navigation System (INS) and the proposed Gated Recurrent 

Unit (GRU) system are compared in terms of horizontal 95th percentile position errors, 

considering the last time since the Global Navigation Satellite System (GNSS) update. 

The results demonstrate that the GRU architecture regularly reduces position errors 

compared to the INS across all time intervals. This implies that the GRU system remains 

reliable even during extended GNSS outages. 

The GRU architecture can operate longer without GNSS positioning than INS for various 

position error threshold values (1 m, 2 m, 5 m, or 10 m). Notably, at the 10m threshold, 

the GRU provides an additional 42 seconds compared to the INS. Mainly, when the GNSS 

outage lasts for 100 seconds with an averaged variety of manoeuvres performed by the 

drone, the horizontal error for the INS amounts to 129.16 m, while the GRU achieves a 

lower error of 25.73 m. This highlights a reduction of 103.43 m in error over a 100-second 

GNSS outage period when utilising the GRU system. 

Furthermore, a notable observation from the log graph is the linear relationship that 

emerges after approximately 25 seconds between horizontal position error and time. This 

indicates an exponential growth pattern where the position error increases exponentially 

as time progresses. This exponential relationship can be attributed to the random walk 

effect exhibited by INS systems due to the inherent sensor biases and errors discussed in 

the introduction. 

Certain intervals exhibit fluctuating gradients when the GRU performance is examined 

more closely. This observation suggests potential underrepresentation of scenarios 

involving turning radiuses with varying g-loads, while overrepresentation of straight 

segments where the system performs better. 
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Figure 5-3 Absolute Horizontal Position Error at Each Time Interval with No GNSS 

Update comparison with Sensor A INS and Sensor A GRU 

When comparing absolute position errors with time since the last GNSS update for 

straight and turning segments shown in Figure 5-4a and Figure 5-4b, respectively, straight 

segments exhibit fewer position errors for the same time duration as heading changes. 

The data collected here is the average of all radii turns and straight segments combined, 

as each is unique due to its direction and g-load profile. Therefore, due to the highly 

nonlinear data from the accelerometer and gyroscope when heading changes occur with 

conduction to the random walk effects, a more challenging circumstance is exhibited for 

the GRU to predict position and velocity errors. This is further backed up by the 

magnitude of INS errors when comparing straight segments (39.89m) with heading 

changes (98.22m). Compared to INS, there is a clear advantage to utilising GRU for 

longer durations of GNSS outages. Nonetheless, some outstanding explanations remain 

regarding spikes at 0, 10 and 55 seconds in Fig. 8a and the period after 80 seconds in Fig. 

8b.  
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Figure 5-4 Comparison of Horizontal Position Error Prediction Performance in terms of 

Straight (a) and Heading Change (b) Trajectories for Sensor A INS and Sensor A GRU at 

95th percentile. 

Figure 5-5 presents a comparison between the Inertial Navigation System (INS), Decision 

Tree, Recurrent Neural Network (RNN), and the proposed Gated Recurrent Unit (GRU) 

network. Notably, the GRU architecture demonstrates superior performance when 

compared to existing solutions. One solution compared in particular is a reference to the 

publication [72] which discusses the use of RNNs to predict INS errors. Therefore, the 

architecture was replicated using one RNN layer (10 hidden nodes) and a tanh activation 
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function. The limitations of INS, as discussed earlier, arise from the constant integration 

at each time epoch, resulting in a random walk effect that exponentially increases position 

error. In contrast, as a learning algorithm, the Decision Tree can reduce position errors in 

the horizontal direction. However, both the RNN and GRU architectures outperform the 

Decision Tree, thanks to their capacity to leverage past error dependencies, thereby 

leading to a reduction in position error. 

Moreover, Decision Trees are susceptible to noisy data because they tend to overfit by 

creating complex structures that fit the noise in the training data, are unstable with small 

changes leading to different trees, may choose splits that reflect noise rather than 

underlying patterns, and have high variance, likely changing significantly with different, 

especially noisy, training sets. Consequently, their performance becomes unstable when 

sensor errors and biases fluctuate, making them less suitable for environments affected 

by external factors such as weather conditions. On the other hand, when comparing RNN 

and GRU, a further reduction in error is observed. This improvement is attributed to the 

implementation of gates in GRU architectures, which enhances the longevity of memory 

properties associated with RNNs. Consequently, the proposed GRU architecture exhibits 

superior prediction performance and significantly reduces position errors. Furthermore, 

RNNs, with their issues of exploding/vanishing gradients, will have a more challenging 

time predicting position error in trajectories that predominantly use heading changes 

carried out over longer distances. 
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Figure 5-5 Horizontal Position Error Box Plot Comparison between Sensor A INS, Sensor 

A Decision Tree, Sensor A RNN and Sensor A GRU 

Additionally, Figure 5-6a and Figure 5-6b illustrate the distribution of absolute horizontal 

position errors for the INS and the proposed GRU. In both training and testing scenarios, 

the GRU model exhibits a notable reduction in position errors, signifying its ability to 

rectify errors introduced by the INS's reliance on continuous sensor data integration for 

obtaining velocity and position data. Furthermore, the absence of overfitting to specific 

trajectories or segments of the trajectory highlights the generalisation capacity of the 

proposed GRU architecture.  
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Figure 5-6 Position Error Distribution (a) (b) for Training and Testing Data with Sensor A 

INS and Sensor A GRU 

Figure 4-11 compares the position performance of both the Inertial Navigation System 

(INS) and the proposed Gated Recurrent Unit (GRU) system. The proposed position 

estimate in the GRU system is obtained by subtracting the predicted position error from 

the INS output. The results demonstrate that the proposed system exhibits improved 

ground truth tracking compared to the INS. 
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Figure 5-7 Trajectory Comparison between Ground Truth, Sensor A INS and Sensor A 

GRU for Training (a) and Testing Data (b) 

5.5.2 Training and Inference Speed 

As mentioned previously, training the GRU aims to provide a data-based model for 

predicting INS errors. Therefore, the network weights and biases must be trained to 

improve its prediction performance. The training was set up to iterate until no further 

convergence occurs on the testing dataset. The training time and inference speed is 

compared against the network mentioned in publication [72]. The training speeds include 

the time until no further convergence was observed for 100 epochs for the testing dataset, 

and the inference speed is based on the output of one iteration (𝑃𝑟𝑒𝑑𝑡). 

 Training Speed (min/sec) Inference Speed (ms) 

GRU (proposed) 14 min 32 seconds 3.01 

RNN [72] 11 min 21 seconds 2.32 

The RNN's training speed was observed to be faster than the GRU's, and its inference 

speed was faster than the sensors' update rates for both GRU and RNN. This indicates 

that despite the GRU's improved architecture, the inference speed penalty does not 

significantly implement its real-time use for error prediction. 
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5.5.3 Perturbation Analysis 

Table 5-VI This paper compares various error metrics in the North, East, and Vertical 

directions for different systems: Sensor B INS, GRU trained on Sensor A and used for 

predicting Sensor B INS errors, Sensor C INS, and GRU trained on Sensor A and used 

for predicting Sensor C INS errors. The columns highlighted in green indicate the best 

performance within their respective comparisons. 

When comparing the performance of INS and GRU, it is evident that GRU consistently 

outperforms INS across all evaluated metrics, as shown in the analysis above, with an 

error reduction of up to 93%. This finding suggests that the GRU model can accurately 

predict the errors associated with INS caused by the iterative integration of acceleration 

and angular rate data. This can be attributed to the GRU's ability to leverage past error 

predictions within the system, enabling it to understand and mitigate these errors 

effectively and can be visually seen in 11 when the INS position deviated from the ground 

truth. 

Furthermore, it is worth noting that even though the GRU model is not specifically trained 

on Sensor B and Sensor C errors, it still demonstrates a reduction in position errors 

comparable to the performance achieved during training. To better understand the effects 

of variations in sensor errors, we examine the differences in error magnitudes between 

Sensor A and Sensor B and Sensor A and Sensor C and assess how the algorithm handles 

and accounts for these error disparities. 

Table 5-VI Comparison of Position Error in the North, East, Vertical and Horizontal 

Direction with INS Sensor B, INS Sensor C, GRU Testing Data Sensor B and GRU Testing 

Data Sensor C 

 
𝝈 error(m) 𝝁(m) 95th Error (m) 

N E D N E D N E D 

INS Sensor B 13.3 13.9 0.75 16.4 17.8 1.10 62.4 67.4 4.06 

Test GRU B 1.44 1.58 0.14 4 2.70 0.22 13.4 9.67 0.80 

INS Sensor C 13.8 14.4 0.78 17 18.6 1.15 64.9 70.1 4.22 

Test GRU C 1.65 1.89 0.16 5.18 2.94 0.25 17.2 10.7 0.91 
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Table 5-VII compares the performance improvements in the North, East, and Vertical 

directions, with the INS data from Sensors B and C as the reference point. The data 

analysis reveals a performance gain for both Sensor B and Sensor C when using the GRU 

to predict INS errors, surpassing the performance of INS by up to 86%. 

Additionally, the table provides insights into the Mean Horizontal Error, Standard 

Deviation (SD), and 95th percentile error, along with the corresponding performance 

improvements. Notably, the testing data for Sensor B and C exhibits improvements of up 

to 82%, similar to the testing data from earlier results which demonstrated an 

improvement of 80%. This consistency in performance suggests no overfitting in the 

model, indicating its ability to generalize well beyond the training dataset. 

Table 5-VII Comparison of Mean, Standard Deviation and 95th Percentile of Position 

Error for INS Sensor B, INS Sensor C, GRU Testing Data Sensor B and GRU Testing 

Data Sensor C 

 
Improvement (%) Position Error (m) 

N E D H 𝜎 𝜇 95th 

INS Sensor B N/A N/A N/A N/A 20.4 23.2 90 

Test GRU B 78 86 80 82 2.37 4.71 16.5 

INS Sensor C N/A N/A N/A N/A 21.2 24.1 93.6 

Test GRU C 74 85 78 78 2.84 5.81 20.2 

 

To investigate how the GRU architecture handles fluctuations in noise and bias, a 

comparative analysis is conducted, finding the error differences between INS Sensor A 

and INS Sensor B as well as INS Sensor A and INS Sensor C. By calculating the 

difference between these error distributions, the specific impact of sensor bias and noise 

on position performance can be isolated. Similarly, the error distribution differences of 

GRU A and GRU B and GRU A and GRU C, which are employed to mitigate sensor 

errors, are compared. This comparison enables an assessment of whether the GRU 

effectively mitigates the errors or ignores them. 

Mathematically, the comparison of error distributions can be represented as follows: 
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Let 𝐸𝐴
𝐼𝑁𝑆  and 𝐸𝐵

𝐼𝑁𝑆   represent the horizontal errors of INS Sensor A and INS Sensor B, 

respectively. Let 𝐸𝐴
𝐺𝑅𝑈 and  𝐸𝐵

𝐺𝑅𝑈   denote the horizontal error of GRU A and GRU B, 

respectively. The difference between the errors can be calculated as: 

𝛿𝐼𝑁𝑆 = 𝐸𝐵
𝐼𝑁𝑆 − 𝐸𝐴

𝐼𝑁𝑆 (5.6) 

𝛿𝐺𝑅𝑈 = 𝐸𝐵
𝐺𝑅𝑈 − 𝐸𝐴

𝐺𝑅𝑈 (5.7) 

Then, a distribution is formed from the calculation above. By analysing the similarity or 

dissimilarity between 𝛿𝐼𝑁𝑆 and 𝛿𝐺𝑅𝑈 , insights can be gained regarding the GRU's 

handling of sensor errors. If 𝛿𝐺𝑅𝑈 closely matches 𝛿𝐼𝑁𝑆, it indicates that the GRU 

architecture may ignore the errors rather than effectively mitigate them. Conversely, if 

𝛿𝐺𝑅𝑈 shows a reduced error compared to 𝛿𝐼𝑁𝑆, it suggests successful mitigation of errors. 

An increase in errors in 𝛿𝐺𝑅𝑈 implies potential overfitting of the GRU to INS Sensor A 

data. 

The comparative analysis and mathematical representation outlined above provide a 

systematic framework for evaluating the GRU's performance in mitigating sensor bias 

and noise. By investigating the differences between error distributions, valuable insights 

can be gained into the GRU's robustness and generalisation capabilities in handling 

various sensor setups. 

Figure 5-8 presents the error distribution analyses as previously described. In Figure 5-8a, 

the differences in error distributions between INS A and INS B and between GRU A and 

GRU B are examined. Likewise, Figure 5-8b focuses on the distinctions in error 

distributions between INS A and INS C and between GRU A and GRU C. Notably, in 

both cases, the observed error distributions were inconsequential. This suggests that the 

architecture neglects the specific impact of sensor bias and noise during fluctuations. It is 

worth noting that, for the relatively modest fluctuations investigated in this study, these 

factors did not significantly influence prediction accuracy. 
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Figure 5-8 Comparative Analysis of Sensor Perturbation Error Performance for Sensor B 

GRU (a) and Sensor C GRU (b) with the Respective Difference in INS error 

To further investigate the similarities in the difference in distribution between the 3 

different Sensors, a Kullback–Leibler (KL) divergence analysis is carried out. Here, we 

will compare the differences between the error distribution of INS and GRU for the 

respective sensors. Then, we can compare the 3 KL values globally to understand how 

close or far each KL divergence is from each sensor. If error distributions of INS and 

GRU on each sensor 𝑖 = 𝐴, 𝐵, 𝐶 are denoted by 𝑃𝑖(𝑥) and 𝑄𝑖(𝑥) respectively, then 

mathematically, this is represented as: 
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𝐷(𝑃𝑖||𝑄𝑖) = Σ𝑃𝑖(𝑥)𝑙𝑜𝑔 (
𝑃𝑖(𝑥)

𝑄𝑖(𝑥)
) (5.8) 

where 𝐷(𝑃𝑖||𝑄𝑖) is the KL divergence of 𝑃𝑖(𝑥) and 𝑄𝑖(𝑥), 𝑥 represents the events in X, 

the set of all possible events and the sum extends over all 𝑥 in X. Therefore, the KL for 

each sensor between the two models can be calculated. The results of the KL study are 

shown in Table 5-VIII, where we see a KL for Sensor A of 0.5328, 0.5583 for Sensor B, 

and 0.5263 for Sensor C. This outcome corroborates the analysis earlier and shows that 

the GRU neglects these fluctuations. 

Table 5-VIII Comparison of KL divergence between INS and GRU for Sensor A, Sensor B 

and Sensor C 

 KL divergence 

Sensor A 0.533 

Sensor B 0.558 

Sensor C 0.526 

 

Figure 5-9 illustrates a direct comparison between the Inertial Navigation System (INS) 

and the proposed Gated Recurrent Unit (GRU) architecture, explicitly focusing on the 

horizontal 95th percentile position errors. The analysis takes into account the time elapsed 

since the most recent Global Navigation Satellite System (GNSS) update, with Figure 

5-9a corresponding to Sensor B and Figure 5-9b corresponding to Sensor C. 

The results reveal consistent improvements in position accuracy achieved by the GRU 

architecture compared to the INS across all examined time intervals. Notably, the GRU 

system demonstrates enhanced performance despite being trained exclusively on Sensor 

A data. This finding suggests the GRU's robustness and reliability in mitigating position 

errors during extended GNSS outages, particularly in cases where minor disturbances 

may affect sensors. 

However, it is essential to note a slight reduction in the duration for which the GRU 

system can be relied upon, specifically observed in the case of Sensor C. For instance, at 

a 10-meter threshold, the duration decreases from 42 seconds to 38 seconds, indicating a 

slightly diminished performance under more challenging conditions. 
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Figure 5-9 Absolute Horizontal Position Error at Each Time Interval with No GNSS 

Update comparison with Sensor B INS/ Sensor B GRU (a) and Sensor C INS/ Sensor C 

GRU 

5.6 Conclusion 

In conclusion, the present study has analysed the performance of GRU architecture 

compared to INS for error prediction. A notable improvement was observed in the GRU's 

ability to predict INS errors, thereby successfully mitigating them. 
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The statistical comparison demonstrated significant improvements in error prediction by 

the GRU. In the North (N), East (E), and Down (D) directions, the mean errors for the 

INS, GRU training, and GRU testing were respectively (13.6, 14.2, 0.77), (1.46, 1.70, 

0.14), and (0.92, 2.29, 0.15) meters. The corresponding 95th percentile errors were (63.6, 

68.8, 4.14), (13.7, 10, 0.82), and (4.76, 16.1, 0.83) meters. These results indicate that the 

GRU outperformed the INS by up to 93% in position error improvement. 

Moreover, the study evidenced horizontal improvements of up to 82% and 80% in 

training and testing data respectively, demonstrating a consistent performance that 

indicates no overfitting. In a 100-second GNSS outage period, the GRU achieved a lower 

error of 25.73 meters compared to INS's 129.16 meters, highlighting a reduction of 103.43 

meters in error. 

A comparative evaluation with other techniques, including Decision Tree and Recurrent 

Neural Network (RNN), further affirmed the superiority of the GRU architecture. 

Specifically, GRU's gate implementation enhanced memory properties' longevity, 

outperforming other techniques. 

The study's figures illustrate the absolute horizontal position error, trajectory comparison, 

and position error distribution, substantiating the GRU model's efficacy in mitigating 

position errors, even in highly non-linear scenarios. However, certain challenges persist, 

such as the fluctuating gradients and significant peaks correlating with heading changes. 

