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Abstract

Urban Air Mobility (UAM) applications, including passenger taxis, cargo transport
and aerial surveys, are significantly impacted by GNSS vulnerabilities in urban
environments highlighting the requirement of accurate and robust alternative
navigation solutions like Visual-Inertial Navigation Systems (VINS) to ensure
reliable and safe operation. However, ensuring robustness and high accuracy in
the VINS system requires the development of advanced methodologies to
address the limitations of current state-of-the-art solutions, which struggle to
perform effectively in low-light environments, adverse weather conditions, low-
texture areas, and during rapid motion variation. Therefore, the primary aim of
this thesis is to develop a robust and resilient vision-based alternative solution to
GNSS outage by mitigating visual faults, enabling safe and reliable navigation

under challenging urban environments for UAM systems.

This thesis designs an advanced methodology to address visual faults by
exploring hybrid architectures in VINS systems to improve robustness in complex
visually degraded urban environments, ensuring operational safety during GNSS
outages. To enhance robustness and reliability, a hybrid VINS system
incorporating multiple error compensation (Multi-ML Hybrid VIO) is proposed that
simultaneously addresses and mitigates visual failure mode effects arising from
weather conditions, lighting effects, low-texture environments and flight dynamics
to ensure integrity. Furthermore, uncertainty prediction for visual failure modes is
proposed to address aleatoric and epistemic uncertainty, providing compensation
for accumulated errors that improve accuracy and robustness. The evaluation of
different hybrid architectures proposed during this study indicates that Multi-ML
Hybrid Visual Inertial Navigation Systems (VIO) solution outperforms in mitigating
visual failure modes and addressing various sources of visual uncertainty,
ensuring navigation integrity. Training and testing results obtained from simulated
complex urban prototypes demonstrate the remarkable performance of the
proposed solution under diverse visually degraded scenarios and its seamless

integration within the multi-sensor navigation system during GNSS outage.



Overall, the findings in this thesis demonstrate a robust and reliable vision-based

alternative navigation solution tailored for UAM applications.
Keywords:

Complex Urban Environment; Machine Learning; Error Compensation;
Uncertainty; Hybridization; Urban Air Mobility.
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1 Introduction

1.1 Background and Motivation

Urban Air Mobility represents an emerging air transportation system designed for
passengers and cargo in urban environments, facilitating by advanced
technologies and integrated within multimodal transportation systems [1], [2]. The
vision for UAM involves widespread utilization in urban and suburban areas,
complementing existing transportation systems and supporting the
decarbonization of the transportation sector [3]. Unmanned Aerial Vehicles
(UAVs) deployed for UAM applications often required to navigate through urban
space, including flying between buildings. In such scenarios, Global Navigation
Satellite System (GNSS) proves to be an unreliable navigation system due to its
vulnerability to environmental obstructions such as multipath effects, no-line-of-
sight (NLOS), jamming, signal blockage, atmospheric effects [4], [5], [6]. To
address these challenges, GNSS is often integrated with the Inertial Navigation
System (INS) or Inertial Measurement Unit (IMU) using fusion algorithms.
However, challenges persist as errors in these systems accumulate over time [7],
[8], [9], [10], [11]. For instance, while INS utilises GNSS signals to provide
accurate positioning through continuous dead reckoning, it struggles during
extended GNSS outages or when signals are intermittent or noisy. Alternative
approaches such as using external sensors like lasers [12], Lidar [13], [14], UWB
[15], [16], [17] have also been explored. However, as pointed out by the authors
[18], [19], [20], [21], these methods are prone to unbounded errors from
generated measurements, leading to solutions that either diverge or become
corrupted by noise. Unlike Light Detection and Ranging (LIiDAR) or Ultra-Wide
Band (UWB) systems, vision-based navigation systems have emerged as a
promising, cost-effective, and lightweight alternative solution to address the
limitations of GNSS and navigate the complexities of challenging urban
environments, making them preferred choice for UAM systems.

Current research trends in autonomous UAV navigation point towards the
growing use of visual sensors with Inertial Measurement Unit (IMU) incorporating

advanced sensor fusion techniques to enhance positioning performance in urban
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areas. By leveraging visual information, UAVS can navigate through urban areas,
where GNSS may be obstructed or unreliable [22], [23], [24], [25]. Visual Inertial
Navigation System (VINS) has been extensively investigated and deployed on
robotic applications, encompassing notable examples like VINS-Mono [26],
MSCKEF [27], [28], ORB-SLAM3 [29], and open-VINS [30]. However, these state-
of-the-art solutions exhibit performance degradation under fault conditions such
as illumination, motion, blur, field of view, and texture environments. These
limitations hinder the reliability of existing solutions for UAM applications, which
require safety assurance with high accuracy, particularly for navigating urban
space, including flying between buildings or above rooftops. An extensive review
of vision-based navigation solutions highlights the requirement of exploring
advanced fault mitigation techniques in the VINS system to enhance accuracy
and robustness in such complex scenarios. Despite advances, challenges remain
in ensuring robustness and integrity for autonomous driving in UAM systems,

emphasising the critical need for further research in this domain [31].