The study also focused on analysing the fluctuation in sensor error performance on GRU, 

trained explicitly on Sensor A and tested on Sensors B and C to represent fluctuations due 

to thermal and environmental effects on IMUs. The GRU model consistently 

outperformed INS, reducing errors by up to 93% when applied to Sensors B and C, which 

differ from the training data; significant reductions in position errors were observed. For 

instance, errors were lessened from 13.3 to 1.44 in the North direction for Sensor B. The 

performance gains for both Sensors B and C surpassed INS by up to 86%, and 

improvements in Mean Horizontal Error and other statistics were up to 82%. However, a 

Kullback-Leibler (KL) divergence analysis between INS and GRU resulted in values of 

0.533, 0.558, and 0.526 for Sensors A, B, and C, respectively, suggesting that fluctuations 

due to environmental effects were not being mitigated in the GRU architecture. 

Additionally, there was a slight reduction in performance duration for Sensor C at a 10-
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meter threshold, from 42 seconds to 38 seconds, signalling a minor decline in 

performance under more challenging conditions.  

Notwithstanding the GRU's inability to specifically detect fluctuations in the data 

attributed to thermal and environmental effects on the sensors, these variations did not 

present a substantial challenge to the system. The GRU was still able to enhance position 

accuracy, reflecting its resilience and efficacy even in the presence of potential 

inconsistencies that might affect traditional IMUs. 

Overall, the findings underscore the promising potential of the GRU architecture in 

enhancing positioning performance and tracking the ground truth more closely. These 

results pave the way for further research into the generalizability of the proposed 

architecture, particularly in more complex and variable navigation environments, to fully 

explore its capabilities and limitations. 
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Chapter 6 Machine Learning-Enhanced 

GNSS in Urban Canyons: A 

Novel Multipath Detection 

and Signal Ranking 

Approach 

Abstract 

Environments that produce rich multipath present a range estimation accuracy challenge 

for techniques involving Global Navigation Satellite Systems (GNSS) signals. Often, air 

or ground vehicles transition through a range of multipath environments. Existing 

techniques to mitigate the presence of multipath exist using sensor fusion and interference 

cancellation techniques. Yet, most of these techniques do not exploit the temporal nature 

of GNSS datasets to improve multipath conditions. The challenge is to develop novel 

approaches for mitigating multipath errors in vehicular flying scenarios. Here, we first 

propose a Gated Recurrent Unit (GRU)-based machine learning model to enhance signal 

classification between Line-Of-Sight (LOS), multipath, and None Line-Of-Sight 

(NLOS). After filtering out NLOS, we rank the remaining multipath and direct signals 

based on their GDOP contribution values to triage quality. The end-to-end system was 

tested using industrial standard Hardware-In-The-Loop (HIL) capabilities (e.g., realistic 

GNSS signal generator using Spirent GSS7000 and signal ray tracing using OKTAL-SE 

Sim3D). Results demonstrate improvements in classifying GNSS signals surpass other 

methods with a classification accuracy of 93.81%, which translates to a positioning 

accuracy improvement of up to 67%. This study demonstrates the potential of GRU 

classification and ranking in real-world GNSS applications for multipath-rich navigation 

by autonomous vehicle systems. 
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6.1 Introduction 

It is essential not only to provide GNSS positioning consistently but to do so with 

improved accuracy and precision as the risk to life is severely increased in dense living 

conditions [79]. Consequently, it is of interest to maintain or improve GNSS position 

accuracy and availability in these surroundings to provide safe navigation [80]. Whilst 

the previous chapter focused on reducing errors from INS systems when GNSS is 

unavailable, it is important to still include GNSS in the longer-term strategy of navigation. 

Therefore, evaluating techniques to mitigate GNSS errors is crucial. 

However, urban canyons provide a challenging GNSS signal propagation and accurate 

positioning environment. Not only do transition, transmission and receiver errors need to 

be accounted for when calculating the pseudorange between the GNSS satellites and 

receivers [81], but multipath of GNSS signals are also factors that increase GNSS 

positioning errors [82]. As discussed in earlier chapters, NLOS and Multipath can cause 

severe degradation to GNSS positioning performance. Hardware/Software-level 

solutions include resolving signal ambiguity through receiver correlator design.  The 

basic idea of the correlator design is to compare three parts: the early, prompt, and late 

channels in the code tracking loop. It checks for the difference between the direct signal 

and the reflected one. However, this design is ineffective in reducing the problems caused 

by NLOS because no direct signal exists for this satellite. 

Existing techniques vary in their approach to this issue, which can be categorised as 

antenna and receiver design, signal processing, integrated systems, visual-aid, and 

statistical approaches [28]. In this chapter, we will focus on GNSS modules available to 

consumers and limit the depth of this chapter to methods that can be applied after signal 

processing.  

Given the above need to find a solution to GNSS multipath conditions in urban canyons, 

this chapter proposes a two-step process for increasing position accuracy by classifying 

signals into three distinct categories by utilising a Gated Recurrent Unit (GRU) 

architecture and ranking these signals based on their Geometric Dilution of Precision 

(GDOP) individual contribution 𝛾𝑖. The choice of GRU allows for further use of temporal 

dependencies to improve classification accuracy. These categories are LOS, Multipath 
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and NLOS. The proposed feature input to the neural network is the observable data 

available to commercial customers, such as pseudorange, elevation, satellite position, 

Doppler shift, and C/N0. Once signals are classified for that timestep, NLOS signals will 

be removed from the list of available satellites. Additionally, all signals are ranked based 

on their 𝛾𝑖values for each satellite. Those with the least 𝛾𝑖 will be used to calculate user 

position using the least-squares method. This reduces the number of signals that affect 

the accuracy from considering NLOS signals and precision by reducing the overall 

GDOP.  

The remainder of this chapter is organised as follows: Section two will discuss a literature 

review on existing techniques. Section three introduces the proposed architecture. Section 

four focuses on experiment setup and data collection methodology. Section five presents 

and discusses the results of the experiment and any relevant implications from the 

analysis. Lastly, section six presents the chapter’s concluding remarks and future work. 

6.2 Literature Review 

6.2.1 Signal Classification Techniques 

One of the most common techniques used to check GNSS integrity is Receiver 

Autonomous Integrity Monitoring (RAIM). RAIM supplies integrity monitoring for 

GNSS Fault Detection (FD) [83]. It requires the pseudorange measurements of at least 

five satellites for FD or six satellites for Fault Detection and Exclusion (FDE). The range 

and position errors modelled for RAIM are carried out in an open sky environment. 

Therefore, the performance is degraded in urban canyons, with the majority of 

pseudorange measurements either not being available or experiencing multipath effects 

[84] . 

Another existing method includes 3D environment model mapping, which estimates the 

possible magnitude of pseudorange errors or helps provide alternative navigation routes 

to autonomous systems. This method requires a 3D map of the environment to examine 

the areas, depending on the time of day, for the number of available satellites with LOS 

access to the receiver of the vehicle [85]. However, these 3D environments may need to 

be updated compared to the real world. Additionally, this may not aid in detecting NLOS 

signals when large vehicles are on the ground, blocking the direct path to the receiver. 
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Lastly, alternative navigation routes may only sometimes be possible as the destination 

might be in an area where most satellites are not in LOS.  

Recently, statistical approaches have been researched as a possible solution in FDE for 

removing multipath pseudorange measurements. Paper [86] uses a k-means cluster 

approach for multipath detection. The algorithm uses a set of features such as carrier 

phase, pseudorange, and carrier-to-noise ratio to categorise into two groups. These groups 

are ‘direct signal’ and ‘indirect signal’. From simulations, it has been shown to provide 

improvements over RAIM when multiple pseudorange measurements are affected by 

multipath. However, the author notes that more analysis is required on selecting 

parameters that affect the performance of the suggested algorithm. Furthermore, the 

carrier-to-noise ratio for detecting LOS signals may change depending on the receiver's 

location and the satellite's elevation. 

Another method from the paper [87] uses Support Vector Machines (SVM) to classify 

the pseudorange measurements into three distinct categories: clean, multipath, and 

NLOS. The classification is carried out using four features: Received Signal Strength 

(RSS), change of rate of RSS, pseudorange residual and pseudorange rate. The 

experiment results show a classification accuracy of 75%. An advantage of using SVM 

is the capability to handle non-linear datasets. The disadvantage is that those past error 

dependencies should be considered. Moreover, large datasets slow down SVM solutions. 

Paper [88] investigates the development of the random sample consensus (RANSAC) 

algorithm for fault detection and exclusion in the tightly coupled integration of 

GNSS/INS, presenting a methodology that leverages a voting mechanism to distinguish 

between inliers and outliers for enhanced navigation reliability. This approach relies on 

iterative sampling and model consistency checks to identify and exclude erroneous GNSS 

data, thereby improving positioning accuracy. However, integration of INS introduces 

complexities, notably in the synchronisation and fusion of data from additional INS 

sensors, which can complicate system design and introduce noise and bias terms. It can 

be challenging to balance the algorithm's sensitivity to its parameters—such as subset 

sample size, inlier threshold, and iteration count—against the dynamic and often 

unpredictable nature of GNSS signal degradation. Additionally, the temporal 
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dependencies are not factored in the algorithm, nor does it allow for adaptability when 

more data is available, which could aid in improving positioning performance.  

6.2.2 Signal Ranking Techniques 

Paper [89] proposes a novel approach for GNSS signal ranking. The authors introduce a 

machine learning-based architecture that classifies GNSS signals as Line-of-Sight (LOS) 

or Non-Line-of-Sight (NLOS) using quality indicators. The classified signals are then 

assigned weights, ranking them based on reliability. This weighting scheme incorporates 

factors such as the Carrier-to-Noise ratio (C/N0), elevation angle, and the probability of 

NLOS. The study reports a classification accuracy of 93.43% with the random forest 

algorithm, significantly improving positioning accuracy in all three dimensions. This 

research highlights the potential of machine learning in enhancing GNSS signal ranking 

systems. 

Another paper that focuses on ranking is [90] proposes multipath detection by 

continuously monitoring the Carrier-To-Noise Ratio (C/N0) of incoming signals to detect 

NLOS. Using elevation to determine the C/N0 threshold, the author’s algorithm could 

judge whether the signal experienced a Multipath. Furthermore, to overcome the issues 

of the signal fluctuating between the threshold, continuous time-series C/N0 were 

investigated to put a time requirement for the signal to be above the threshold before it 

can be used again for positioning. The test results show a decrease in the 90th percentile 

of horizontal positioning error from 37.8 m to 4.31 m. The tests were conducted in 

multiple different environments with different urban landscapes. Horizontal Root Mean 

Squared Errors (RMSE) also decreased positioning errors from 12.47 m to 2.23 m. 

However, the tests conducted in this chapter are all based on static antennas. Therefore, 

the thresholds are not re-evaluated and may not be suitable for moving vehicles. 

Furthermore, whilst it does use a continuous-time series to provide a minimum time 

required for the C/N0 to be above the threshold, it does not consider past error 

dependencies. Therefore, a minimum time set for all scenarios might not be suitable 

everywhere. 

One paper that uses observables to determine the rank of the signals is paper [91] which 

evaluates the contribution of individual satellites to the overall Geometric Dilution of 

Precision (GDOP) in a satellite navigation system. It introduces an observation matrix 
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𝐻𝑚 for 𝑚 satellites and a modified matrix 𝐻𝑗
𝑚 where one satellite (𝑗𝑡ℎ) is removed. The 

relationship between the full matrix and its modified version is used to calculate the 

GDOP changes when excluding a satellite. By applying the Sherman-Morrison formula, 

the document presents a way to calculate the inverse of the modified matrix (𝐺𝑖
𝑚−1) from 

the original matrix inverse (𝐺𝑚). This calculation helps in determining the contribution 

(𝛿𝐺) of the 𝑗𝑡ℎ satellite to the GDOP value, where a larger 𝛿𝐺 indicates a higher impact 

of the satellite on the system's accuracy. This method quantitatively measures each of the 

satellite's importance to the precision of the navigation solution . This score is then 

combined using a weighted scoring function cap with the pseudorange prediction to 

provide the final rank of the signals. Whilst this method introduces a novel approach to 

signal ranking and using the available GNSS observables, the weighted score is calculated 

empirically for one location. It needs to recalculate when changing to a different position. 

Furthermore, the algorithm heavily weighs the contribution from the pseudorange 

prediction. 

6.3 Proposed Architecture 

6.3.1 High Level Overview 

The proposed architecture, depicted in Figure 6-1, outlines a multi-stage pipeline for 

processing GNSS signals to enhance position estimation accuracy in challenging 

environments. The system integrates machine learning-based classification, signal 

filtering, and geometric optimisation to ensure that only the most reliable satellite signals 

are used in the position calculation. The stages of the architecture include GRU-based 

classification, non-line-of-sight (NLOS) signal removal, ranking of signals based on their 

dilution of precision contribution, and the final computation of position estimates using a 

least-squares method. 
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Figure 6-1 High level proposed architecture overview 

At each timestep T, the GNSS receiver collects observable data for all visible satellites. 

These observables include essential signal parameters such as satellite ID, pseudorange, 

Doppler shift, carrier phase, signal-to-noise ratio (C/N0), elevation, azimuth, and satellite 

position. This data provides the foundation for subsequent processing and is first passed 

to a gated recurrent unit (GRU) neural network for classification. 

The GRU is designed to analyse the temporal behaviour of each satellite’s signal, using 

time-series data spanning the last 20 timesteps for each satellite. Based on this analysis, 

the GRU classifies the signals as either line-of-sight (LOS), multipath, or NLOS. This 

classification takes advantage of the GRU’s ability to learn temporal dependencies and 

recognise patterns indicative of signal impairments, such as the characteristic fluctuations 

caused by multipath or NLOS conditions. The classification results for all satellites at 

timestep T are stored in an exclusion list, which is the basis for filtering out unreliable 

signals. 

Once all satellite signals for timestep T  have been classified, the system proceeds to the 

NLOS signal removal stage. Signals identified as NLOS are excluded from further 

processing, as they are typically unreliable and contribute significant errors to the position 

calculation. The remaining LOS and multipath signals are then ranked based on their 

geometric dilution of precision contribution, denoted as 𝛾𝑖. The 𝛾𝑖 metric quantifies the 
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contribution of each satellite to the overall geometry of the GNSS constellation, with 

lower 𝛾𝑖 values indicating a more favorable contribution to positioning accuracy. 

To optimise the position estimation process, only the seven signals with the lowest  

𝛾𝑖Values are retained. These signals provide the best geometric configuration for 

minimising the dilution of precision, ensuring that the position and velocity estimates are 

as accurate as possible. Finally, the retained signals are inputs to the least-squares 

algorithm, which computes the GNSS position and velocity estimates for the current 

timestep. 

This architecture integrates temporal analysis, classification, and geometric optimisation 

to provide a robust framework for GNSS signal processing. By filtering out unreliable 

signals and leveraging only the most geometrically advantageous observations, the 

system mitigates the effects of multipath and NLOS conditions, resulting in more accurate 

and reliable position estimates. The GRU-based classification and iDOP-based ranking 

are particularly critical in environments with significant signal impairments, such as 

urban canyons or dense foliage, where traditional GNSS processing methods often 

struggle. 

6.3.2 GRU-based Satellite Signal Classification 

GNSS receivers' observations will be recorded to collect feature inputs to the network. 

These include satellite ID, pseudorange, doppler shift, carrier phase, C/N0, elevation, 

azimuth, and satellite position in Earth-Centered Earth Fixed (ECEF) coordinates. The 

data is then processed using weights, biases, and non-linear functions to link the input 

features and the output decision. The inputs were chosen based on the current literature 

systems investigated in the state-of-the-art review. C/N0 was effectively used in [86] to 

classify NLOS. Elevation-based C/N0 was also reviewed in [90] as an influential aspect 

in deciding whether multipath was present. Furthermore, Doppler shift and pseudorange 

were also used in the paper [87] to improve the classification performance in SVM. Using 

these features, the GRU architecture will be trained to classify each signal at the timestep 

𝑇 as either LOS, Multipath, or NLOS. The predicted outputs will then be compared 

against the label for each signal. The training will continue until no further improvement 

in accuracy is observed. The output from the GRU will be used in the next stage. 



Machine Learning-Enhanced GNSS in Urban Canyons: A Novel 

Multipath Detection and Signal Ranking Approach 

Proposed Architecture 

 

100 

The classification for each signal at the timestep 𝑇 will then be used to exclude NLOS 

flags. Therefore, only Multipath and LOS signals will remain after the classification 

process. This will then be carried forward to the next process, which is signal ranking.  

 

Figure 6-2 Machine learning architecture with optimized parameters 

The GRU architecture is shown in Figure 6-2. Hyperparameter optimization using 

random search from the Keras library was applied to optimize learning parameters, 

number of fully connected layers, activation function, regularization strength, and if 

standardization will affect convergence speed. 

The data is standardized using a z-score where the mean equals zero and a standard 

deviation of one. One layer with 250 hidden units and a dropout rate of 30% is used. A 

SoftMax layer is added, and a cross-entropy loss function is used to train the classification 

algorithm and provide an output of which signal is NLOS, multipath or LOS. The labels 

are provided using the ground truth data from the GSS7000 simulator. The trained 

weights and biases were saved in a .h5 file for testing. Testing is carried out with a 

train/test split of 80/20. The output of test data is recorded and is compared against the 

true labels of the data. The training was conducted on an ML platform consisting of a i7-

12700K and a Nvidia RTX3070Ti. The response time for testing was recorded as 6ms per 

output. 
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6.3.3 Discussion on using GRU for classification and regression 

simultaneously 

In the previous chapter, a GRU was employed to decrease INS errors, demonstrating the 

model's effectiveness in leveraging temporal patterns for regression tasks in navigation 

systems. This finding prompts consideration of extending the GRU's functionality to 

simultaneously handle the classification of GNSS signals as NLOS, Multipath, or LOS. 

While combining these tasks into a single GRU may initially seem advantageous for 

reducing model complexity, practical considerations suggest maintaining distinct GRUs. 