In a safety context, Position, Navigation and Timing (PNT) solutions are
categorised by accuracy, integrity, continuity, and availability within the
performance-based navigation solution [32]. While accuracy is the initial stage
of the PNT solution, the trustworthiness of the system is specified based on the
level of accuracy as integrity. Continuity is the simultaneous success rate of
accuracy and integrity requirements over a flight period. Finally, the navigation
system is available only if the above three requirements are achieved. Integrity
reflects the trustworthiness of the navigation solutions and is defined by four key
parameters: Alert Limit (AL), Integrity Risk (IR), Time to Alert (TIA), and Protection
Level (PL), with the letter ensuring position errors remain within defined statistical
bounds [31]. Based on the Stanford diagram [33] as illustrated in Figure 1-1, safe
mission operation is achieved if AL or PL is above PE. Further, correct integrity
algorithm implementation is achieved if PL is always above PE. This means that
the system continuously guarantees to alert the mission controller if the
information is correct. While GNSS-based integrity-assured systems are
extensively studied, challenges remain in ensuring the integrity of vision-based

navigation solutions.
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Figure 1-1 lllustration of the relationship between, true position and the required
integrity level by the Stanford diagram [33].

Since integrity failures can cause collisions and accidents in UAM applications,
the tolerance of the integrity Alert limit (AL) is set to <10m while the integrity risk
is at <107 7by the European Space Agency (ESA) [31]. While maintaining the
previously defined availability of the navigation system, attention should be given
to ensuring robustness and reliability to avoid hazardous outcomes, which can
enhance integrity. A comprehensive review [32], [34] on integrity challenges for
PNT solutions has highlighted the requirement to address robustness in the
presence of fault conditions while designing navigation algorithms to ensure
integrity. The review suggests that prioritising robustness and integrity may come
at the expense of accuracy but has been shown to enhance reliability in complex

environments, ultimately reducing the risk of crashes and collisions.

To maintain both accuracy, robustness and integrity requirements, a multi-sensor
navigation system in challenging urban environments is essential, where a vision-
based Alternative PNT (APNT) solution can be integrated to ensure safe
navigation. The traditional centralised multi-sensor navigation system imposes
the limitation of assuring safe navigation under a prominent visually degraded
environment during GNSS outages [35]. For achieving the fault tolerance

capability in integrated multi-sensor systems, the decentralised filtering design,
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especially using the federated architecture, is considered to be a promising
solution [36], [37]. However, this further requires assessing the reliability and
robustness of APNT solutions as they serve as the core solution during GNSS
outages. Current developments in VINS systems still focus on the mitigation and
detection of conventional faults or predefined fault models of large biases, which
require attention. Due to the complexity in resolving the inherent nonlinear
behaviour of core visual sensors, developments were only focused on mitigating
IMU faults in VINS systems [38], [39], [40], [41], [42], [43] involving filter-based
and data-driven approaches. Another approach has endeavoured in literature to
integrate the CNN-LSTM-aided EKF-based VIO [44], [45] approach, aiming to
predict measurements from either Visual Odometry (VO) or IMU. These attempts
have encountered difficulties in adequately presenting the complexity of dynamic
scenes due to the insufficient variety of datasets and the selection of mitigation
mechanisms. Attention should be given to addressing visual failure modes while
designing navigation solutions to achieve significant improvement. Zhu et. al.
[31] have highlighted the requirement of investigation of possible fault conditions
or failure modes occurring in visual navigation while designing a robust and high-
integrity PNT solution for safety-critical applications. To facilitate this, there is a
need to reexamine and reevaluate current state-of-the-art multi-sensor navigation

systems to achieve fault tolerance capabilities.

Given the constraints of current state-of-the-art PNT solutions for UAM
application, the development of integrity-enhanced robust vision-based PNT
solutions facilitating uninterrupted navigation in an urban complex environment
faces substantial challenges and research gaps, which are addressed by this

research as follows-

¢ The development of multi-sensor navigation systems, specifically requiring
fault-tolerance capabilities that ensure operational continuity even if one
of the sensors fails to perform. While centralised multi-sensor navigation
systems have explored integrity monitoring methodologies [35], there is a
lack of evidence ensuring operational continuity under visually degraded
scenarios. However, this work provides a direction for considering failure

modes in navigation systems while designing integrity-enhanced
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solutions. Another approach [36], [39], [46] explores federated
architectures within multi-sensor systems, proposing an adaptive
positioning algorithm to eliminate issues of GNSS signal interruption by
employing VO large bias. However, faults arising from less-features,
environment complexity, motion dynamics and high non-linear
characteristics have not been fully taken into account. Besides, the fault
detection mechanism employed on such architectures operates based on
statistical models, which can result in false alerts due to the dependency
on pre-defined Gaussian error models. In contrast, error distribution in
such complex navigation systems is non-Gaussian in the real world. Thus,
there is a need to consider realistic fault conditions to design a fault
mitigation mechanism to enhance the PNT solution. The motivation of this
component is to address the possible visual failure modes that result in
various fault conditions in visually degraded urban environments.