A key challenge lies in the input data for each task. The GRU for INS error prediction 

relies solely on inertial measurements designed for GNSS-denied environments. In 

contrast, the GNSS classification task depends exclusively on GNSS signal features, such 

as signal-to-noise ratio or satellite geometry, and does not require inertial data. Since the 

two tasks do not share input features, a unified GRU would not benefit from any 

meaningful overlap in the input space, making the combination less effective. 

Furthermore, the temporal characteristics of the input data streams differ. INS data is 

sampled at high frequencies (100–1000 Hz), providing dense temporal sequences for 

error modelling. On the other hand, GNSS data is received at much lower frequencies (1–

10 Hz), which aligns with the needs of classification tasks. Using a single GRU for these 

two tasks would require it to process asynchronous and temporally disjoint data streams, 

adding unnecessary complexity and potentially undermining its performance. 

Given these factors—distinct input domains and differing temporal characteristics—it is 

recommended to maintain separate GRUs for INS error prediction and GNSS signal 

classification. This separation ensures that each GRU can be optimized for its specific 

task, leveraging the temporal data in a way that aligns with the respective task's unique 

requirements. 

6.3.4 Signal Ranking Using 𝜸𝒊 

For ranking the multipath and LOS signals, the chapter proposes a method to calculate 

their 𝛾𝑖 using the azimuth and the elevation angle for each satellite in respect to the pose 

of the vehicle. 𝛾𝑖 is the impact of the individual satellite's geometry on the overall GDOP. 

It is an indication of how the removal or addition of a particular satellite affects 
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positioning accuracy. First, the geometry matrix 𝑯 for each timestep needs to be 

calculated. 

𝐻𝑟 = [𝑁𝑟 , 𝐸𝑟 , 𝑈𝑟 , 1] (6.1) 

 

Where, N, E, U are as follows: 

𝑈 = sin(𝜃) (6.2) 

𝑁 = 𝑐𝑜 𝑠(𝜃) 𝑐𝑜 𝑠(𝜙) (6.3) 

𝐸 = cos(𝜃) sin(𝜙) (6.4)

therefore, matrix 𝑯 at timestep 𝑡 is: 

𝑯𝒕 = [

𝑁1 𝐸1 𝑈1 1
𝑁2 𝐸2 𝑈2 1
⋮ ⋮ ⋮ ⋮

𝑁𝑛 𝐸𝑛 𝑈𝑛 1

] (6.5) 

For each satellite, the Δ𝐷𝑂𝑃 is calculated by projecting the contribution of that satellite’s 

geometry to the overall precision matrix Q. 

𝑄 = 𝐻𝑇𝐻 (6.6) 

If 𝐻𝑟 is represents a row from the geometry matrix for a specific satellite, then the 𝛾𝑖 for 

that satellite can be given by [92]: 

𝛾𝑖 = ℎ𝑟𝑄ℎ𝑟
𝑇 (6.7) 

𝛾𝑖 must be calculated for each satellite at each timestep. The algorithm employed to do so 

and the ranking of these signals are shown in Algorithm 1. Once the signals have been 

ranked, with the lowest value having the highest standing, the seven best-performing 

satellites will then be used to calculate the final GNSS positioning using the Least Squares 

approach. 

Algorithm 1: Computation of GDOP and 𝛾𝑖 for Each Timestamp 

1: Input: result (cell array containing satellite information for each 

timestamp) 

2: Output: GDOP_values (vector of GDOP values), result (updated 

with delta_DOP) 

3: num_timestamps ← length(result) 

4: GDOP_values ← array of zeros with size num_timestamps 
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5: 𝛾𝑖  _cells ← cell array with size num_timestamps 

6: for t ← 1 to num_timestamps do 

7:     Info ← result{t}(:, 3:4) // Extract relevant satellite       information 

8:     n ← length(Info) 

9:     H ← matrix of zeros with size n x 4 

10:    𝛾𝑖   ← array of zeros with size n 

11:    Info ← convert degrees to radians (Info) 

12:    for i ← 1 to n do 

 

13:        East ← cos(Info(i,1)) * sin(Info(i,2)) 

14:        North ← cos(Info(i,1)) * cos(Info(i,2)) 

15:        Up ← sin(Info(i,1)) 

16:        H(i,:) ← [North East Up 1] 

17:    end for 

18:    Q ← inverse(transpose(H) * H) 

19:    GDOP ← sqrt(trace(Q)) 

20:    GDOP_values(t) ← GDOP // Store the computed GDOP 

21:    for i ← 1 to n do 

22:        𝛾𝑖  (i) ← H(i,:) * Q * transpose(H(i,:)) 

23:    end for 

24:    result{t} ← append 𝛾𝑖  to result{t} 

25:    result{t} ← sort rows of result{t} based on the last column 

26: end for 

 

6.3.5 Position Estimation Using Least-Squares 

Estimating the position of a GNSS receiver involves minimizing the discrepancies 

between the observed and computed pseudorange from a constellation of satellites. The 

least squares method is employed for this optimization problem, yielding the receiver’s 

position and clock bias. This is a modification of mentioned least-squares approach in 

previous chapter. The pseudorange 𝑅𝑖 to the 𝑖-th satellite can be represented as:  

𝑅𝑖 = √(𝑥 − 𝑥𝑖)2 + (𝑦 − 𝑦𝑖)2 + (𝑧 − 𝑧𝑖)2 + 𝑐(𝑏 − 𝑏𝑖) + 𝑒𝑖 (6.8)  

Where (𝑥, 𝑦, 𝑧) denotes the receiver coordinates, (𝑥𝑖, 𝑦𝑖 , 𝑧𝑖) represents the known 

coordinates of the 𝑖-th satellite, 𝑐 is the speed of light, 𝑏 is the receiver clock bias, 𝑏𝑖 is 

the 𝑖-th satellite clock bias, and 𝑒𝑖 is the measurement noise. Due to the nonlinear nature 

of the observation equations, a linearization is required around an initial approximation 

(𝑥0, 𝑦0, 𝑧0) with an estimated clock bias 𝑏0. The linearized form of the observation 

equation is: 

𝑅𝑖 + 𝛿𝑅𝑖 = 𝜌𝑖 + (𝑥 − 𝑥0)
𝜕𝜌𝑖

𝜕𝑥
+ (𝑦 − 𝑦0)

𝜕𝜌𝑖

𝜕𝑦
+ (𝑧 − 𝑧0)

𝜕𝜌𝑖

𝜕𝑧
+ 𝑐𝛿𝑏 + 𝑒𝑖 (6.9) 
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Where 𝑝𝑖 is the geometric range from the approximate position to the 𝑖-th satellite, and 

𝛿𝑅𝑖 is the range correction. The design matrix 𝐴, which includes the partial derivatives 

of the geometric ranges with respect to the position and clock bias, is constructed as 

follows: 

𝐴 =

[
 
 
 
 
 
 
 
𝜕𝑅1

𝜕𝑥

𝜕𝑅1

𝜕𝑦

𝜕𝑅1

𝜕𝑧
𝑐

𝜕𝑅2

𝜕𝑥

𝜕𝑅2

𝜕𝑦

𝜕𝑅2

𝜕𝑧
𝑐

⋮ ⋮ ⋮ ⋮
𝜕𝑅𝑛

𝜕𝑥

𝜕𝑛

𝜕𝑥

𝜕𝑅𝑛

𝜕𝑥
𝑐]
 
 
 
 
 
 
 

(6.10) 

 

The least squares solution entails computing the vector of corrections δ to minimize the 

sum of squared residuals. The correction vector δ is determined by solving the normal 

equations: 

(𝐴𝑇𝐴)𝛿 = 𝐴𝑇𝐿 (6.11) 

Where 𝐿 is the vector of observed minus computed ranges, representing the residuals. 

The correction is given by: 

𝛿 = (𝐴𝑇𝐴)−1𝐴𝑇𝐿 (6.12) 

The corrected position and clock bias are subsequently updated as: 

[

𝑥
𝑦
𝑧
𝑏

 ] =  [

𝑥0

𝑦0 
𝑧0

𝑏0

 ] + 𝛿 (6.13) 

This iterative process refines the position and clock bias estimates until the improvements 

become negligible, thereby achieving an optimal solution as per the least squares 

criterion. For this chapter’s specific deployment of the architecture, MATLAB receiver 

position function is utilized to improve processing performance. 
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6.4 Simulation Setup & Methodology 

This chapter utilises the Spirent GSS 7000 simulator to simulate GNSS Radio Frequency 

(RF) L-band signals in a Hardware-In-a-Loop (HIL) setup as described in the previous 

chapter. This enables realistic simulation of GNSS constellation and signal characteristics 

when transmitting between the satellites and the receiver. The scenario setup and route 

for the vehicle will be used as the input parameters. Furthermore, simulating GNSS errors 

such as tropospheric, satellite clock bias and more will also be set. To account for 

multipath errors in an urban canyons setting, OKTAL-SE Sim3D software introduces 

realistic reflection simulation of signals. The location chosen for this setup is in Toulouse, 

France. An illustration of the 3D environment from Sim3D is shown below. 

 

Figure 6-3 Sim3D environment of Toulouse, France 

These signal reflections are calculated using state-of-the-art ray tracing to improve GNSS 

realism in complex landscapes. Furthermore, the reflection and refraction characteristics 

of the materials in these environments will also be considered. The route proposed for the 

simulation test is comprised of an infinity-shaped path with constant velocity for a 

duration of twenty-four hours. This is shown in Figure 6-4. The twenty-four hour period 

consists of two global passes for the GNSS satellites and therefore allows for various 

satellites with varying elevation angles for robust training and testing purposes. The 

velocity chosen for this simulation is at a constant 10 m/s. This is a representative speed 

of most urban vehicles. The vehicle's height is 20 m above sea level, and a complete 

circuit takes 200 seconds. The number of loops completed is 345 loops. 
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Figure 6-4 Proposed trajectory for data capture and architecture testing 

A Ublox F9P receiver receives the generated RF from the GSS7000. The receiver will 

then generate observables that are required for classifying and ranking GNSS signals. For 

this chapter, the GNSS observables are saved in .ubx format. The data is then fed into 

RTKLIB to convert .ubx files into a standardized RINEX format. This provides us with 

two files. One is the observable data that contains the satellite observations collected by 

the GNSS receiver as shown in the figure below. 

 

Figure 6-5 Example observable output in RINEX format 

These are the measurements the receiver has made from the signals broadcast by the 

satellites. These measurements include pseudorange, carrier phase, Doppler, signal-to-

noise ratios, and more. The other file is the navigation data that contains the orbit 

parameters or ephemerides data for the satellites, which allows users to compute the 
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precise location of the satellites at any given time. This information is necessary for 

processing the observation data to determine an accurate position.  

The RINEX files are imported into MATLAB to correct pseudoranges with the 

navigation file. Then, each signal will be classified as LOS, multipath or NLOS. NLOS 

signals will be removed, and the rest of the signals will be ranked depending on their  𝛾𝑖 

as described in the earlier section. The top 7 signals are calculated using the receiver 

position function in MATLAB. Comparisons of techniques will include methods such as 

decision trees [93], SVM [87] and Random Forest [94]. Their classification and overall 

positioning performances will be contrasted. 

6.5 Results & Discussion 

6.5.1 Classification Performance 

The classification performance of all four networks was compared in this work. These 

include decision tree, SVM, Random Forest and GRU. The three classes include LOS 

(Class: 1), Multipath (Class: 2) and NLOS (Class: 3). For all confusion matrix results 

presented in this chapter, the testing outcomes are considered only with the diagonal 

boxes representing scenarios where the correct classification was provided for the given 

input features. 

 

Figure 6-6 Confusion matrix for test results of decision tree classification performance 
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Figure 6-6 shows the confusion matrix results from the Decision Tree Classification. 

Here, the overall accuracy observed is 79.84%, with its best classification performance 

being class 3 and the least being class 2, where more than double the classification errors 

occur with the confusion between class 1 and class 3. 

 

 

Figure 6-7 Confusion matrix for test results of SVM performance 

Figure 6-7 shows the confusion matrix results from SVM. Here, the overall classification 

accuracy observed is 88.92%. This is an improvement compared to the Decision Tree 

network, which has reduced classification errors for all classes. This is especially true for 

class 2. With the use of kernel tricks, SVMs can efficiently handle high-dimensional data 

and are capable of creating non-linear decision boundaries. Decision Trees, on the other 

hand, inherently construct linear boundaries (for the feature space), which might need to 

be revised for complex, non-linear problems. Also, SVMs can be more robust to outliers 

than decision trees. This is because SVMs focus on the points closest to the decision 

boundary (support vectors). This is supported in Table 6-I where SVM consistently 

outperform Decision Trees across multiple classes. In contrast, Decision Trees can be 

significantly influenced by outliers, leading them to create skewed splits that are not 

representative of the overall data set. 
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Figure 6-8 Confusion matrix for test results of random forest classification performance 

Figure 6-8 shows the confusion matrix results from Random Forest. Here, the overall 

classification accuracy observed is 85.988%. This is a reduction in accuracy over SVM 

but an increase compared to the Decision Tree. This is expected as Random Forests use 

multiple Decision trees and sample a random subset of features to classify. Then, a 

majority vote is taken to find the most suitable output classification. This technique, 

therefore, is better at handling outliers and reduces overfitting. This can be seen in the F1 

Score across all classes, which suggests that it reduces overfitting, a common problem 

with single decision trees. However, SVM has a higher precision of 98.40% compared to 

RF 89.55%. This indicates that when SVM predicts an instance as NLOS, it is correct 

more often than Random Forest. 
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Figure 6-9 Confusion matrix for test results of GRU (proposed) classification performance 

Figure 6-9 shows the confusion matrix results from the GRU. The GRU model, with an 

accuracy of 93.81%, outperforms SVM (88.92%), RF (85.98%), and DT (79.84%) in 

classifying GNSS signals. This high accuracy indicates that the GRU model correctly 

identifies a more significant proportion of LOS and NLOS signals. The GRU's recurrent 

architecture, capable of capturing temporal dependencies in the sequential GNSS data, 

likely contributes to this enhanced accuracy. The GRU can make more informed 

predictions on the sequential observables inherent in GNSS signals by effectively 

utilising past information through its gating mechanisms. 

Regarding precision, the GRU leads with 98.54% for NLOS signals, slightly higher than 

the SVM's 98.40%, and significantly surpassing RF's 89.55%. Precision measures the 

proportion of true positives among all positives identified by the model. In the context of 

GNSS, high precision is significant as it minimises false positives — erroneous NLOS 

classifications that could disrupt signal integrity. The GRU's gating mechanisms allow it 

to retain only pertinent historical information, likely leading to fewer false positives and 

increasing precision. 

Lastly, the F1 score, the harmonic mean of precision and recall, stands at 96.82% for the 

GRU. This is significantly higher than both SVM (93.03%) and RF (89.35%), reflecting 

a solid balance between precision and recall. The high F1 score for the GRU suggests that 
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it is consistent in its signal classification and maintains robustness against the differing 

challenges presented by the NLOS and LOS classifications. 

Table 6-I Network performance comparison of decision tree (DT), SVM, random forest 

(RF) and GRU (proposed) in regard to accuracy, class precision, recall and F1 Score 

  
Networks 

Class Metrics DT (%) SVM (%) RF (%) GRU (%) 

All Accuracy 79.84 88.92 85.98 93.81 

LOS Precision 75.62 87.41 87.95 93.12 

Recall 87.39 96.22 95.96 95.72 

F1 Score 81.08 91.61 91.78 94.4 

MP Precision 65.13 69.95 73.41 82.58 

Recall 51.78 79.54 65.35 87.01 

F1 Score 57.69 74.44 69.15 84.74 

NLOS Precision 86.90 98.40 89.55 98.54 

Recall 85.05 88.21 89.16 95.16  
               F1 Score 85.97 93.03 89.35 96.82 

Several key factors emerge after examining the performance disparities between the 

GRU, SVM, Random Forest, and Decision Tree models. The GRU model's superior 

performance can be attributed to its advanced capability to process temporal sequences, 

a critical feature given the sequential nature of GNSS signals. This is contrasted with 

SVM and Decision Trees, which, despite their robustness in static classification tasks, 

may need more dynamic temporal processing capabilities essential for accurately 

classifying sequential GNSS data. While mitigating some of the Decision Tree's 

overfitting issues through ensemble learning, Random Forests still falls short of the 

GRU's nuanced temporal analysis. This analysis underscores the importance of model 

selection in GNSS signal processing, where temporal dynamics play a pivotal role. 

6.5.2 Position Performance Comparison 

 Table 6-II compares the mean error in terms of North, East, Horizontal and Vertical 

direction for the different approaches to positioning, including the receiver-based 

position, no NLOS signal, which represents signals that are only reflections being 

removed, ranking signals only, LOS only as reference which are signals with no 

reflections and our proposed architecture of using GRU to classify signals and ranking 

based on their Δ𝐷𝑂𝑃 score. The labels are used to determine which signals are LOS, 

Multipath, and NLOS to obtain the above categories and are removed accordingly. As an 

additional point of comparison, SVM, Random Forest and Decision Tree output 

classification results were used to calculate the position performances. GRU outperforms 
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all other techniques for all directions with a horizontal error of 7.04 m. This showcases 

the advantage of GRU’s temporal abilities and the ranking of signals to work in 

conjunction, therefore reducing the mean error. 

Table 6-II Comparison of mean error for various positioning technique in the north, east, 

horizontal and vertical directions 

  Mean (m) 

  North East Horizontal Vertical 

LOS only (ref) 2.52 3.76 4.53 14.35 

Rank + GRU 5.55 4.33 7.04 22.20 

SVM 6.41 5.55 8.48 22.22 

Random Forest 6.73 7.45 10.04 40.45 

Decision Tree 8.02 4.44 9.17 30.24 

Rank Only 9.00 8.63 12.47 44.77 

No NLOS 9.59 9.22 13.31 45.89 

Receiver 10.36 13.83 17.28 75.40 

Table 6-III is a similar comparison to Table 6-II with standard deviation being evaluated. 