The Research gap emerges in developing an appropriate vision-based
navigation solution that is robust under various fault conditions arising from
UAV flight dynamics and visually degraded scenarios. Current solutions,
including filter-based [26], [47], data-driven [43], [48], [49] and hybrid
architectures [41], [45] lack robustness under realistic maximum fault
conditions. For example, challenges related to routing remote locations,
handling speed and multiple manoeuvres remain largely unexplored in
state-of-the-art vision-based solutions. Current approaches to removing
visual errors involve the integration of predefined fault models like feature
extraction error, photometric noise, and geometric error, which may not be
proven effective under other faults. For example, outlier rejection method
like RANSAC fails to reduce fault effects when there is a mismatch and
lack of features in the data [50], [51], [52]. Furthermore, challenges remain
in visual navigation while operating in different weather conditions, with
safety assurance by mitigating visual errors. For instance, raindrops, glare
and limited visibility remain challenging to existing VO solutions due to
additional noise induced in the data [53], [54]. Thus, Attention should be

given to mitigate visual errors while developing the vision-based solution
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to ensure robust and safe navigation. The motivation of this component is
to develop robust fusion solutions that account for possible failure modes,
facilitating uninterrupted operation during different flight paths with
combinations of fault conditions.

Another gap lies in the evaluation of existing solutions on datasets that
encompass such scenarios, apart from EuRoc Dataset [55] which is
recorded indoor and suffers from poor synchronisation between sensor
outputs. Additionally, fusion solutions utilising this dataset often prioritise
achieving high accuracy, necessitating its division into six small sets due
to the presence of high dynamics and dark lighting conditions, which
frequently lead to feature tracking failure [26], [29], [41].

The ongoing development of vision-based APNT solutions presents
significant challenges in establishing confidence measures to ensure
integrity. Quantifying error arising from visual sources of uncertainties
poses an ongoing challenge, particularly in the context of enhancing
integrity through visual navigation [31], [51], [56]. Existing studies on error
quantification often rely on predefined uncertainty models and Gaussian
representation of errors [57], [58], [59] which lack evidence of providing
reliable confidence measures across various fault scenarios. ML-aided
solutions incorporating into visual-based systems also struggle to provide
confidence measures for epistemic (associated with the model) and
aleatoric (associated with input data) uncertainty. For example, popular
ML methods like Bayesian LSTM utilising Monte Carlo Dropout (MCD)
[60], Bayesian Variational Autoencoder [61], [62] and RCNN with mixture
density network [63], employed on visual systems also lack validation
under visually degraded scenarios (e.g. texture-less environments, rapid
motion, low-light. Furthermore, existing solutions often lack statistical
rigour, particularly when dealing with non-Gaussian error distributions,
where 3¢ uncertainty interval (Ul) cannot ensure error bound. The ongoing
motivation is to bridge this gap by developing an advanced solution to

predict uncertainty for non-Gaussian error distribution within vision-based
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PNT systems to provide confidence measures for safe and reliable

navigation during GNSS outage in complex urban environments.

Therefore, the research challenges and gaps in the domain of vision-based APNT
solutions for UAM applications emphasise the requirement of developing
advanced methodologies in autonomous operation in urban environments. The
motivation for addressing these gaps is rooted in the need to establish a robust
vision-based navigation solution that provides confidence measures for
operational safety under complex environments to ensure integrity. Furthermore,
bridging these gaps aligns with the goals of UAM applications, facilitating
uninterrupted and reliable flight in urban areas.

1.2 Research Aim and Objectives

The research aims to develop robust advanced methodologies to mitigate visual
failure modes in vision-based navigation systems to ensure safe operation under

challenging urban environments.

Based on the outlined challenges and gaps in safe UAV navigation for UAM

applications, the specific objectives of the thesis can be expressed as follows-

e O1. State-of-the-art Review
Review the state-of-the-art vision-based navigation algorithms, analyse
challenges in sensor fusion algorithms incorporating VO, and evaluate
existing public datasets.

e 02. Visual failure modes mitigation within hybrid VIO
Develop a hybrid solution to mitigate visual failure modes identified
through FMEA on VINS applications and evaluate its effectiveness within
a fault-tolerant multi-sensor navigation system to enhance performance
under multiple visual failure modes.

e 03. Error Compensation within Hybrid VIO mitigating visual failure
modes
Develop error compensation mechanisms within hybrid VIO architectures

to evaluate the effectiveness and adaptability of proposed methodologies
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for mitigating visual failure modes under adverse scenarios like weather
conditions, lighting conditions, and flight dynamics to ensure robustness.
e 04. Uncertainty prediction of visual failure modes to ensure integrity
Develop an uncertainty prediction technique for complex visual failure
modes arising from various visual sources of uncertainties, providing
confidence measures and enabling position correction to achieve an
accurate and robust solution while ensuring integrity.
e 0OS5. Evaluation of the effectiveness of different hybrid VIO solutions
in the mitigation of visual failure modes
Evaluate the resilience of different hybrid architectures in vision-based
APNT solutions, incorporating GRU and ESKF to mitigate visual failure
modes and gain insight into the behaviour of hybrid models in complex

urban environments with external combinations of faults.

1.3 Contribution

This work makes contributions to advancing alternative PNT techniques for
navigating under urban environments for safety-critical UAM applications. The

detailed contributions are listed as follows-

[1] The novel GRU-based enhancement of the ESKF VIO system for VO error
correction is proposed to mitigate FMEA-identified visual failure modes
within the fault-tolerant multi-sensor navigation system under GNSS
outages. This research lays the validation of utilising failure modes of
visual navigation to design system architecture, a step forward towards
ensuring integrity in UAM applications navigating in urban space.

[2] The novel KF error compensation mechanism in hybrid VIO is proposed
with a combination of GRU and ESKF, aiming to mitigate visual failure
modes arising from various fault factors like environmental complexity and
flight dynamics.

[3] A novel robust Multi-ML hybrid VIO is proposed with a combination of
multiple ML-aided error compensation and ESKF, aiming to reduce
position uncertainty. This integrates one GRU to compensate for VO

measurement errors by updating the ESKF filter, while another GRU
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compensates for model measurement errors to correct model
inaccuracies. The aim is to correct aleatoric and epistemic uncertainty

under complex urban environments simultaneously.

[4] A novel denoising mechanism using an autoencoder for GRU-based VO

error compensators is proposed to minimise outliers and improve the
integrated solution's generalisation ability in the presence of a scarcity of

features, reflections, and noise artefacts.

[5] Systematically evaluated the resilience of various hybrid VIO architectures

proposed in this study to address complex visual failure modes, including
feature extraction errors, feature tracking errors, feature location errors

and data association errors.

[6] A novel Bayesian GRU is proposed within Multi-ML hybrid VIO to predict

model errors with uncertainty measures of complex visual failure modes,
which is utilised to correct the overall position. The algorithm aims to
estimate a robust position with uncertainty estimation, balancing

robustness and integrity under complex urban environments.

[7] Systematically evaluated integrated fault-tolerant hybrid GNSS/IMU/VO

multi-sensor navigation system leveraging the Multi-ML hybrid vision-
based APNT solution developed in this study, demonstrating its
effectiveness and ability to provide accurate positioning with confidence
measures under GNSS outage scenarios.

1.4 Publications

The subsequent sections contain a compilation of journal and conference papers

that have been either submitted or published, all of which have direct relevance

to the scope of this Ph.D. research.

Journal Papers

J1. Tabassum, T. E., Xu, Z., Petrunin, |., & Rana, Z. A. (2023). Integrating
GRU with a Kalman Filter to Enhance Visual Inertial Odometry
Performance in Complex Environments. Aerospace, 10(11), 923.
https://doi.org/10.3390/aerospace10110923 (Published)
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J2. Tabassum, T. E., Petrunin, |., & Rana, Z. A. A Comparative Analysis
of Hybrid Fusion Schemes for Visual-Inertial Navigation (Under Review -
Manuscript ID: TIM-24-04121 on IEEE Transactions on
Instrumentation and Measurement)

J3. Tabassum, T. E., Petrunin, |., & Rana, Z. A. Improving Generalization
Ability using GRU-AE based Error Compensation in Hybrid Visual Inertial
Navigation Systems (To be Submitted to Institute of Navigation
Journal)

J4. Tabassum, T. E., Petrunin, |., & Rana, Z. A. Uncertainty Prediction and
Model Correction by Bayesian GRU in Visual Navigation Applications (To

be Submitted to IEEE Transactions on Mechatronics)

Conference Papers

C1. Elmi Tabassum, T., Petrunin, |., Rana, Z., (2022). Failure Mode
Analysis (FMA) for Visual-Based Navigation for UAVs in Urban
Environment. UKRAS22 Conference “Robotics for Unconstrained
Environments” Proceedings, 28-29. doi: 10.31256/Mx7Zx4J (Published)
C2. Tabassum TE, Petrunin |, Rana Z. (2022) A fault tolerant multi-sensor
fusion navigation system for drone in urban environment. In: POSNAV
2022: Positioning and Navigation for Intelligent Transport Systems, 3-4
November 2022, Berlin, Germany (Published)

C3. Tabassum, Tarafder EImi, Petrunin, Ivan, Rana, Zeeshan A., "Position
Uncertainty Reduction in Visuallnertial Navigation Systems Using Multi-
ML Error Compensation," Proceedings of the 37th International Technical
Meeting of the Satellite Division of The Institute of Navigation (ION GNSS+
2024), Baltimore, Maryland, September 2024, pp. 1741-1755.
https://doi.org/10.33012/2024.19790 (Published)

1.5 Thesis Outline

This thesis adopts a paper-based format, with chapters (from 2 to 5)

corresponding to a distinct paper that has been either published or submitted. As

a

result, every chapter stands as a self-contained representation of
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comprehensive review, methodology, results, discussion, and conclusions. This

format facilitates a coherent presentation of the research, allowing each chapter

to delve into a distinct scope of the study.