In a majority of cases, the Rank + GRU architecture outperforms all other algorithms 

except in the east direction, where the error standard deviation of the proposed 

architecture is higher than SVM at 4.34 m compared to 3.33m This indicates that there 

are greater variations in the performance in the east direction. 

Table 6-III comparison of error standard deviation for various positioning technique in 

the north, east, horizontal and vertical directions 

  Standard Deviation (m) 

  North East Horizontal Vertical 

LOS only (ref) 3.05 3.34 4.52 16.80 

Rank + GRU 5.45 4.34 6.97 22.40 

SVM 7.76 3.33 8.44 34.40 

Random Forest 6.55 8.52 10.75 33.21 

Decision Tree 8.52 8.55 12.07 30.33 

Rank Only 7.89 7.30 10.74 33.10 

No NLOS 8.68 7.82 11.69 34.94 

Receiver 8.59 12.09 14.83 63.65 

Table 6-IV compares the 95th percentile performance of the listed methods. We see a 

similar situation as in Table 5-II, where the GRU performs best in the north, east, and 

Vertical directions but worse in the east direction compared to SVM. Therefore, the error 

distribution is more extensive for the GRU in the east direction. However, in terms of 

horizontal performance, the increased performance in the north direction contributes to 

better performance. This is to be expected as GRU can identify temporal dependencies 

that SVM cannot access. 
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Table 6-IV Comparison of 95th percentile error for various positioning technique in the 

north, east, horizontal and vertical directions 

  95th Percentile Error (m) 

  North East Horizontal Vertical 

LOS only (ref) 8.62 10.43 13.57 47.95 

Rank + GRU 16.45 13.01 20.97 67.00 

SVM 21.93 12.21 25.37 91.02 

Random Forest 19.83 24.49 31.53 106.87 

Decision Tree 25.06 21.54 33.31 90.90 

Rank Only 24.77 23.23 33.96 110.98 

No NLOS 26.96 24.87 36.68 115.77 

Receiver 27.54 38.00 46.94 202.71 

Table 6-V is the percentage improvement when compared to the receiver.  Rank + GRU 

shows an improvement of 55% in the horizontal direction compared to the receiver and 

an improvement of up to 42.25% compared to existing techniques.  

Table 6-V Comparison of percentage position error improvement for various positioning 

technique and VDOP/HDOP in the north, east, horizontal and vertical directions 

  Improvement (%) 

  North East Horizontal Vertical 

LOS Only (ref) 69% 73% 71% 76% 

Rank + GRU 40% 66% 55% 67% 

Random Forest 20% 68% 46% 55% 

SVM 28% 36% 33% 47% 

Decision Tree 9% 43% 29% 55% 

Rank Only 10% 39% 28% 45% 

No NLOS 2% 35% 22% 43% 

Receiver Reference 

 

Figure 6-10 shows a position plot comparison between the Ground Truth and GNSS 

receiver in the horizontal direction. The plot shows significant variations between each 

other. The receiver calculates the position based on LOS, Multipath or NLOS signals. 

Therefore, there is a reduction in positioning accuracy and precision. For urban canyons 

with tighter safety tolerances, relying only on the GNSS receiver without any aid from 

other techniques or fusion of sensors would generate a hazardous environment. 
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Figure 6-10 Comparison of position plot performance between ground truth and receiver 

in the horizontal direction 

Figure 6-11 compares the performance of our proposed Rank + GRU architecture to SVM 

from the current literature. The proposed architecture more accurately follows the ground 

truth than the SVM. Some of the SVM variations in position can be attributed to earlier 

classification results, where a greater number of NLOS signals are being misclassified as 

LOS or multipath signals, reducing the system's positioning accuracy. In contrast, the 

improved performance of the GRU due to its gates and its ability to explore temporal 

dependencies reduces the position errors observed. 

 

Figure 6-11 Comparison of position plot performance between ground truth, proposed 

solution (Rank + GRU) and SVM in the horizontal direction 
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Figure 6-12 is a comparison of absolute horizontal position error distribution between the 

proposed architecture, receiver and SVM. The receiver has the largest position error 

distribution with peaks of up to 60m. SVM shows a reduction in the distribution due to 

the removal of NLOS signals from the GNSS position calculation. Furthermore, our 

proposed solution reduces this further and shows increased precision and accuracy in its 

position estimates. This indicates that using GRU for classification and ranking for using 

the best signals to remove perturbation errors improves overall position performance.  

 

Figure 6-12 Comparison of position error distribution between receiver, proposed solution 

(Rank + GRU) and SVM in the horizontal direction 

6.6 Conclusion & Future Work 

The results show that combining a GRU model for signal classification with GDOP 

contribution ranking improves the accuracy of GNSS signal classification and 

positioning. The GRU model achieved 93.81% accuracy, outperforming other models 

such as SVM (88.92%), Random Forest (85.98%), and Decision Tree (79.84%) in 

classifying GNSS signals. 

The GRU model consistently outperformed other techniques regarding mean error across 

north, east, horizontal, and vertical directions. Notably, it achieved a horizontal error of 

7.04 m, showcasing the effective combination of its temporal abilities and signal ranking 

in reducing mean error. A detailed comparison of mean error in various directions further 
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underscores the GRU model's efficacy: in the North direction, the mean error was 5.55 

m, and in the East Horizontal direction, it was 4.53 m. 

The GRU model also demonstrated superior performance when evaluating the standard 

deviation of errors. In the North direction, the error standard deviation was 5.45 m, and 

in the East Horizontal and Vertical directions, it was 4.34 m and 6.97 m, respectively. 

The 95th percentile error measurements further reinforced the model's efficacy, with the 

GRU model showing significantly lower errors than other methods across all directions. 

Importantly, when compared to the baseline receiver, the GRU model showed an 

improvement of 55% in the horizontal direction and up to 42.25% compared to existing 

techniques. This highlights the practical implications of the GRU model in real-world 

GNSS applications, particularly in challenging environments like urban canyons, where 

accurate and reliable signal classification and positioning are crucial for applications such 

as autonomous vehicle navigation. 

In summary, the two-step approach significantly advances GNSS signal processing by 

removing only NLOS signals and ranking the remaining signals, offering marked 

improvements in signal classification accuracy and positioning precision. This has 

profound implications for enhancing the reliability and efficacy of GNSS systems, 

particularly in urban settings where multipath errors are a significant challenge for 

intelligent vehicles. 
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Chapter 7 Robust Federated Multi-

Sensor Scheme: Deep 

learning Approach for 

Integrity-based Positioning in 

Urban Canyons 

Abstract 

The necessity for accurate Unmanned Aerial Vehicle (UAV) navigation in urban canyons, 

where Global Navigation Satellite Systems (GNSS) signals are often obstructed, cause 

multipath conditions or when there is denial from interference, highlighting the 

limitations of current technologies explored in literature. Conventional machine learning 

approaches provide deterministic results but need to improve in evaluating the integrity 

of sensor data. This is an important element for safely deploying autonomous systems in 

complex environments. Additionally, the centralised architecture that is proposed in 

literature, is less resilient to individual sensor failures. This would reduce positioning 

accuracy and, consequently, threaten the surrounding environments. This chapter 

proposes a robust federated multi-sensor architecture with a multi-layered approach to 

sensor fusion to address the challenges of multipath conditions. The fusion architecture 

consists of the following sensors: GNSS and Inertial Navigation System (INS) 

positioning that is corrected using Gated Recurrent Units (GRU) to improve position 

accuracy; Monocular Visual Odometry (VO), in combination with a Barometer, that are 

used to enhance accuracy of positioning. The chapter also proposes a Bayesian Long 

Short-Term Memory (LSTM) architecture that provides stochastic output by 

implementing Monte Carlo dropouts. The distribution of the predicted position is then 

used to estimate the system's integrity by evaluating the estimated Protection Level (PL). 

The hardware setup includes realistic simulation of operating scenarios in Urban Canyon 

using Spirent GSS7000 and OKTAL-SE Sim3D for GNSS Hardware-In-the-Loop (HIL) 

simulation and ray-tracing quality multipath replication. To obtain VO sensor data, 

AirSim and Unreal Engine are employed to increase visual realism for Urban Canyon 
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simulation. The system's robustness is tested by including variations in GNSS quality and 

weather conditions. Results show a 22.1% reduction in the 95th percentile horizontal error 

compared to state-of-art literature. A federated approach fuses GNSS/INS/Vo/Barometer, 

showcasing improved navigation accuracy and precision. Additionally, when the system's 

integrity was compared to an EKF, a 98% reduction in misleading integrity information 

was observed.
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7.1 Introduction 

UAVs are at the verge of reforming a variety of industries, offering unique capabilities in 

various applications [95]. Their potential in urban environments is particularly notable. 

In these settings, drones can be utilised for a wide range of purposes, including rapid 

delivery services [96], where they could significantly reduce delivery times [97]. 

Similarly, in emergency response scenarios, UAVs can quickly reach areas that might be 

inaccessible to traditional vehicles due to traffic congestion or natural disasters [98], 

thereby facilitating faster response times and potentially saving lives [99]. Moreover, 

UAVs hold the potential to improve the depth and frequency of infrastructure inspection, 

where they can access hard-to-reach areas of buildings, bridges, and other structures, 

providing detailed inspections without the need for costly and risky human intervention 

[100]. However, the realisation of these applications hinges on overcoming significant 

challenges, particularly in ensuring robust autonomous navigation in densely populated 

urban environments [101]. The complexity of navigating these environments is 

heightened by the presence of numerous obstacles, varying weather conditions, and the 

need for precise manoeuvring in confined spaces [102]. This demands highly advanced 

Position, Navigation, and Timing (PNT) solutions to be accurate, precise, and robust. The 

challenge is further compounded by the necessity for these systems to operate with high 

integrity, particularly in urban low-altitude areas where the tolerance for error is much 

lower compared to more open environments [103]. In this context, integrity refers to the 

trustworthiness of the navigation system's information, a critical factor for safe and 

efficient UAV operation [104] [105]. 

This chapter aims to consolidate what has been learned from previous chapters to improve 

navigation accuracy, integrity, and robustness for UAVs in urban settings. By applying 

machine learning techniques that provide a stochastic output, the proposed system 

evaluates the system integrity every timestep, ensuring accurate position estimates and 

robustness amidst fluctuating environment conditions. The effectiveness of this approach 

will be validated through simulations using the data collection system mentioned in the 

previous chapter. The novel contribution of this chapter is the proposal and testing of a 

federated robust multi-sensor fusion scheme which takes a three-step approach, that is, 

sensor error correction, localised filtering and sensor fusion, providing improved 
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positioning and uncertainty in the data. Furthermore, the proposed architecture is tested 

using Hardware-in-the-Loop (HIL) simulation within realistic 3D environments, 

incorporating variability in GNSS and weather conditions to replicate potential urban 

canyon scenarios accurately. 

 The remainder of this chapter is organised as follows: Section two will discuss a literature 

review on existing techniques. Section three explains the background of some of the 

techniques used in the chapter. Section four introduces the proposed architecture and 

describes the individual subdivisions of the system in detail. Section five focuses on 

experiment setup and data collection methodology. In section six, we present and discuss 

the experiment results and compare them against existing work and any relevant 

implications from the analysis. Lastly, section seven presents the concluding remarks and 

future work. 

7.2 Related Work 

The state-of-the-art review is structured to cover various techniques and sensors 

employed. This includes investigating developed GNSS error detection and mitigation 

approaches, sensor integration/fusion, and integrity monitoring for multi-sensor-based 

systems. 

7.2.1 Multi-Sensor Fusion 

Multi-sensor systems provide additional positioning capabilities to either improve 

accuracy and/or bridge gaps between GNSS outages [106]. For example, sensors used in 

a multi-sensor system include IMU, barometer, VO, LiDAR, RADAR, etc. In some cases, 

especially for indoor navigation [107], GNSS is wholly omitted in the navigation process. 

This reduces the reliance on external systems aiding navigation as they do not require 

global positioning knowledge. However, for navigation, especially in outdoor situations, 

global positioning awareness is required in most cases. Therefore, it is essential to 

fuse/integrate multiple sensors to mitigate sensor-specific errors and improve positioning 

accuracy and precision. 

Recent literature has introduced many sensor integration and fusion approaches that allow 

for the continuous position estimation of vehicles, especially in safety-critical 

environments. These include the use of Unscented Kalam Filters [108] for integration of 
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IMU and GNSS to more complex multi-sensor system fusion architectures. Sensor 

fusion/integration methods for positioning can be broadly categorised based on 

processing levels (data, feature, and decision level), fusion algorithms (statistical methods 

and machine learning), and application areas (indoor, outdoor, and automotive). [109] 

This classification facilitates a structured approach to selecting appropriate fusion 

techniques, ensuring enhanced accuracy, reliability, and efficiency in diverse positioning 

systems. For this chapter, we focus on data and feature based approaches for outdoor use. 

Additionally, sensor fusion architectures can vary in terms of their processing methods, 

including centralised or federated systems [110]. Centralised sensor fusion systems 

aggregate and process data from all sensors simultaneously for navigation decisions, 

while federated systems distribute the data processing across multiple subsystems before 

combining the results. An illustration of this is shown below.  

 

Figure 7-1 Illustration of centralized (left) and federated(right) fusion architectures. 

Paper [111] introduces a fast point cloud registration method using Voxel-SIFT for 

efficient LiDAR registration, overcoming the limitations of traditional federated filters in 

adapting to dynamic information distribution. It also proposes a hybrid federated filter 

that dynamically updates information distribution factors for real-time global optimal 

estimates, utilizing a weighted least square method for improved accuracy and efficiency. 

Paper [112] proposes an improved adaptive federated Kalman filtering algorithm 

integrating INS, GNSS, and VNS, with INS as the reference. This algorithm increases 

fault tolerance through residual chi-square and sliding-window averaging for fault 

detection and introduces an adaptive sharing factor to dynamically adjust the sub-filters 

accuracy. 
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Both papers, however, may not efficiently handle the temporal dynamics and complex 

dependencies in navigation data, limiting their ability to predict future states or adapt to 

new environments. 

7.2.2 Integrity Monitoring 

The authors of the paper [113] introduce a multi-sensor fusion approach combining low-

cost GPS, MEMS IMU, and digital compass data, starting with a noise reduction step 

using an Empirical Mode Decomposition-based filter for more accurate inertial sensor 

data. It then proposes a hybrid strategy integrating a Least-Squares Support Vector 

Machine-based NARX model with a Kalman filter for improved modelling and prediction 

of INS position errors during GPS outages. However, some disadvantages of this system 

include vulnerability to cumulative errors from each sensor type, especially in challenging 

environments where GPS signals are weak or obstructed, leading to reduced reliability of 

the fused data. Additionally, the complexity of the fusion algorithm, particularly when 

integrating models like LSSVM-NARX with Kalman filters, can introduce difficulties in 

accurately assessing and maintaining the integrity of the navigation solution across 

diverse operational scenarios. Additionally, no protection-level estimate is provided for 

the whole system. 

To address this issue, the author of paper [114] presents a multi-level autonomous 

integrity monitoring method for a resilient fusion navigation system utilising multiple 

PNT sources. It features a navigation source fault detection model for identifying and 

isolating faulty sources and a system-level verification model for real-time validation of 

isolated sources before reintegration. It enhances sensor-level fault detection with a 

dimension-expanding matrix to address detection delays in multiple faulty sensors, 

proposes a dynamic monitoring structure for integrity risk allocation, and calculates the 

system's protection level, demonstrating improved fault detection and recovery 

capabilities through simulation tests with INS/GNSS/LBL/USBL sources.  

However, the multi-level autonomous integrity monitoring method needs the neural 

network's ability to learn from data and adapt to new patterns, making it less flexible in 

dynamic environments. Unlike ANNs, this method does not inherently improve with 

exposure to more data, potentially limiting its effectiveness in complex navigation 

scenarios. Therefore, it would be beneficial to implement machine learning networks. 
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However, typical ANNs cannot predict the uncertainty in data. Additionally, simple 

ANNs do not take advantage of temporal dependencies in the data critical to navigation. 

Therefore, a federated system with several steps, including correcting individual sensor 

errors and taking advantage of temporal machine learning capabilities with the ability to 

predict uncertainty in the data, would be ideal for an integrity-based fusion system. 

7.2.3 Uncertainty-based deep learning approaches 

Recent advancements in machine learning have introduced uncertainty-aware models, 

such as Bayesian LSTM, which extend traditional LSTM by incorporating a probabilistic 

framework for uncertainty estimation [115]. Unlike conventional LSTM models, which 

output a single deterministic value, Bayesian LSTM can provide both a position estimate 

and an uncertainty interval. This feature can be particularly valuable for sensor fusion in 

navigation systems, where uncertainty quantification is critical for tasks such as integrity 

monitoring and PL calculation. To the knowledge of the author, Bayesian-LSTM has not 

been utilised in PNT for multi-sensor fusion. 

Traditional approaches, such as KF and its variants (EKF and UKF), rely on linear or 

approximated non-linear models to fuse GNSS and INS data as stated in earlier chapters. 

Bayesian LSTM, in contrast, directly learns these relationships from data, without the 

need for explicit modelling of system dynamics. This makes it particularly effective in 

scenarios with non-linear error patterns, such as multipath interference or GNSS outages. 

Several other deep learning models have also been proposed in the literature for 

probabilistic modelling, including Bayesian Neural Networks (BNNs) [116] [117] and 

Gaussian Processes (GPs) [118]. Bayesian Neural Networks apply Bayesian inference to 

standard feedforward neural networks, enabling them to model uncertainty in their 

predictions. However, BNNs can be computationally expensive to train, due to the need 

to sample from the posterior distribution over weights. The same is true for Bayesian-

LSTM. Methods like variational inference and Monte-Carlo dropouts can aid with this 

issue. However, Bayesian-LSTM can utilise model uncertainty in time-series data with 

temporal dependencies whilst BNNs are not suited for this application. Gaussian 

Processes offer a non-parametric approach to probabilistic modelling and are known for 

their ability to provide uncertainty estimates. While effective for smaller datasets, GPs 
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typically struggle with scalability, especially when applied to large-scale sensor fusion 

tasks. 

The unique combination of temporal modelling, uncertainty quantification, and data-

driven learning makes Bayesian LSTM an ideal choice for multi-sensor fusion in complex 

environments.  

7.3 Proposed Architecture 

7.3.1 Overview 

The system design of the proposed scheme is illustrated in Figure 7-2. The structures 

begin by dividing the sensor data into three distinct processing streams. Initially, GNSS 

data, encompassing positional estimates and observables, is directed towards the GNSS 

Non-Line-of-Sight (NLOS) classification and removal phase. In this phase, GNSS 

observables are employed to categorise signals into three classifications: Line-of-Sight 

(LOS), multipath (simultaneous presence of LOS and NLOS signals), or purely NLOS. 

Following signal classification, NLOS signals are then excluded. The subsequent phase 

involves prioritising signals based on their contribution to Geometric Dilution of 

Precision (𝛾𝑖) values. Afterwards, the GNSS position is calculated using the least-squares 

method, producing North-East-Down (NED) coordinates. 

In parallel, Inertial Measurement Unit (IMU) data, including acceleration and angular 

rotation data, are utilised in conjunction with the Direction Cosine Matrix (DCM) to 

calculate the NED position. However, as previously noted, this approach results in 

positional drift over time. To mitigate this, a GRU-based Inertial Navigation System 

(INS) error correction algorithm is utilised to estimate the position error. The prediction 

is then used to correct the INS position estimate to yield a corrected position prediction. 

Corrected INS position and GNSS data are combined with a local EKF to provide 

continuous position estimates, even in GNSS outages. 

Furthermore, Visual Odometry (VO) position data is generated, as explained in the 

following sections, and then combined with barometric data to derive a three-dimensional 

position estimate for the VO system. 
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Finally, the data from both streams (VO/Barometer and EKF) are fused using a Bayesian 

Long Short-Term Memory (LSTM) algorithm. This algorithm not only yields the fused 

position estimate but also quantifies the uncertainty in the data, represented as a 

distribution of potential position estimates for each NED position timestep. This 

uncertainty is critical in calculating the PL, which is then assessed against the AL set by 

the Mission Requirements. Such an assessment aids controllers in understanding mission 

dynamics and, if necessary, altering operational modes. However, the specifics of 

different mode selections are beyond the scope of this chapter. 

 

Figure 7-2 Proposed high-level overview of the robust multi-sensor federated scheme.  

In the proposed architecture, the federated processing system ensures robustness by 

integrating independent data streams, each contributing independently to the overall 

position estimate. By being able to reduce errors using dedicated processes for each 

stream, it improves the overall system accuracy when these streams are combined. This 

separation also allows each subsystem to function independently, reducing the risk of 

total system failure due to the degradation of any single data source. This, however, does 

come at the cost of increased complexity.  

VO is particularly valuable in this federated setup because it operates independently of 

GNSS signals. It uses image-based motion estimation, making it immune to GNSS-

specific errors such as multipath interference or complete signal loss. In environments 

with unreliable or obstructed GNSS signals, VO can aid in providing positional estimate, 

ensuring continuity in section with reduced GNSS performance. 
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The barometer adds another layer of independence by providing altitude information that 

is unaffected by GNSS or VO conditions. This makes it a critical component for accurate 

vertical positioning, particularly in GNSS-denied environments or situations where 

changes in elevation are significant. By keeping the processing of barometric data 

distinct, the federated system can incorporate altitude readings without relying on GNSS 

measurements for correction, ensuring greater resilience to signal degradation. 

Therefore, by incorporating these features, with stochastic machine learning provided by 

the Bayesian-LSTM, the proposed system should aid in improving integrity and 

robustness when navigating in conditions such as urban canyons. 

7.3.2 Feature-based Monocular Visual Odometry with ORB 

The integration of positioning data in this study is achieved through the conjunction of 

the Visual Odometry (VO) algorithm and a MEMS barometer sensor. The VO algorithm 

is a visual-based technique extensively used in robotics to estimate user motion from a 

sequence of images, particularly in scenarios where a GNSS solution is not feasible. VO 

algorithms are categorised into two main types: appearance-based and feature-based. A 

discussion of the systems can be found in paper [119], which the following methodology 

for NED positioning is based on and a recap is provided here. The Intensity Centroid (IC) 

approach is used to find the orientation vector, where 𝑚𝑝𝑞is the moment of a patch, 𝐶 the 

IC, and 𝜃 the orientation: 

𝑚𝑝𝑞 = ∑𝑥𝑝𝑦𝑞𝐼(𝑥, 𝑦)

𝑥,𝑦

(7.1) 

𝐶 = (
𝑚10

𝑚00
,
𝑚01

𝑚00
) (7.2) 

𝜃 = 𝑎𝑡𝑎𝑛2(𝑚01, 𝑚10) (7.3) 

Subsequently, a steered BRIEF [120] (Binary Robust Independent Elementary Feature) 

descriptor is employed for matching descriptors between two frames as defined as: 

𝑔𝑛(𝑝, 𝜃) =  𝑓𝑛(𝑝)|(𝑥𝑖, 𝑦𝑖) 𝜖𝑆0 (7.4) 

For this purpose, the FLANN [121] (Fast Library for Approximate Nearest Neighbours) 

the algorithm is utilised due to its real-time feature-matching performance in scenarios 
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with numerous features, in contrast to the BFmatcher algorithm. The next phase involves 

estimating the camera's motion, rigidly attached to the UAV, through one of three 

methods: 2D to 2D, 3D to 3D, or 3D to 2D. Given a single monocular camera, a 2D-2D 

method is adopted. This method requires the essential matrix to extract the camera's ego 

motion, which is defined as follows: 

𝐸 =  [𝑡]𝑥𝑅 (7.5) 

Here, 𝑅 is the rotational matrix and 𝑡 the translational vector. The estimated essential 

matrix enables the extraction of the rotational matrix and the translation vector. 

Triangulation is then applied to isolate a viable solution for the camera's ego-motion. A 

RANSAC (Random Sample Consensus) algorithm is implemented to enhance the 

estimated trajectory's accuracy. Finally, for precise utilisation of the VO data, a 

conversion from the camera frame to the navigation frame is executed, as detailed in 

references [119] and represented in the following equation: 

[

𝑝𝑡,𝑁
𝑛

𝑝𝑡,𝐸
𝑛

1

] = 𝜆𝐾−1[𝑇𝑐𝑎𝑚𝑒𝑟𝑎
𝑁𝐸𝐷 ; 𝑇𝑐𝑎𝑚𝑒𝑟𝑎

𝑁𝐸𝐷 𝑟𝑛𝑐
𝑛 ]−1 [

𝑢
𝑣
1
] (7.6) 

In this equation, 𝑇𝑐𝑎𝑚𝑒𝑟𝑎
𝑁𝐸𝐷  represents the transformation from the camera to the navigation 

frame, 𝐾 is the intrinsic camera matrix, 𝑟𝑛𝑐
𝑛  is the position of the camera in the navigation 

frame, and 𝜆 is the scale factor. The barometer is used in addition to the VO algorithm to 

provide altitude information, addressing the z-axis instability issues encountered with the 

monocular camera. Consequently, the N and E positioning coordinates are derived from 

the monocular camera using the VO algorithm, and the D coordinate from the barometer. 

The output from the VO and barometer is then fused with the NED positioning output 

from the GRU model, thereby enhancing the INS output. 

7.3.3 Loosely-coupled local filter EKF for GNSS/INS integration 

The Extended Kalman Filter (EKF) in this architecture is designed to integrate the 

corrected INS/GRU data with GNSS/GRU position data. A loosely coupled approach is 

used to achieve the architecture's modularity and the implementation's 

straightforwardness. The state vector for the EKF, denoted as 𝑥𝑘, encapsulates the UAV's 
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estimated position in the North-East-Down (NED) coordinate frame. This is expressed 

as: 

𝑥𝑘 = [

𝑃𝑥𝑁

𝑃𝑦𝐸

𝑃𝑧𝐷

] (7.7) 

Where 𝑃𝑥𝑁, 𝑃𝑥𝐸 and 𝑃𝑥𝐷 represent the positions derived by both GNSS and INS.  The 

EKF begins with an initialisation step, setting the UAV's base position in the NED frame 

alongside the initial covariance matrix. This step is crucial for establishing a baseline for 

subsequent predictions and corrections. The prediction step of the EKF, aimed at 

forecasting future states, involves two main equations: 

𝑥̂𝑘
− = 𝑔(𝑥̂𝑘−1

− , 𝑢𝑘−1 ) (7.8) 

𝑥̂𝑘
− = 𝐹𝑘−1𝑥̂𝑘−1

− (7.9)

Where 𝑥̂𝑘−1
− represents the prior estimated UAV position,  𝑢𝑘−1 is the control input and 

𝐹𝑘−1 is the dynamic covariance matrix. The priori covariance matrix 𝑃𝑘
− is updates as:  

𝑃𝑘
− = 𝐹𝑘−1𝑃𝑘−1𝐹𝑘−1

𝑇 + 𝐺𝑘−1𝑄𝑘−1𝐺𝑘−1
𝑇 (7.10) 

incorporating the noise covariance matrix 𝐺𝑘−1 and the process noise covariance matrix 

𝑄𝑘−1. 

In the update or correction step, the dimensions of the measurement matrix are determined 

by the number of states and measurements. The measurement residual, or innovation, is 

then calculated using: 

𝑦𝑘 = 𝑧 − ℎ(𝑥̂𝑘
−) (7.11) 

where 𝑦𝑘is the measurement residual, 𝑧 the observation vector, and ℎ(𝑥̂𝑘
−) the 

measurement function based on predicted states. The Kalman gain, 𝐾𝑘, is calculated to 

assess the accuracy of the predictions. It is defined as: 

𝐾𝑘 = 𝑃𝑘
−𝐻𝑘

𝑇(𝐻𝑘𝑃𝑘
−𝐻𝑘

𝑇 + 𝑅𝑘−1)
−1 (7.12) 

Where 𝐻𝑘 is the measurement matrix and 𝑅𝑘−1 is the measurement covariance matrix. A 

low value of 𝐾𝑘 indicates high confidence in the predicted states, while a higher value 
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suggests less confidence. Finally, the predicted state vector and covariance matrix are 

updated as: 

𝑥𝑘 = 𝑥̂𝑘
− + 𝐾𝑘(𝑧 − ℎ(𝑥̂𝑘

−)) (7.13) 

𝑃𝑘 = (𝐼 − 𝐾𝑘𝐻𝑘)𝑃𝑘
− (7.14) 

7.3.4 Bayesian-LSTM implementation for multi-sensor fusion 

Bayesian Long Short-Term Memory (LSTM) networks integrate the principles from 

Bayesian statistics into the LSTM architecture [122]. Bayesian LSTMs differ from 

traditional LSTMs by incorporating uncertainty in their predictions. There are various 

methods to implement Bayesian inference in LSTMs, including variational inference. 

[123], Markov Chain Monte Carlo (MCMC) methods [124], and Monte Carlo (MC) 

Dropout [125]. Each method offers a different approach to quantifying and managing 

uncertainty in the model's predictions. 

Among these methods, Monte Carlo Dropout is a prevalent and practical technique for 

implementing Bayesian principles in LSTM networks. MC Dropout involves applying 

dropout not only during the training phase but also during the prediction phase. MC 

Dropout effectively creates a Bayesian approximation by enabling dropouts during 

prediction, allowing the network to generate a distribution of outputs for a given input. 

The process involves running the same input through the network multiple times, each 

time with a different dropout pattern, and then aggregating these results to estimate the 

predictive distribution. This method is computationally less intensive than other Bayesian 

approaches like MCMC, making it more feasible for practical applications. Additionally, 

MC Dropout seamlessly integrates with existing network architectures, requiring minimal 

modifications to the standard LSTM structure [126]. The process of randomized dropouts 

during predictions and their effects are illustrated in Figure 7-3. 
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Figure 7-3 Illustration of Monte Carlo dropouts to produce observation distribution. 

Ideally, it would be possible to compute the posterior distribution of the weights given 

the data, denoted as 𝑃(𝑊|𝑋, 𝑌) where 𝑊represents the weights, and 𝑋 and 𝑌 represent 

the input and output data, respectively. This is typically intractable, so we approximate it 

using a variational distribution 𝑞(𝑊). Therefore, sampling sets of weights {𝑊𝑖}𝑖=1
𝑁  from 

the approximate posterior 𝑞(𝑊) is an approach that is used. Each set of weights 𝑊𝑖 

represents a possible realisation of the network parameters. For a given input 𝑥, the 

network's output with the 𝑖-th set of sampled weights is computed as 𝑦𝑖 = 𝐿𝑆𝑇𝑀(𝑥;𝑊𝑖). 

The final predictive distribution for the output is approximated by aggregating the outputs 

from all sampled models, which can be represented as:  

𝑃(𝑦|𝑥, 𝑋, 𝑌) ≈
1

𝑁
∑ 𝑃(𝑦|𝑥,𝑊𝑖)

𝑁

𝑖=1
(7.15) 

The study employs a Bayesian Long Short-Term Memory (LSTM) network, underpinned 

by Monte Carlo Dropout techniques, to generate a combined position estimate and its 

corresponding uncertainty to integrate data from multiple enhanced processing streams. 

The network input comprises INS/GNSS EKF NED estimate, and the VO/Barometer 

NED. The output is characterised by the fused mean NED position and the estimate's 

standard deviation. The inclusion of Monte Carlo Dropouts facilitates the generation of a 

distribution comprising 100 potential position estimate points, from which the mean, 

standard deviation, and covariance are extracted. The temporal mean of these outputs 

serves as the optimal position estimate. Concurrently, the standard deviation, in 

conjunction with the covariance, is utilised to compute the Protection Level (PL) as per 
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the methodology described in section X. The PL is used in the assessment against the 

mission's Alert Limit (AL). Should the PL surpass the AL, this anomaly will be flagged 

to the mission controller. Using Bayesian-LSTM provides a way to improve the integrity 

aspect for positioning, which is critical in urban environment conditions. 

7.3.5 Integrity Analysis 

The International Civil Aviation Organization (ICAO) provides standardised definitions 

for key parameters in aviation and satellite-based navigation systems, such as the 

Protection Level (PL) and Alert Limit (AL), encompassing the Horizontal Protection 

Level (HPL) and Vertical Protection Level (VPL). These measures are essential for 

ensuring the safety and reliability of navigation systems. The Horizontal Protection Level, 

as defined by the ICAO, is a statistical measure representing the radius within which the 

true position of an aircraft is expected to be, with a certain probability. This measure is 

crucial in assessing the integrity of a navigation system. The HPL is calculated using the 

formula: 

𝐻𝑃𝐿 = 𝐾 × 𝜎𝐻𝑃𝐸 (7.16) 

where 𝐾 is a scaling factor derived from the required level of integrity, and 𝜎𝐻𝑃𝐸  is the 

standard deviation of the Horizontal Position Error (HPE). The HPE measures the 

discrepancy between the estimated and the actual horizontal position of the aircraft. 𝜎𝐻𝑃𝐸  

is calculated as follows [127]: 

𝜎𝐻𝑃𝐸 = √
𝜎𝐸 + 𝜎𝑁

2
+ √(

𝜎𝐸 − 𝜎𝑁

2
)
2

+ 𝑃𝑁𝐸
2  (7.17) 

Where 𝜎𝐸  is the standard deviation in the East direction (m), 𝜎𝑁 is the standard deviation 

in the North direction and 𝑃𝑁𝐸 is the North and East covariance.  

The Vertical Protection Level, as per ICAO's definition, provides a bound within which 

the true vertical position of the aircraft (altitude) is expected to lie, with a specified 

probability. This level is key to ensuring vertical navigational integrity. The VPL is 

computed as: 

𝑉𝑃𝐿 = 𝐾 × 𝜎𝑉𝑃𝐸 (7.18) 
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In this formula, 𝐾 is again a scaling factor related to integrity, and 𝜎𝑉𝑃𝐸  is the standard 

deviation of the Vertical Position Error (VPE). The Alert Limit is a predefined threshold 

that determines the acceptability of the position estimates provided by the navigation 

system. If the PL (either HPL or VPL) exceeds the Alert Limit, it indicates a potential 

compromise in the system's integrity, and the position information should not be used for 

critical navigation decisions. The AL is set based on operational requirements and 

represented as a constant value. 

These parameters are typically evaluated using the Stanford diagram, a graphical 

representation that plots the PL (either HPL or VPL) against the corresponding position 

error (HPE or VPE) as shown in Figure 7-4. This diagram depicts the AL as a horizontal 

line. The Stanford diagram facilitates a quantitative system integrity assessment by 

visually mapping the relationships. The distribution of data points across the diagram 

quadrants provides empirical evidence of the system's operational status. 

 

Figure 7-4 Illustration of integrity regarding a) comparison of protection level and alert 

limit and b) Stanford diagram. 