Multi-Sensor Navigati

System Deployment

Chapter 2:
Integrating GRU with a Kalman Filter to Enhance Visual
Inertial  Odometry Performance in  Complex

Envirenments Objectives: 02,03 |

Improve performance within integrated fault-tolerant
multi-sensor navigation system

Mitigate visual failure modes identified in urban
environment
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ion . iror .
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Safe navigation in the presence of
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visual failure modes

Lighting effects
Flight dynamics
Weather effects

Out of distribution problem

Chapter 5:
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Identification of failure modes to
design robust and resilient vision-
based APNT solution

Chapter 3:
A Comparative Analysis of Hybrid Fusion Schemes

for Visual-Inertial Navigation [ Objectives: 02, 03,05 |

Robustness and versatility comparison
(combination with GRU and ESKF)

Mitigate combination of visual failure fault factors
influenced by navigation environment
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Chapter 4:
Improving Generalization Ability using GRU-AE
based Error Compensation in Hybrid Visual Inertial

Uncertainty Prediction and Model Correction by Navigation Systems | Objectives: 03, 05

Bayesian GRU in Visual Navigation Applications
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Model error uncertainty prediction and correction to
reliability

Resilient under fault factors in urban space

Mitigate uncertainty sources simultanously arising from the

-+——Deployment
combination of visual failure modes in the data and model

Operate in GNSS degraded environment with high
confidence measure

Figure 1-2 The workflow of the thesis

The thesis presents a structured approach toward addressing key challenges in
vision-based navigation systems for UAVS. Chapter 1 introduces background
and motivation, research objectives of the study, with their interconnections and
relevance to the subsequent chapters and related publication, illustrated in Figure
1-2. Chapter 2 focuses on mitigating visual failure modes using FMEA-supported
hybrid VIO methods to improve performance in the urban environment. Building
on this foundation, chapter 3 explores advanced error compensation techniques
within hybrid VIO architectures, comparing them with other hybrid architectures
to evaluate their resilience and adaptability under adverse weather conditions
and flight dynamics. Extending this work, chapter 4 proposes an advanced
methodology that integrates error compensation techniques into hybrid VIO,
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reducing both data and model position uncertainty while improving generalisation
across various visual failure modes. Chapter 5 introduces techniques for
uncertainty predictions and compensation of complex failure modes, ensuring
accurate and robust visual navigation. The developed visual navigation solution
integrates into multi-sensor navigation systems to evaluate performance

enhancements during GNSS outage to ensure operational continuity.

Finally, the concluding Chapters 6 and 7 bring the thesis to a close, offering a
comprehensive overview and discussion of the research’s outcomes and

suggesting potential avenues for further exploration.
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2 Integrating GRU with a Kalman Filter to
Enhance Visual Inertial Odometry Performance
in Complex Environments

2.1 Introduction

In recent years, unmanned aerial vehicles (UAVS) have gained attention with the
evolution of technologies such as artificial intelligence and computer vision, which
have effectively broadened pathways for diverse applications and services.
UAVS have been utilised in many civil applications, such as aerial surveillance,
package delivery, precision agriculture, search and rescue operations, traffic
monitoring, remote sensing, and post-disaster operations [64]. The increasing
demand for commercial UAVS for such applications has highlighted the need for
robust, secure, and accurate navigation solutions. However, achieving accurate
and reliable UAV positioning in complex environments, including overpasses,

urban canyons, illumination variability, etc., has become increasingly challenging.

Although Global Navigation Satellite Systems (GNSS) have become one of the
most popular navigation systems in recent decades, the utilisation of GNSS
remains suspicious due to its vulnerability to satellite visibility, interference of
jamming and spoofing, as well as environmental effects such as multipath,
building mask, ionospheric and tropospheric delays. Furthermore, the effects will
lead to sharp deteriorations in the positioning precision and GNSS availability
[65]. The inertial navigation system (INS) facilitates the provision of high-
frequency and continuous position, velocity, and attitude information, which
makes the integration of INS with GNSS prevalent in most navigation architecture
designs. However, the drift error generated from INS accumulates over time,
which will result in divergent positioning output. The impact of INS drifting on
GNSS/INS fusion performance in the case of long-term GNSS outages has been
explored widely [42], [66], [67]. Nevertheless, more sensor types are still in
demand to provide more resilient and accurate positioning resolutions under

complex operation scenarios.
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The vision-based navigation system is a promising alternative for providing
reliable positioning information without radio frequency interference effects during
GNSS outages. Visual odometry VO is frequently employed as a critical
component in the vision-based navigation system due to its efficient deployment
with low computational complexity in contrast to Visual Simultaneous Localisation
and Mapping (VSLAM). The Visual Inertial Navigation Systems (VINS) have been
fully explored by researchers, encompassing notable examples like VINS-Mono
[26], MSCKF [68], ORB-SLAMS [29], and open-VINS [30]. As a common solution
for improving navigation performance in terms of accuracy, integrity, update rate,
and robustness through adding sensor types with GNSS, the VINS navigation
system with multiple integrated sensors presents a higher possibility of existing
multiple faults, noise, and sensor failures within the system. It was discovered
that purely VO-enabled navigation presents performance degradation caused by
factors such as illumination, motion blur, field of view, moving objects, and texture
environment [31]. As a result, there is a need to explore fault-tolerant designs in
the VINS navigation systems to mitigate the fault impact on the visual systems.