7.4 Simulation Overview and data collection 

7.4.1 Scenario Overview 

Unreal Engine was utilised in combination with AirSim to evaluate the proposed 

architecture. This specific simulation integrated real-world photogrammetry data from 

the city centre of Toulouse into Unreal Engine to create a realistic urban environment. 
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The trajectory chosen to train and test the fusion algorithm is shown in Figure 7-5. It 

consists of a 150-meter square area survey trajectory that will equally test left turns, right 

turns and straight segments in each direction and diagonally. The simulation aimed to test 

the Visual Odometry (VO) algorithm while also examining the effects of multipath on 

the Global Navigation Satellite System (GNSS) and the drift caused by the MEMS Inertial 

Measurement Unit (IMU) over time. 

 

Figure 7-5 Simulation ground truth trajectory 

7.4.2 GNSS Condition (GNSS Receiver) 

To simulate GNSS conditions in urban canyons, OKTAL-SE Sim3D tool is used in 

conjunction with Spirent GSS7000. Sim3D uses ray-tracing and material properties of 

buildings to estimate signal reflection characteristics accurately and therefore helps 

simulate effects like multipath conditions. The ray-tracing paths are illustrated in Figure 

7-6. Adding this layer of complexity to simulations enables a thorough approach to testing 

the algorithm in a simulated environment and better tests changing conditions which is 

important from a robustness perspective.  
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Figure 7-6 Ray-tracing GNSS signals in urban canyon using OKTAL-SE Sim3D 

The modelling of urban canyons and their multipath conditions will lead to areas with 

GNSS outages. This adds a further challenge for the Bayesian-LSTM algorithm to 

understand conditions better and mitigate for the increased position error. Furthermore, 

ideally the Bayesian-LSTM would indicate the uncertainty increase in these conditions 

by increasing the PL estimate. The data generated from the combination of Sim3D and 

GSS7000 is transmitted as a RF signal to the receiver for generating observables and 

GNSS position. 

7.4.3 Visual Odometry Weather Condition and Camera Calibration 

The first scenario involved flying the Unmanned Aerial Vehicle (UAV) during normal 

daylight at 14:51 local time in Unreal Engine, and the second involved a flight at 18:00. 

Additionally, two other conditions were considered, performing the trajectories under fog 

and dust conditions, as depicted in Figure 7-7. 
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Figure 7-7 Scenario weather condition setup in Toulouse, France with a) afternoon b) 

evening c) dust d) fog [119] 

Before testing the fusion architectures, the monocular camera mounted on the UAV and 

pointing downwards was configured in AirSim with an image width of 752 pixels and an 

image height of 480 pixels. To calibrate, a chessboard was introduced in Unreal Engine 

for calibration purposes. This involved finding the intrinsic matrix defined as K, 

composed of focal lengths (𝑓𝑥 and 𝑓𝑦) and optical centers (𝑐𝑥 and 𝑐𝑦). The chessboard 

featured 10 rows and 10 columns of alternating white and black squares, as shown in 

Figure 7-8. Each square measured 2 meters in both length and width. The UAV then 

performed a small square trajectory over the chessboard at a cruise altitude of 70 m, 

recording all camera frames. These 220 frames, extracted from Unreal Engine, were 

processed using MATLAB’s ‘Camera Calibrator’ tool to obtain the intrinsic matrix. This 

matrix was then used to enhance the realism of the VO algorithm. 
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Figure 7-8 Visual sensor calibration step 

𝐾 = [
𝑓𝑥 0 𝑐𝑥

0 𝑓𝑦 𝑐𝑦

0 0 1

] = [
378.6062 0 376.2584

0 378.6560 240.4231
0 0 1

] (7.19) 

7.4.4 Data Collection 

Data from a range of sensors, including an accelerometer, gyroscope, GNSS, Visual 

Odometry (VO), and barometer, are collected and formatted for our UAV study. The 

accelerometer captures specific force data in the UAV's body frame, and the gyroscope 

tracks the angular velocity. Both sets of data are stored in CSV format. 

The GNSS data, generated from the C009-F9P Ublox board and accessed via u-center 

software, includes Satellite ID, Pseudorange, Doppler Shift, Carrier Phase, C/N0, 

Elevation, Azimuth, and Satellite Position. This is recorded for each timestep and for 

every satellite visible to the receiver. The obtains data from multiple constellations - GPS, 

Galileo, and GLONASS - enhancing the positioning accuracy. Each timestep's GNSS 

data is enriched with a receiver-based position estimate. 

VO data is converted to a navigation frame and combined with barometric measurements 

to achieve 3D positioning. This integration allows for tracking the UAV's vertical 

movement, with all data referenced to the navigational frame and stored in CSV format. 
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7.4.5 Machine Learning Training Phase  

Each machine learning model within our system was trained sequentially, starting with 

independent training of individual models using raw data inputs aligned with their target 

outputs derived from ground truth data. This sequential training process ensures that each 

model is optimised to effectively process and respond to its specific input data type. After 

achieving convergence—where no further significant improvements were noted—the 

models, except the Bayesian LSTM, completed their training phases. Following this, the 

outputs of these trained models served as inputs to the Bayesian LSTM. This model then 

underwent its own training phase, incorporating outputs from the pre-trained models to 

enrich its training data. This hierarchical training strategy, complemented by thorough 

hyperparameter optimisation, ensures that each subsequent model in the sequence 

leverages the distilled knowledge and outputs from its predecessors, thus enhancing the 

overall system's predictive capabilities and accuracy. 

7.4.5.1 INS error correction regression GRU 

The training and optimisation of the machine learning algorithm were achieved by 

employing random searches to determine the best configuration, including the ideal 

number of hidden units, GRU layers, and the most effective activation function. This 

optimisation method, which only used a subset of the entire dataset, aimed to balance 

reducing computational demands with enhancing predictive accuracy. The architecture 

includes an input layer receiving features such as accelerometer data, angular rate, and 

orientation in matrix columns, with time steps and sensor data in the rows. The model 

comprises two hidden layers with 256 and 128 units, respectively, each layer having an 

unrolled length of 5 to capture sequence length input from each batch and includes a 

dropout rate of 15%. A tanh activation function was employed to improve non-linear 

correlation further. A dense layer connects all nodes, yielding the neural network's 

regressed output. ADAMAX optimiser was utilised for tuning weights and biases, starting 

with a learning rate of 0.001. The mean squared error loss function was applied to train 

the algorithm. The trained weights and biases were saved in a .h5 file for testing. 

The data is first normalised during testing using the training parameters and then 

processed through the algorithm. The output is recorded and compared with the actual 

position error, calculated from the difference between ground truth and INS position 



Robust Federated Multi-Sensor Scheme: Deep learning 

Approach for Integrity-based Positioning in Urban Canyons 

Simulation Overview and data 

collection 

 

138 

predictions. The training and testing split used for the INS/GRU architecture are 80/20, 

where the batch sequence was randomised but not the sequence in each batch to maintain 

the temporal relationship. 

7.4.5.2 GNSS multipath classification GRU 

Like the above, the architecture was first optimised using random search to determine the 

ideal number of hidden units, GRU layers, and the most effective activation function. 

However, unlike the regression architecture above, a classification structure was used to 

classify signals.  Here, the input includes the satellite ID, pseudorange, Doppler shift, 

carrier phase, C/N0, elevation, azimuth, and satellite position as the feature input. The 

data is standardised using a z-score where the mean equals zero and a standard deviation 

of one. One layer with 250 hidden units and a dropout rate of 30% is used. A softmax 

layer is added and a cross-entropy loss function is used to train the classification algorithm 

and provide an output of which signal is NLOS, Multipath or LOS. The labels are supplied 

by using the ground truth data from the GSS7000 simulator.  

Similar to INS/GRU, testing is carried out with a train/test split of 80/20. The output of 

test data is recorded and is compared to against the true labels of the data.  

7.4.5.3 Bayesian-LSTM fusion and uncertainty prediction 

Following the individual processing of each sensor's data, the information is fused using 

a Bayesian-LSTM network. The data fed into this system is organised as a matrix, 

including input features such as GNSS Position NED, INS Position NED, and 

INS/Barometer/VO EKF Position NED. Each feature is characterised by a sequence 

length of 20 and is processed in batches of 64. The Bayesian-LSTM structure comprises 

two layers with 128 and 64 cells, respectively, each followed by a RELU activation 

function layer. A fully connected layer is integrated at the end, outputting a three-

dimensional vector representing NED frame positioning. Additionally, to account for 

uncertainty in predictions, a Monte Carlo dropout layer is incorporated post-LSTM layer, 

facilitating randomised dropouts during the algorithm's prediction phase. This 

architecture was also optimised using random search to determine the ideal number of 

hidden units, GRU layers, and the most effective activation function.  
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After the training phase, the model generates 100 predictions for each time point which 

are then utilized to compute the mean and standard deviation of each prediction. 

Additionally, the covariance for each batch of predictions is also calculated for later use 

in determining the PL.  

7.5 Results & Discussion 

7.5.1 Training and inference speed 

The training of the Bayesian LSTM system is designed to optimise its predictive 

capabilities for uncertainties in navigation systems. This training consists of multiple 

machine learning algorithms (as discussed above), and therefore, the time reported is the 

cumulative training time of all systems. Inference speed is gauged based on the time it 

takes to produce one prediction cycle (𝑃𝑟𝑒𝑑𝑡). 

 Training Speed (min/sec) Inference Speed (ms) 

Proposed 224 min 12 seconds 12.06 

RNN [72] 11 min 21 seconds 2.32 

The results indicate that the proposed system requires significantly longer training times 

than the RNN model referenced in publication [36]. Although its inference speed is 

slower, it remains suitable for real-time applications. This slower speed reflects a 

deliberate trade-off, prioritizing detailed uncertainty prediction and robust system 

performance over rapid processing. These characteristics justify using the Bayesian 

LSTM in applications where accuracy and depth of predictive insight are paramount. 

7.5.2 Sensor Fusion Performance 

Table 7-I presents results from several stages in the positioning algorithm, each 

showcasing varied levels of accuracy in different directions and under diverse 

environmental conditions. The GNSS receiver output is used as a comparison point for 

the other data points. It exhibits mean errors in the North, East, Horizontal, and Vertical 

directions at 22.32 m, 30.48 m, 37.78 m, and 23.34 m, respectively. The table shows the 

inherent limitations of standalone GNSS systems, particularly in complex environments 

where signal degradation and multipath cause an increase in position ambiguity. 

Implementing the GNSS/GRU algorithm ,by incorporating NLOS classification and 

ranking, effectively reduces mean errors to 9.48 m, 6.54 m, 11.52 m, and 4.83 m in the 

respective directions. The GRU plays an important role here, particularly in handling 
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time-series data where the temporal patterns in GNSS signals improve the classification 

accuracy. The EKF integration, which combines GNSS/GRU with INS/GRU data, further 

improves positioning accuracy, leading to mean errors of 7.84 m, 4.43 m, 9.01 m, and 

3.50 m. The integration of INS data, corrected using GRU insights, provides a more 

reliable and dynamic positional fix, particularly in environments where GNSS signals are 

compromised. The robustness of the VO combined with barometer readings is tested 

under various weather scenarios—Afternoon, Evening, Fog, and Dust. The consistency 

of vertical errors at 1.03 m across all conditions is expected due to the use of a barometer 

as a way to estimate altitude.  

The culmination of individual systems is represented by the Bayesian-LSTM fusion, 

achieving improved positioning performance. With horizontal errors not exceeding 0.62 

m and vertical errors around 0.30 m, the Bayesian-LSTM model demonstrates its 

importance in improving accuracy. This method's resilience to changing conditions, both 

in multipath urban environments and different weather conditions, showcases its ability 

to effectively integrate and analyse the time-series data from both the EKF and 

VO/barometer systems. The Bayesian approach provides a probabilistic framework that 

estimates the uncertainties, while the LSTM component provides the capability to learn 

from sequential data, making the fusion method ideal for cases in critical safety 

conditions. 

Table 7-I. Comparison of absolute mean position error for various sensor/machine 

learning configurations and weather conditions 

 
Absolute Mean Error (m)  

North East Horizontal Vertical 

Receiver 22.32 30.48 37.78 23.34 

GNSS/GRU 9.48 6.54 11.52 4.83 

EKF 7.84 4.43 9.01 3.50 

EKF with VO (afternoon) 3.28 4.24 5.36 3.50 

VO (Afternoon)/Barometer 4.44 5.59 7.14 1.03 

VO (Evening)/Barometer 4.48 6.03 7.51 1.03 

VO (Fog)/Barometer 4.46 6.05 7.52 1.03 

VO (Dust)/Barometer 5.48 6.65 8.62 1.03 

Bayesian-LSTM (Afternoon) 0.45 0.23 0.50 0.30 

Bayesian-LSTM (Evening) 0.45 0.24 0.52 0.34 

Bayesian-LSTM (Fog) 0.45 0.24 0.51 0.29 

Bayesian-LSTM (Dust) 0.56 0.27 0.62 0.31 

 



Robust Federated Multi-Sensor Scheme: Deep learning 

Approach for Integrity-based Positioning in Urban Canyons 

Results & Discussion 

 

141 

Table 7-II provides an analysis of the standard deviation in various positioning methods, 

reflecting their consistency and precision under different conditions. The GNSS receiver 

shows standard deviations of 20.34 m in North, 19.93 m in East, 28.48 m in Horizontal, 

and 15.53 m in Vertical. These higher values suggest a notable variability in the GNSS 

receiver's measurements, indicative of its susceptibility to environmental factors and 

signal degradation. A marked improvement in consistency is observed with the 

GNSS/GRU algorithm. The standard deviations are significantly reduced, indicating 

enhanced stability in the measurements due to the algorithm's ability to effectively handle 

NLOS signals and improve signal quality.  

The EKF method exhibits further reduction in standard deviations, upholding its 

capability in providing a more consistent and stable estimation of position by fusing 

GNSS/GRU and INS/GRU data. This suggests improved handling of data inaccuracies 

and an increase in performance even in challenging conditions. The VO combined with 

barometer readings maintains a consistent vertical standard deviation of 2.06 m across 

different weather conditions, highlighting its reliability in altitude measurement. 

However, variations in horizontal standard deviations under different conditions 

(Afternoon, Evening, Fog, Dust) indicate a dependency of the VO system's performance 

on environmental factors. The reduced standard deviations in the Bayesian-LSTM fusion 

method across all conditions present the case for the fusion method.  

Table 7-II. Comparison of absolute standard deviation position error for various 

sensor/machine learning configurations and weather conditions 

  Standard Deviation Error (m)  
North East Horizontal Vertical 

Receiver 20.34 19.93 28.48 15.53 

GNSS/GRU 15.26 9.68 18.07 4.43 

EKF 10.28 4.48 11.21 1.95 

EKF with VO (Afternoon) 8.28 5.01 10.96 1.98 

VO (Afternoon)/Barometer 6.98 5.97 9.18 2.06 

VO (Evening)/Barometer 7.04 6.02 9.26 2.06 

VO (Fog)/Barometer 7.01 6.40 9.49 2.06 

VO (Dust)/Barometer 7.98 6.43 10.25 2.06 

Bayesian-LSTM (Afternoon) 0.38 0.20 0.42 0.21 

Bayesian-LSTM (Evening) 0.38 0.20 0.43 0.22 

Bayesian-LSTM (Fog) 0.38 0.21 0.43 0.20 

Bayesian-LSTM (Dust) 0.43 0.21 0.48 0.24 

Table 7-III analyses the 95th percentile errors from several stages in the positioning 

algorithm, offering insights into the upper bounds of error likely to be encountered under 
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different operational scenarios. The GNSS receiver exhibits the highest 95th percentile 

errors across all categories, with 63.00 m in North, 70.34 m in East, 94.73 m in Horizontal, 

and 54.40 m in Vertical. These figures indicate a significant potential for large errors in 

extreme cases, reflecting the limitations of standalone GNSS in challenging conditions. 

There is a notable improvement with the GNSS/GRU algorithm, with the 95th percentile 

errors dropping to 40.00 m, 25.90 m, 47.66 m, and 13.69 m, respectively. This 

demonstrates the algorithm's effectiveness in reducing the likelihood of extreme errors, 

likely due to better handling of signal obstructions and multipath effects.  

The EKF fusion method shows further reductions in the 95th percentile errors, suggesting 

enhanced accuracy and reliability. The errors are reduced to 28.40 m, 13.39 m, 31.43 m, 

and 7.40 m, indicating the method's ability to effectively combine GNSS/GRU and 

INS/GRU data for improved positional estimation. The VO system combined with a 

barometer demonstrates reasonable upper bounds of error under different environmental 

conditions. The figures are relatively consistent, especially in the vertical measurement 

(5.15 m), indicating the barometer's reliability. However, variations in the horizontal 

measurements under different conditions (Afternoon, Evening, Fog, Dust) reflect the 

influence of environmental factors on the VO system's accuracy.  

The Bayesian-LSTM fusion method exhibits the lowest 95th percentile errors in all 

conditions, indicating a high level of precision and reliability. The errors are remarkably 

low, with the highest horizontal error at just 1.57 m and the vertical error at 0.79 m. These 

low values suggest that even in the worst 5% of cases, the Bayesian-LSTM method 

maintains high accuracy, underscoring its effectiveness in diverse conditions.  