For achieving the fault tolerance capability in integrated multi-sensor systems,
the decentralised filtering design, especially using federated architecture, has
become popular in recent years. Dan et al. [39]proposed an adaptive positioning
algorithm based on a federated Kalman filter combined with a robust Error-Estate
Kalman Filter (ESKF) with adaptive filtering for the UAV-based GNSS/IMU/VO
navigation system to eliminate issues of GNSS signal interruption and lack of
sufficient feature points while navigating in indoor and outdoor environments.
However, most studies using ESKF only measure VO faults by adding position
errors, whilst faults coming from visual cues like scarcity of features caused by
environment complexity and motion dynamics or high non-linearity characteristics
have not been fully taken into account. Therefore, there is a gap in detecting and
identifying faults and threats with consideration of visual cues in the
GNSS/IMU/VO navigation system.

Current state-of-the-art fault-tolerant GNSS/IMU/VO navigation systems

encounter more difficulties when operating in complex scenarios due to the
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challenges of identifying visual failure modes and correcting VO errors. As a
structured and systematic fault identification method, Failure Mode and Effect
Analysis (FMEA) is capable of identifying various fault types, defects, and sensor
failures based on predicted and measured values as they occur instantly or
shortly after they occur. FMEA is commonly used to assess risks to improve the
reliability of complex systems by identifying and evaluating potential failures with
the provision of occurrence likelihood, severity of impact, and detectability, as
well as prioritizing high-risk failure modes. However, researchers working on VIO
discussed several faults caused by navigation environment or sensor error
individually [31], [45], [69], [12,13] but identifying failure modes is a gap.
Moreover, despite their extracted failure modes, systematic faults have not been
discovered with only the consideration of single or specific combined faults like

motion blur, rapid motion, and illumination variation.

To resolve the inherent non-linearity in the visual navigation system, Al has been
employed with a Kalman filter to enhance the ability to model temporal changes
in sensor data. Nevertheless, Al has the disadvantages of training time and
predicted value inevitability, containing errors that can be partially resolved by
simplifying the neural network, for example, with a Gradient Recurrent Unit (GRU)
suppressed with ESKF fusion, thus enabling ESKF to better handle scenarios

with verifying level of uncertainty and dynamic sensor conditions.

To implement a fault-tolerance navigation system against the visually degraded
environment, this chapter proposes a GRU-aided ESKF VIO algorithm that
conducts FMEA on the VINS system to identify failure modes and then assists
the architecture of a fault-tolerant multi-sensor system where the Al-aided ESKF
VIO integration is used as one of the sub-filters to correct identified visual failure

modes. The maijor contributions of this chapter are highlighted as follows:

1. The proposition of an FMEA-supported fault-tolerant federated
GNSS/IMU/VO integrated navigation system. The FMEA execution on an
integrated VINS system contributes to enhancing the system’s design, with a

focus on accurate navigation during GNSS outages.

30



2. The proposition of a GRU-based enhancement of ESKF for predicting
increments of positions to update measurements of ESKF, aiming to correct
visual positioning errors, leading to more accurate and robust navigation in

challenging conditions.

3. Performance evaluation of GRU-aided ESKF-based VIO within the fault-
tolerant GNSS/IMU/VO multi-sensor navigation system. Training datasets for the
GRU model are selected to replicate the failure modes extracted with fault
conditions from FMEA. The verification is simulated and benchmarked on the
Unreal engine, where the environment includes complex scenes of sunlight,
shadow, motion blur, lens blur, no-texture, light variation, and motion variation.
The validation dataset is grouped into multiple zone categories in accordance
with single or multiple fault types due to environmental sensitivity and dynamic

motion transitions.

4. The performance of the proposed algorithm is compared with the state-of-
the-art End-to-End VIO and Self-supervised VIO by testing similar datasets on
the proposed algorithm.

The remaining part of the chapter is organised as follows. Section 2.2 discusses
the existing systems designed based on a hybrid approach; Section 2.3
introduces the proposed GRU-aided KF-based federated GNSS/INS/VO
navigation System; Section 2.4 discusses the experimental setup; Section 2.5
discusses the roast test, and result analysis comparison with state-of-the-art

systems, and the conclusion is presented in Section 2.6.

2.2 Related Works

2.2.1 Kalman Filter for VIO

A Kalman Filter (KF), along with its variations, is a traditional method that can
efficiently fuse VO and IMU information. Despite its effectiveness, the KF faces
certain challenges that can impact its performance. One of the main challenges
in navigation applications arising from VO vulnerability is the interruption in
updating KF observation, leading to a gradual decline in system performance

over time. Moreover, if the error characteristics are non-Gaussian and cannot be
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fully described within the model, the KF may struggle to provide an accurate

estimation.

Some studies aim to improve the fusion robustness against non-linear natures
from high system dynamics and complex environments, variants of Kalman filter
such as the Extended Kalman Filter (EKF) [47], [70], [71], [72], Multi-state
Constraint Kalman Filter (MSCKEF) [27], [28], [73], [74], [75]], Unscented Kalman
Filter (UKF) [76]], Cubature Kalman filter (CKF) [77], [78], and Particle Kalman
Filter (PF) [79], have been proposed and evaluated. One challenge in the EKF-
based VIO navigation system is handling significant non-linearity during
brightness variations[47], [71] and dynamic motion [71], which will cause feature-
matching errors and degrade the overall performance. When these feature-
matching errors occur, the EKF’s assumption about linear system dynamics and
Gaussian noise may no longer hold, leading to suboptimal states and even filter
divergences. To improve VIO performance under brightness variation and
significant non-linearities, MSCKF was proposed and evaluated in complex
environments such as insufficient light [27], [28], [74], [75], texture missing [27],
[28] and camera jitter [27] specifically characterised by blurry images [75].
However, in the MSCKF algorithm, the visual features are mostly treated as
separate states, so the process is delayed until all visual features are obtained.
Another approach is proposed to handle additive noise: VIO uses camera
observation to update the filter, allowing for avoiding over-parameterisation and
helping to reduce growth caused by UKF [76]. In most studies like [77], [78]
researchers have not focused on evaluating their proposed algorithms among
complex scenarios such as light variation, rapid motion, motion blur,
overexposures, and field of view, which deteriorate the accuracy and robustness

of the state estimation.

Nevertheless, in GNSS-denied scenarios, UAV navigation predominantly
depends on VIO, so the challenges remain unresolved using KF variations only
for VIO applications. Therefore, the use of ESKF-based VIO for performance
improvement is highlighted through alleviating challenges by managing

parameter constraints, mitigating singularity and gimbal lock concerns,

32



maintaining parameter linearization, and supporting sensor integration in this

chapter.

2.2.2 Hybrid Fusion Enhanced by Al

A number of artificial techniques, such as neural networks, including Deep Neural
Networks (DNN), Artificial Neural Networks (ANN), and Reinforcement Learning
(RL), have been studied for sensor fusion applications to formulate hybrid fusion
solutions. Kim et al. [80] conducted a detailed review of KF with Al techniques to
enhance the capabilities of the KF and address its specific limitations in various
applications. The recent survey [81] summarizes detailed reviews of the
GNSS/INS navigation system that utilises Artificial Neural Networks (ANN) in
combination with the Kalman Filter. This survey highlights the advantages of
hybrid methods that leverage ANNs to mitigate INS performance degradation
during GNSS vulnerability in specific conditions of aerial underwater vehicles
[82], [83], [84] and Doppler underwater navigation[85]. It was found that one
advantage of the hybrid fusion scheme is providing the ability to intercorporate a
priori knowledge about the level of change in the time series, enhancing the
system’s adaptability to varying environments and conditions. Additionally, the
ANN error predictor proves to be successful in providing extremely precise
adjustments to standalone INS when GNSS signals are unavailable, ensuring
continuous and accurate navigation. This survey motivates further exploration
and development of hybrid fusion-based navigation schemes to maintain robust

performance in challenging GNSS-degradation environments.

Figure 2-1 presents an overview of publications on NN-assisted navigation
applications over the 2018-2023 period and categorizes them into KF
performance degradation following the category rule defined by Kim et al. [80] It
is concluded that most studies focus on updating the state vector or
measurements of KF, ignoring issues arising from imperfect models. Hereby,
estimating pseudo-measurements during GNSS outages to update KF
measurements using Al is suggested by [80]. In certain scenarios, particularly
when dealing with high nonlinear sensors or navigating in complex environments,

updating state vectors directly by predicting sensor increments using NN in
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measurement steps be-comes critical regarding the sensor’'s complexity and the

challenging nature of the environment.

GRU BPNN RBPN ®LSTM ®ELM mGRU-CNN MLP FeedForwarrd ANN mRL

Pseudo Measurement Input State Vector or Error Compensation Parameter Tunning of KF
Measurements of KF

METHODS TO ADDRESS KALMAN FILTER ISSUES

NUMBER OF PAPERS
O R, N W A U N ®

Figure 2-1 Published articles on the hybrid machine learning usage in KF

To overcome KF drawbacks in navigation, hybrid methods combining Al
approaches, especially machine learning (ML) algorithms, have become
promising due to the accurate prediction of INS and visual sensor errors from
diverse training datasets. As depicted in Figure 1, most publications belong to the
category of ‘State Vector or Measurements of KF’, meaning most studies apply
ML to predict and compensate for state vector error or measurements in KF. For
instance, Zhang et al. [86] used RBFN to predict states in the prediction step.
However, studies like [86] predict absolute state vectors instead of vector
increments using NN, which increases model complexity and requires a more
extensive training process. Studies from [44], [82], [85], [86], [87], [88], [89], [90],
[91], [92], [93], [94], [95], [96], [97] adopted vector increments of the sensor
observations and predictions during KF prediction, whilst most of the work only
works on GNSS/INS navigation during GNSS outages, aiming to improve INS
efficiency in urban settings and situations [11], [84], [85], [92], [94],
[95][31,38,39,41,42,46].