Table 7-III. Comparison of position accuracy for various sensor/machine learning 

configurations and weather conditions 

  95th Percentile Error (m)  
North East Horizontal Vertical 

Receiver 63.00 70.34 94.73 54.40 

GNSS/GRU 40.00 25.90 47.66 13.69 

EKF 28.40 13.39 31.43 7.40 

EKF with VO (Afternoon) 19.84 14.26 24.43 7.46 

VO (Afternoon)/Barometer 18.40 17.53 25.51 5.15 

VO (Evening)/Barometer 18.56 18.07 26.04 5.15 

VO (Fog)/Barometer 18.48 18.85 26.50 5.15 

VO (Dust)/Barometer 21.44 19.51 29.11 5.15 

Bayesian-LSTM (Afternoon) 1.20 0.62 1.35 0.72 

Bayesian-LSTM (Evening) 1.21 0.64 1.37 0.78 
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Bayesian-LSTM (Fog) 1.21 0.66 1.38 0.69 

Bayesian-LSTM (Dust) 1.42 0.69 1.57 0.79 

Table 7-IV quantifies the improvement in positional accuracy of various methods 

compared to the standard GNSS receiver, expressed as a percentage. The GNSS/GRU 

algorithm shows improvements of 37% in North, 63% in East, 50% in Horizontal, and 

75% in Vertical directions. This indicates a substantial enhancement over the baseline 

GNSS receiver, particularly in the East and Vertical measurements. The EKF method 

exhibits further improvements, with 55% in North, 81% in East, 67% in Horizontal, and 

86% in Vertical. These figures suggest a significant increase in accuracy, especially in 

the East and Vertical directions, compared to the baseline.  

The VO system combined with a barometer demonstrates improvements in the range of 

66% to 71% in North, 72% to 75% in East, 69% to 73% in Horizontal, and consistently 

91% in Vertical across different environmental conditions. These numbers indicate a 

reliable enhancement in accuracy, with the most significant improvement observed in 

vertical positioning.  

The Bayesian-LSTM fusion method displays the highest improvements across all metrics 

and conditions, with 98% to 99% in North, East, and Horizontal, and consistently 99% in 

Vertical. This reflects a near-total enhancement in accuracy compared to the baseline 

receiver.  

Table 7-IV. Relative comparison to receiver for performance improvement of various 

sensor/machine learning configurations and weather conditions 

 Improvement (%) 
 North East Horizontal Vertical 

Receiver Ref 

GNSS/GRU 37% 63% 50% 75% 

EKF 55% 81% 67% 86% 

EKF with VO (Afternoon) 68% 80% 74% 86% 

VO (Afternoon)/Barometer 71% 75% 73% 91% 

VO (Evening)/Barometer 71% 74% 73% 91% 

VO (Fog)/Barometer 71% 73% 72% 91% 

VO (Dust)/Barometer 66% 72% 69% 91% 

Bayesian-LSTM (Afternoon) 98% 99% 99% 99% 

Bayesian-LSTM (Evening) 98% 99% 99% 99% 

Bayesian-LSTM (Fog) 98% 99% 99% 99% 

Bayesian-LSTM (Dust) 98% 99% 98% 99% 

Figure 7-9 compares the trajectory estimated by a Bayesian-LSTM model against the 

ground truth, with axes representing the North and East coordinates in meters. The ground 
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truth path delineates the actual movement, while the Bayesian-LSTM path shows the 

estimated trajectory based on the model's predictions. 

The Bayesian-LSTM model's trajectory closely aligns with the ground truth for the 

majority of the path, indicating a high level of accuracy in the model's positional 

estimates. The similarity between the two paths suggests that the Bayesian-LSTM model 

is effectively capturing the movement dynamics in both the North and East directions. 

At turning points in the ground truth trajectory, the Bayesian-LSTM model exhibits slight 

deviations. These deviations are more pronounced at segments where the trajectory 

changes direction sharply. Such discrepancies are attributable to the non-linear nature of 

the movements, which are particularly challenging for models to predict due to the 

complex dynamics involved. The accelerometer and gyroscope measurements at the IMU 

level are affected by these non-linearities, leading to the observed deviations in the 

estimated path. 

Despite these challenges, the model maintains a consistent trajectory estimation 

throughout the plot. The absence of erratic behaviour or extreme deviation from the 

ground truth path despite changing GNSS conditions in Dust conditions indicate that the 

Bayesian-LSTM model provides robustness to the estimated positions. The model's 

performance, especially its ability to closely track the actual trajectory, underscores its 

potential utility in precise navigation and location tracking applications. 
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Figure 7-9 Visual position accuracy comparison of horizontal positioning performance 

between Bayesian-LSTM and ground truth 

Figure 7-10 compares the vertical movement over time, contrasting the ground truth 

height with the height estimated by a Bayesian-LSTM model. 

In the graph, both the ground truth and the Bayesian-LSTM estimated heights are plotted 

against time in seconds. For the vast majority of the timeline, the Bayesian-LSTM 

estimated height closely matches the ground truth, maintaining a consistent altitude with 

negligible deviation, as indicated by the overlap of the two lines. 

There are two distinct events where a change in height is observed. Initially, both the 

ground truth and the Bayesian-LSTM model show a sharp increase in height, after which 

there is a plateau that persists for the majority of the time series. Following this period of 

stability, a sharp decline in height is registered by both the ground truth and the model at 

the end of the time series. The model accurately captures the timing and magnitude of 

these changes, suggesting that the Bayesian-LSTM has effectively learned the pattern of 

ascent and descent. 

 

Figure 7-10 Visual position accuracy comparison of vertical positioning performance 

between Bayesian-LSTM and ground truth 

Figure 7-11 displays the Probability Density Function (PDF) of position errors for three 

estimation methods: the Extended Kalman Filter (EKF), Visual Odometry (VO) in dusty 
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conditions when used with a barometer, and the Bayesian-LSTM fusion of EKF and 

VO/Barometer. 

In the plot, the EKF method's PDF indicates the widest spread of position errors, with a 

relatively flat distribution that extends towards larger error values. This reflects a greater 

variance in the position errors produced by the EKF method, suggesting a lower precision 

compared to the other methods. This is to be expected as the varying GNSS conditions 

for the UAV as it navigates these urban canyons reduced overall precision that can be 

achieved. 

The VO (Dust) method exhibits a narrower distribution than the EKF, with a peak that is 

higher and closer to zero error. This indicates that while the VO method under dusty 

conditions is prone to errors, it typically maintains a smaller range of error values than 

the EKF. 

The Bayesian-LSTM's PDF shows the narrowest and highest peak, concentrated near the 

zero-error mark. This demonstrates that the Bayesian-LSTM fusion method achieves a 

high probability of minimal position errors, outperforming the individual EKF and VO 

(Dust) methods. The sharp peak suggests that the majority of its position estimates are 

very close to the actual values, indicating a high level of accuracy and precision.  

 

Figure 7-11 Comparison of absolute horizontal position error distribution between EKF, 

VO and Bayesian-LSTM in presence of dust 



Robust Federated Multi-Sensor Scheme: Deep learning 

Approach for Integrity-based Positioning in Urban Canyons 

Results & Discussion 

 

147 

 

Figure 7-12 analysis of horizontal position errors for the three estimation techniques. The 

EKF method shows a relatively high degree of variability in horizontal error over time, 

with several spikes going above 50 m indicating moments of significant positional 

inaccuracy. This could be reflective of the challenges faced by the EKF when dealing 

with the integration of INS/GRU and GNSS/GRU data, especially when the errors in the 

inertial measurement unit (IMU) data accumulate over time. 

For the VO (Dust) method, the horizontal error demonstrates a steady increase over time. 

This trend can be attributed to the nature of VO systems, where errors are cumulative and 

tend to grow as a function of distance travelled, particularly in adverse conditions such as 

dust, which can obscure visual markers and reduce the accuracy of visual feature tracking. 

The barometer provides vertical guidance, which does not correct the horizontal drift 

inherent in the VO method. 

The Bayesian-LSTM fusion method displays a distinct pattern, with horizontal errors 

remaining consistently low throughout the time series. This indicates that the fusion 

approach effectively compensates for the individual limitations of the EKF and VO 

methods, leveraging the strengths of both to produce a more accurate and stable 

estimation of horizontal position. 
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Figure 7-12 Comparison of absolute horizontal position error vs time between EKF, VO 

and Bayesian-LSTM in presence of dust 

Figure 7-13 illustrates vertical position errors over time for the Extended Kalman Filter 

(EKF), Visual Odometry (VO) in dusty conditions with barometer data, and the Bayesian-

LSTM fusion method. 

The EKF displays an initial spike in vertical error, which rapidly diminishes and remains 

relatively low for the duration of the time series. This spike may represent the EKF's 

initial adjustment period or a response to a specific event that temporarily affected the 

vertical accuracy. 

The VO (Dust) method shows more variability in vertical error compared to the EKF. 

Despite the incorporation of barometer data, which is generally reliable for vertical 

measurements, the VO method's error exhibits several peaks throughout the time series. 

This could be due to the integration challenges of visual data with barometric pressure 

changes, particularly in dusty conditions that may affect sensor readings. 

The Bayesian-LSTM fusion maintains the lowest vertical error throughout the majority 

of the time series. It demonstrates a significant reduction in error magnitude compared to 

both the EKF and VO (Dust) methods, with minimal fluctuations. This indicates the 

effectiveness of the fusion method in leveraging the strengths of both the EKF and 

VO/barometer data to achieve more accurate vertical positioning. 
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Figure 7-13 Comparison of absolute vertical position error vs time between local EKF, VO 

and Bayesian-LSTM in presence of dust 

7.5.3 Protection Level Estimation Performance 

Figure 7-14 is a Stanford diagram, which is used to assess the integrity of a navigation 

system by plotting the Horizontal Protection Level (HPL) against the Horizontal Position 

Error (HPE). The diagram is divided into four quadrants, representing different 

operational states: Nominal Operation, System Unavailable Alarm, Hazardous 

Misleading Information, and the combination of System Unavailable and Hazardous 

Misleading Information. 

Nominal Operation is indicated by data points lying below the threshold line, where the 

HPL is greater than the HPE. In this analysis, a substantial majority of the instances 

(86,385 or 99.38%) fall into this quadrant, indicating that the system is operating 

normally, and the integrity of the position information is maintained. The predominance 

of data points in the Nominal Operation quadrant validates the Bayesian-LSTM system's 

ability to accurately estimate the protection level, ensuring that the HPL consistently 

encompasses the actual position error. This operational characteristic is crucial for UAV 

navigation in environments where GNSS signals are compromised and leads to system 

integrity for vehicles operating in urban canyons. 

System Unavailable Alarm is marked by instances where the system correctly identifies 

that the HPL exceeds an acceptable level, which may compromise position integrity, and 

thus an alarm is raised to indicate that the system is unavailable. Here, there are 535 

instances (0.62%) where the system has correctly alerted that the HPL is too high, 

suggesting that the system is appropriately self-monitoring and alerting when it cannot 

guarantee the position's integrity. The majority of System Unavailable alarms are during 

heading changes or changes in angular velocities recorded by the IMU. Additionally, in 

these conditions the multipath pattern is changing due to the change in the urban canyon 

environment. Therefore,  this nonlinear change contributes to the increased complexity 

of the positioning system, leading to an increase in errors and also an increase in the 

protection level estimate, exceeding the horizontal alert limit threshold. The correlation 

between these alarms and specific urban canyon conditions, such as heading changes or 

angular velocity shifts, suggests an area for further investigation. Understanding the 
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model's response to these dynamic conditions could lead to refinement in its predictive 

algorithms, enhancing its reliability in even more challenging urban environments. 

Hazardous Misleading Information would be indicated by points above the threshold line, 

where the HPE is greater than the HPL and no alarm is raised. This is a critical situation 

as it means the system is providing incorrect position information without any warning. 

Importantly, there are 0 instances (0.00%) in this quadrant, demonstrating that the system 

did not produce any misleading information that went undetected.  

The quadrant representing the combination of System Unavailable and Hazardous 

Misleading Information would show instances where the system is unavailable and 

provide hazardous misleading information. There is 0 instance (0.00%) in this quadrant, 

which means that there were no occurrences of simultaneous system unavailability and 

misleading information. The absence of points in the hazardous misleading information 

quadrants is a positive indication of the system's integrity, suggesting that the Bayesian-

LSTM is highly reliable. The diagram suggests that when the system predicts that it 

cannot maintain integrity, it appropriately declares itself as unavailable, which is a critical 

feature for safety-critical applications. 

 

Figure 7-14 Categorizing horizontal protection level estimate from Bayesian-LSTM using 

Stanford diagram 
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Figure 7-15 represents a Stanford diagram for the integrity analysis of the Bayesian-

LSTM system, illustrating the distribution of Vertical Protection Level (VPL) against 

Vertical Position Error (VPE). In the diagram, the majority of data points fall within the 

Nominal Operation quadrant, where the VPL exceeds the VPE, indicating reliable vertical 

position information. With 86,816 occurrences (99.88%), the system predominantly 

operates within acceptable bounds, maintaining a high integrity level. A single data point 

(0.001%) is present in the System Unavailable Alarm quadrant, reflecting an instance 

where the system correctly identified an inability to guarantee the integrity of the position 

information and thus signalled an alarm. However, there are 103 instances (0.12%) in the 

Misleading Information quadrant, where the VPE exceeds the VPL without triggering an 

alarm. This suggests that there have been a small number of occurrences where the system 

provided incorrect vertical position information without detection. There are no instances 

in the combined quadrant of System Unavailable and Hazardous Misleading Information, 

indicating no concurrent failures of system availability and undetected misleading 

information. The presence of misleading information cases, albeit small, underscores the 

need for continued enhancement of the integrity monitoring capabilities of the system. 

The figure demonstrates that while the Bayesian-LSTM system offers a high degree of 

reliability, attention to the instances of misleading information is crucial for safety-critical 

applications where vertical integrity is paramount. 
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Figure 7-15 Categorizing vertical protection level estimate from Bayesian-LSTM using 

Stanford diagram 

In Figure 7-16, the Bayesian-LSTM Horizontal Protection Level (HPL) exhibits a pattern 

that mirrors the peaks of the position error, albeit at a higher amplitude. This mirroring 

effect indicates that the HPL is responsive to changes in the position error, dynamically 

adjusting to maintain a protective margin that encompasses the error peaks. The 

responsiveness of the HPL to the error peaks is an essential characteristic of an effective 

integrity monitoring system. It ensures that as the position error increases, so does the 

HPL, maintaining a safety buffer that accounts for the increased uncertainty in the 

position estimate. The position error plot shows its highest peaks are well within the 

bounds set by the HPL, demonstrating the system’s robustness in accounting for error 

spikes. The correlation between the error and the HPL suggests that the integrity 

monitoring system of the Bayesian-LSTM is not only functioning correctly but is also 

well-tuned to the dynamics of the position error behaviour. The ability of the HPL to 

follow the position error peaks without being breached is indicative of the system's 

reliability. It suggests that users of the system can have confidence in the positional 

information provided, with the assurance that the HPL will provide an accurate reflection 

of the current error state, even at times when the error magnitude is at its greatest. 

 

Figure 7-16 Comparison of horizontal protection level estimate with actual absolute 

position error vs time. 
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7.5.4 Comparative Performance Analysis 

7.5.4.1 EKF Position and Protection Level Performance 

Figure 7-17 compares the integrity performance between two navigation system 

architectures: a conventional Extended Kalman Filter (EKF) utilizing GNSS from the 

receiver and IMU data without any post-processing and the Bayesian-LSTM system 

proposed in this chapter. 

The EKF points, depicted in pink, display a significant spread across the HPL spectrum, 

with many points exceeding the threshold line that delineates acceptable performance. 

The presence of these points above the threshold suggests instances where the EKF 

system's horizontal protection level may not be sufficient to cover the position error, 

indicating a potential risk of misleading information. Furthermore, the wide dispersion of 

the EKF points signifies a variability in performance, which could translate to 

inconsistent reliability in applications where consistent positioning accuracy is critical. 

There are a significant number of points that provide misleading information, which 

indicate timesteps where no alert will be given to the mission controller. There are several 

points in the hazardous misleading information section, which indicate timesteps where 

not only does the position error exceed the alert limit, but also the system still believes 

the protection level to be below the alert limit, therefore no indication to the situation is 

provided to the mission controller.  

The Bayesian-LSTM system, represented by the blue points, shows a more concentrated 

clustering of data, predominantly in the nominal operation space. This concentration 

suggests that the Bayesian-LSTM system not only provides a more precise estimation of 

position but also offers a more robust measure of protection, as indicated by the lower 

HPL values relative to the corresponding HPE. The instances where Bayesian-LSTM 

points do cross the threshold are notably fewer compared to the EKF system. 

The implications of choosing one system over the other are substantial. Opting for the 

Bayesian-LSTM system could potentially lead to a higher level of safety and reliability 

in navigation-critical applications, such as autonomous vehicle navigation, aircraft 

landing systems, or any other application where integrity and precision are paramount. 

The lower and tighter distribution of HPL values in the Bayesian-LSTM system indicates 
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a higher confidence level that the true position error will remain within the predicted 

bounds. 

Conversely, while the EKF system may be simpler and more established, its performance, 

as depicted by the wider spread and higher instances of crossing the threshold, suggests 

that it may not be as reliable for safety-critical applications where high integrity is 

required. The EKF system may be more susceptible to scenarios where the actual position 

error could exceed the predicted protection level without adequate warning, leading to a 

higher chance of undetected misleading information. 

 

Figure 7-17 Comparison of horizontal protection level estimate performance between 

Bayesian-LSTM and simple EKF integration 

Figure 7-18 presents a trajectory plot comparing the performance of a traditional 

Extended Kalman Filter (EKF) and the Bayesian-LSTM system against the known 

ground truth. This trajectory plot is particularly illustrative when considering the integrity 

analysis discussed previously. The EKF trajectory shows deviations from the ground truth 

at various points, particularly noticeable where there are sharp turns or changes in 

direction. These deviations could be attributed to the accumulation of small errors that 

are magnified during such manoeuvres. The Bayesian-LSTM system's trajectory closely 

follows the ground truth with much smaller deviations. The improved performance of the 

Bayesian-LSTM system can be linked to its ability to learn from sequential data and make 
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more accurate predictions, especially in handling the non-linearities of the motion which 

seem to challenge the EKF. The deviation of the EKF from the ground truth in this figure 

correlates with the higher spread of EKF points observed in the integrity analysis Stanford 

diagram. It provides a visual confirmation that the Bayesian-LSTM system not only 

maintains a higher level of integrity, as previously discussed, but also translates this into 

a more accurate and reliable trajectory estimation. This figure reinforces the implications 

of using the Bayesian-LSTM over the EKF. In applications where the integrity and 

accuracy of positional information are critical, the Bayesian-LSTM system's ability to 

closely mirror the ground truth and maintain a consistent trajectory with minimal 

deviation is a substantial advantage. 

 

Figure 7-18 Comparison of horizontal positioning accuracy between Bayesian-LSTM, 

EKF and ground truth 

7.5.4.2 Literature Comparison 

Figure 7-19 displays a bar chart comparing the positional errors of the Bayesian-LSTM 

system against another architecture from a referenced paper [128].  Errors are analysed 

across North, East, and Down (NED) coordinates, and include the 95th percentile errors 

for horizontal and vertical positions. The Bayesian-LSTM system exhibits lower errors 

in the North direction compared to the architecture from the referenced study. In contrast, 

the Bayesian-LSTM system shows a slightly higher error in the Down (vertical) position, 

suggesting its horizontal positioning is more accurate while its vertical accuracy is less 
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so compared to the other architecture. The 95th percentile errors, which indicate the 

worst-case scenario performance, are lower for the Bayesian-LSTM system, suggesting 

a potentially more reliable performance in positional accuracy. Despite a higher vertical 

error, the overall performance of the Bayesian-LSTM system, particularly in terms of the 

95th percentile errors, indicates an improvement over the architecture from the referenced 

study. 

 

Figure 7-19 Comparison of mean position errors (North, East and Down) and 95th 

percentile error in the horizontal and vertical direction 

7.6 Conclusion and Future Work 

In this chapter, we proposed and assessed a federated multi-sensor fusion architecture 

leveraging deep learning techniques designed to enhance positioning integrity in urban 

canyon environments. The system integrates GNSS, IMU, monocular-VO, and 

barometric sensors through a Bayesian-LSTM algorithm aimed at addressing the 

complexities of urban navigation. 

Our findings reveal improvements in positioning accuracy and reliability. The baseline 

GNSS receiver demonstrated initial mean positional errors of 22.32 m (North), 30.48 m 

(East), 37.78 m (Horizontal), and 23.34 m (Vertical), with 95th percentile errors reaching 
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63.00 m, 70.34 m, 94.73 m, and 54.40 m, respectively. The application of the GNSS/GRU 

algorithm reduced these errors to 9.48 m, 6.54 m, 11.52 m, and 4.83 m, respectively, 

showcasing the method's efficiency in signal discrimination and error reduction. 

The integration of EKF, combining GNSS/GRU and INS/GRU data, further decreased 

mean errors to 7.84m, 4.43 m, 9.01 m, and 3.50 m, respectively. The addition of the VO 

system and barometer readings maintained vertical accuracy effectively, while the 

comprehensive Bayesian-LSTM fusion algorithm achieved horizontal errors below 

0.62m and vertical errors around 0.30m under various environmental conditions. 

Integrity analysis, conducted through Horizontal Protection Level (HPL) and Vertical 

Protection Level (VPL) assessments, indicated that 99.38% and 99.88% of data points 

fell within the Nominal Operation quadrant for HPL and VPL, respectively. This 

demonstrates the system's effectiveness and reliability, particularly in challenging urban 

scenarios where conventional systems falter. 

The potential applications span across autonomous vehicles, drones, mobile mapping, and 

emergency services, where precise, reliable navigation is crucial. This architecture not 

only addresses current urban navigation challenges but also sets a new benchmark for 

future positioning systems.
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Chapter 8 General Discussion 

This research is situated within the broader domain of autonomous navigation and UAV 

operations in urban environments, addressing critical challenges such as GNSS 

dependency and sensor inaccuracies. By focusing on machine learning for integrity-based 

sensor fusion, the work contributes to the urgent global demand for reliable, autonomous 

systems capable of navigating complex urban landscapes. This is particularly relevant in 

the context of increasing urbanization and the need for innovative solutions to support 

urban mobility, emergency response, and smart city initiatives. 

Concerning the initial research objectives, four main goals were set to explore the role of 

machine learning integrity-based sensor fusion and develop and evaluate PNT navigation 

solutions for UAVs in urban environments. These solutions aimed to achieve high 

accuracy, reduce dependence on GNSS, and improve robustness using machine learning 

and alternative PNT methods. The details of these objectives and their achievement are 

as follows: 

• O1: Identify and discuss candidate PNT and fusion technologies for assured PNT 

in safety-critical missions. The performance characteristics of these technologies, 

along with their complementary aspects, will be analysed to support the 

development of an effective fusion solution and identify mechanisms for further 

improvements/adaptation of individual technologies. 

o Literature reviews in Chapters Two and Three addressed issues with 

traditional sensors like GNSS and IMU and discussed filtering/fusion 

techniques such as EKF. These chapters also explored advanced 

techniques to tackle IMU drift and GNSS multipath errors, enhancing 

GNSS performance and positioning accuracy. 

o Chapter three reviewed current sensor fusion technologies, comparing 

different approaches and architectures, including centralized and federated 

systems. 

o Chapter seven introduced additional sensors like camera and barometer 

for improved positioning performance 
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• O2: To propose a robust sensor fusion architecture and underlying technologies 

for UAVs in urban canyons using deep learning approaches based on mission 

specifications: environment, integrity, and accuracy requirements. This method 

will inform the development of performance-based navigation concepts for 

autonomous systems. 

o A federated fusion system using Bayesian-LSTM architecture for sensor 

fusion was introduced in Chapter Seven. This setup included various 

sensors and used an EKF for integrating corrected INS and GNSS data, 

while fusion with VO/Barometer data was achieved using Bayesian-

LSTM. This approach allowed for uncertainty estimation, enhancing the 

system's integrity. 

• O3: Develop a sensor simulation environment for data collection and post-

processing. This will enable testing of the proposed architecture in a controlled 

manner for a robust analysis. 

o The simulation architecture described from Chapters Four used Spirent 

GSS7000 for GNSS signal simulation, OKTAL-SE Sim3D for creating 

multipath effects, and AirSim along with Unreal Engine for generating VO 

data. This setup allowed for comprehensive testing and analysis of the 

fusion system under different conditions. 

• O4: Evaluate the performance of the developed architecture using hardware in the 

loop simulations and existing performance metrics for comparative analysis. 

o The evaluation covered essential metrics for positioning and machine 

learning performance, comparing our system against other state-of-the-art 

architectures to demonstrate improvements in performance and integrity. 

In summary, all objectives have been successfully implemented to achieve the stated aim. 

However, it is also important to discuss the findings in a broader context than has been 

explored in each chapter. Here, we will discuss observations regarding implementation 

and how the proposed architecture solves the stated issues in the introduction (Chapter 

1), how the work presented here has a worldwide implication and future innovation that 

is required for the successful implementation. 
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8.1 Implementation and Identified Issues 

The introductory chapter highlighted significant challenges within urban development, 

particularly the impact of rising traffic volumes on the transportation of goods and 

services as populations grow. These challenges, if not addressed, could have considerable 

financial and social repercussions. To mitigate these issues, the improvement of robust 

UAM positioning accuracy was proposed as an urgent challenge to tackle, particularly 

regarding UAVs and addressing significant safety concerns. Notably, the safety issues 

identified include the insufficient accuracy, integrity, and robustness necessary for the 

autonomous operation of UAVs. 

In response, this dissertation proposed a novel federated multi-sensor deep learning 

framework designed to enhance positioning accuracy through error correction techniques 

and integration of multiple sensors. This approach also aims to improve the system's 

integrity by quantifying the uncertainty in the predictions of the deep learning model. 

The results, discussed in Chapters 5 to 7, demonstrated that the aforementioned system 

improved positioning accuracy compared to state-of-the-art research, achieving 95th 

percentile horizontal errors of less than 1.6 meters (Chapter 4). Such accuracy is 

particularly effective in urban contexts, where the average half-street width in cities like 

New York is approximately 6.5 meters, thereby facilitating reliable navigation and 

efficient service delivery in densely populated areas. 

Furthermore, the system's integrity was enhanced by its ability to estimate the PL from 

the uncertainty distributions derived by a Bayesian-LSTM and comparing it against the 

AL. The ability to understand the system integrity performance is essential for 

maintaining shared safety in urban environments. 

The robustness of the system was also tested under various challenging signal conditions 

and weather scenarios typical in urban canyons, where conditions change rapidly. The 

results confirmed the method's capability to withstand fluctuations, thereby reinforcing 

its suitability for such environments and affirming the direction of this research. 

Regarding the practical implementation of this system, several key factors need 

consideration. The transition from simulated data to real-world scenarios introduces 

complexities that may have been previously overlooked, such as system behaviour with 
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other vehicles present in the environment. Additionally, the deployment of machine-

learning algorithms in real-world contexts presents further challenges. Mitigation 

strategies could include establishing safety standards and benchmarks specifically for 

machine learning applications. Hardware considerations are also crucial, as the 

deployment of such systems requires robust and continuously available components that 

can support advanced predictive models and integrating multiple sensor inputs. 

8.2 Worldwide Context of the Research 

The research presented in the preceding chapters have demonstrated several achievable 

advancements in UAM, particularly through the development of accurate and integrity-

based navigation systems. These improvements address the critical safety and regulatory 

concerns outlined in the introduction of this thesis. By resolving the navigation challenges 

associated with UAM, UAVs can navigate safely through urban canyons, thereby 

alleviating the congestion currently experienced by road vehicles. Moreover, the 

reduction in position uncertainty enables an increase in the density of UAM traffic, 

enhancing the utilization of airspace in urban environments. 

Beyond the developments in the positioning system, the integration of existing and 

emerging technologies could foster a range of improvements in utilization, safety, and the 

development of innovative use cases. For instance, incorporating communication 

elements between vehicles, as well as a general awareness of environmental conditions 

and the positions of other vehicles, could significantly enhance operational safety and 

efficiency. Future technologies such as 6G Integrated Sensing and Communication 

(ISAC) [129] and Low Earth Orbit (LEO) [130] Positioning, PNT are expected to 

improve environmental awareness and provide additional positioning resources through 

the concept of Position as a Service. 

The global applicability and scalability of the system are also crucial considerations. 

While adaptability can be equated with the system's demonstrated robustness to changing 

conditions, as detailed in Chapter 7, scalability poses a more substantial challenge. 

Although the proposed solution operates independently of other vehicles in the 

environment, it requires refined and potentially costly hardware for widespread 

implementation across a fleet of UAVs. Nevertheless, the decreasing costs of hardware, 



General Discussion  

 

162 

coupled with enhancements in efficiency and processing power, suggest that these 

financial barriers may diminish in the future. 

8.3 Future Innovation Requirements 

As UAM evolves, the integration of advanced technologies such as quantum sensing,  

transformers, and Vehicle-to-Everything (V2X) communication is poised to revolutionize 

UAV navigation. These technologies address critical challenges in navigating complex 

urban environments, yet their readiness for practical deployment varies and must be 

carefully evaluated. 

Quantum sensing offers groundbreaking opportunities for UAV navigation through its 

unparalleled ability to measure environmental variables with precision and stability. 

Technologies such as quantum gyroscopes and accelerometers could replace GNSS 

systems, providing robust navigation solutions in GNSS-denied or interference-heavy 

environments, such as urban canyons or tunnels. Beyond navigation, quantum sensing 

could allow UAVs to detect subtle changes in atmospheric conditions, enabling proactive 

adjustments in flight paths to optimize safety and energy efficiency [131]. While still in 

the research and development phase, advancements in miniaturization and cost reduction 

suggest that quantum sensors could see pilot implementations within the next decade. 

Current UAV systems can begin to adopt hybrid approaches, combining traditional 

sensors with early-stage quantum devices to enhance navigation capabilities 

incrementally. 

Transformers, known for their exceptional ability to model complex data dependencies, 

offer transformative potential in sensor fusion and decision-making for UAVs. By 

processing multi-sensor data streams in real time, transformers can enhance situational 

awareness and operational safety. Recent studies have employed a graph transformer 

neural network to predict satellite visibility, effectively learning environmental 

representations from irregular GNSS measurements to mitigate multipath interference 

and enhance generalisation [132]. Other use case examples include transformers that 

could enable UAVs to prioritize collision-avoidance data in high-risk scenarios while 

simultaneously analysing visual inputs to identify optimal landing zones. However, their 

integration into UAV systems is currently limited by computational constraints, 

particularly for smaller UAVs with resource limitations. Advances in edge computing 



General Discussion  

 

163 

and hardware accelerators are addressing these challenges, making transformers 

increasingly feasible for high-value applications, such as urban delivery or search-and-

rescue missions. 

V2X communication technologies complement these advancements by enabling UAVs 

to communicate seamlessly with vehicles, infrastructure, and other UAVs. In an 

intelligent transport system (ITS), UAVs equipped with V2X can coordinate with ground 

vehicles, receive updates on traffic patterns, and interact with urban infrastructure like 

smart traffic lights [133]. For instance, UAVs delivering goods could synchronize with 

autonomous delivery trucks, optimizing routes and handoffs. Similarly, UAVs 

monitoring urban environments could collaborate with ground sensors to respond more 

effectively to localized events, such as accidents or natural disasters. While V2X 

standards for ground vehicles are well-established, adapting these protocols for UAVs 

involves overcoming challenges such as ensuring interoperability across three-

dimensional mobility and addressing cybersecurity risks. Despite these hurdles, V2X is 

among the most readily deployable technologies, with components already being tested 

in urban environments. 

Furthermore, the development of 6G networks and Integrated Sensing and 

Communication (ISAC) promises to push the boundaries of navigation accuracy and 

system reliability even further. The potential for enhanced communication between 

UAVs and terrestrial vehicles through shared sensors and data opens new avenues for 

ensuring pedestrian safety and operational efficiency.  

The interplay between these technologies could redefine UAV navigation. For example, 

V2X data streams could be processed by transformers to predict traffic flows and adjust 

UAV routes proactively. Quantum sensors could enhance the accuracy of these 

adjustments by providing high-resolution environmental data. Machine learning could 

further refine these processes by enabling UAVs to learn and adapt to dynamic conditions, 

creating a feedback loop that enhances performance over time. 

However, the integration of these technologies into operational UAV systems is not 

without challenges. Quantum sensing and transformer-based processing require 

significant advancements in hardware miniaturization and energy efficiency to meet the 

constraints of UAV platforms. Machine learning and V2X technologies face regulatory 
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and ethical considerations, including data privacy, communication security, and public 

acceptance. Addressing these challenges will require collaborative efforts across 

industries, policymakers, and urban planners to establish robust frameworks for 

deployment and governance. 

While full integration of these technologies may take years, their incremental adoption is 

already possible. Machine learning, as shown in this thesis, can enhance existing UAV 

systems in complex environments, future transformers can support specialized 

applications requiring advanced sensor fusion, and V2X can enable more efficient 

coordination with urban infrastructure. Quantum sensing, although still emerging, 

represents a long-term opportunity to revolutionize navigation. By aligning near-term 

applications with current readiness and addressing long-term challenges, UAV navigation 

systems can progressively evolve into a more adaptive, intelligent, and interconnected 

ecosystem, prepared to meet the complexities of future urban environments.  
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Chapter 9 Conclusion 

In conclusion, this thesis has tackled the pressing issue of autonomous navigation for 

UAVs in complex urban environments, where the urban canyon effect significantly 

undermines traditional navigation methods. By introducing a federated multi-sensor 

fusion architecture, this work marks an advancement over conventional systems, 

integrating Bayesian-LSTM algorithms with GNSS, INS, and monocular VO. This 

innovative approach not only outperforms existing approaches but also mitigates the 

limitations posed by dense urban structures. 

The architecture’s capability to preprocess GNSS data, NLOS signals, combined with its 

GRU-based architecture for correcting INS data errors, has proven to be transformative. 

Quantitative evaluations showcase a notable reduction in the 95th percentile horizontal 

error and a 30.1% enhancement in horizontal error performance when benchmarked 

against GNSS/IMU/VO EKF-GRU systems. These results underline the potential to 

elevate the precision and reliability of UAV navigation within urban canyons, setting a 

new standard for future navigational technologies. 

The implications of this research extend far beyond technological excellence, offering 

profound societal and business benefits. Enhanced UAV navigation systems, as 

developed in this thesis, hold the potential to revolutionise urban logistics by enabling 

more efficient, reliable delivery services, thereby reducing urban traffic congestion and 

contributing to environmental sustainability. In emergency scenarios, the ability of UAVs 

to navigate to critical locations quickly and accurately can be lifesaving, underlining the 

importance of this research in public safety and disaster response efforts. Additionally, 

using UAVs in urban planning and infrastructure maintenance presents innovative 

approaches to city management and development, promoting sustainable urban growth. 

Additionally, the development of standardized protocols for UAV navigation is essential 

for achieving interoperability and ensuring safety across various platforms and 

applications. Such standardization would facilitate a cohesive framework for urban air 

mobility, enabling a seamless integration of UAVs into the broader ecosystem of urban 

transportation. 
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In summary, this thesis not only addresses current challenges in UAV navigation but also 

lays the groundwork for future advancements. The successful implementation of the 

federated stochastic ML architecture represents a significant leap forward in autonomous 

urban navigation, offering a blueprint for future research and development in this rapidly 

evolving field. As we continue to explore the integration of new technologies and tackle 

the broader implications of UAV deployment, the potential for transformative impact on 

urban mobility, public safety, and environmental sustainability is immense.  
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