Other studies [98], [99]corresponding to the error compensation category, employ
ML to compensate for the navigation performance error with KF, but sensor errors

such as the non-linear error model of INS, are excluded.
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The category called pseudo measurement input applies NN for predicting
pseudo-range errors when the occurrence of a shortage of satellite numbers to
update measurement steps in CKF [100] and the adaptive EKF [11], [101]

The category of parameter tuning of KF aims to enhance the performance using
RL by predicting the covariance matrix, such as using AKF in [101]. However, the
prediction of the covariance matrix relies on changeable factors like temperature,
which is difficult to predict and model. Therefore, using NN for parameter tuning

in KF is not considered in this chapter.

Regarding the selection of NN types, Radial Basis Factor Neural Networks
(RBFNs), Backpropagation Neural Networks (BPNNs), and Extreme Learning
Machines (ELMs) are powerful learning algorithms and more suitable for static
data or non-sequential problems, but neglect the information of historical data.
Additionally, navigation applications are inherently time-dependent and dynamic,
making them challenging to model using these learning algorithms. Other studies
[83], [91] have proved RBFN has less complexity than BPNN and multi-layer
backpropagation networks, yet haven’t considered any dynamic changes over
time. Other studies were presented using simple neural networks on SLAM

applications by predicting state increments in diverse scenarios.

The authors in [88], [90] did not account for the temporal variations in features
that can significantly impact the performance, given that basic neural networks
are sensitive to such changes. Kotov et al. [89] compared NNEKF-MPL and
NNEKF-ELM, demonstrating that NNEKF-MPL performs better when the vehicle
exhibits a non-constant systematic error. However, the aforementioned NN
methods do not take temporal information contained within historical data into
training, making those methods insufficient for addressing navigation

applications' dynamic and time-dependent characteristics.

Some studies have proved the advantages of using time-dependent recurrent NN
architectures like Long Short-Term Memory (LSTM) in VIO. VIIONET [49] used
LTSM to process high-rate IMU data that concentrated on feature vectors from
images processed through CNN. Although adopting IMUs can facilitate the

mitigation of IMU dynamic errors, the compensation of visual cues in VIO affected
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by complex environmental conditions is more critical. DynaNet [102] was the first
to apply LSTM-aided EKF to show hybrid mechanism benefits in improving
motion prediction performance on VO and VIO without sufficient visual features.
Furthermore, this study suggested unresolved challenges of motion estimation
tasks, multi-sensor fusion under data absence, and data prediction in visual
degradation scenarios. Subsequently, researchers aim to learn VO positions from
raw image streams using CNN-LSTM [38], [49], [103]. With the utilisation of CNN-
LSTM, some aimed to reduce IMU errors by predicting IMU dynamics in complex
lighting conditions[103], [104].

Two recent studies attempted to use CNN-LSTM-based EKF VIO [44], [45] to
evaluate visual observation in dynamic conditions. Still, the evaluation of the
algorithm's performance is insufficient due to the lack of sufficient datasets for
training the CNN model. One of the common drawbacks of using DL-based visual
odometry is the necessity of huge training datasets. The DL model requires vast
amounts of diverse data to generalise well and provide reliable results in the real
world. Suppose the CNN-LSTM model is not trained properly due to the
insufficient variety of datasets. In that case, it may struggle to capture the
complexity of dynamic scenes, leading to subpar performance and unreliable VIO
results [44], [45]. Thus, by leveraging feature-based techniques, | can simplify the
VIO structure where ESKF facilitates the simplification by providing a robust

mechanism for handling uncertainty and noise in the data.

This study chooses GRU due to its efficiency in processing time-varying
sequences, offering advantages over other recurrent NNs like LTSM. Some
literature has used GRU to predict state increments and update the state vector
of KF [94], [99] for GNSS/INS systems during GNSS outages. However, the
fusion of GRU with GNSS/INS/VIO remains unexplored as of yet.

2.2.3 FMEA in VIO

FMEA can provide a detailed description of potential faults in VIO that can affect
the whole system, leading to positioning errors in complex environments. In 2007,
Bhatti et al. [105], [106] carried out FMEA in INS/GPS integrated systems to

categorise potential faults with their causes, characteristics, impact on users, and
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mitigation methods. They discussed how this advanced fault analysis could help
to improve positioning performance. Du et al. [31], [106] reviewed GNSS precise
point positioning vulnerability and assisted the researchers in examining failure
modes to enhance performance. Current developments in visual navigation
research apply conventional fault analysis, which has given a reason to adapt the
existing GNSS fault analysis approach to solve the crucial problems raised by
specific characteristics of visual sensors. Zhai et al. [13] have investigated visual
faults in visual navigation systems and suggested that identifying potential faults
in such systems could prevent users from being threatened by large visual
navigation errors. However, the proposed analysis could not consider all of the
potential threats and faults contributing to positioning errors in such systems. A
recent work by Brandon et al. [45]tested their proposed Deep VO-aided and EKF-
based VIO on four individual faults by corrupting images of the EU-ROC dataset
[58] with methods like overshot, blur, and image skipping and showed their

proposed algorithm's performance compared to other state-of-the-art systems.

However, this study aims to investigate FMEA usage on VIO to give an overview
of the faults that occur while navigating complex environments experiencing
disruptions in system performance. Here, carefully analysing the characteristics
of the failure modes presented in the VIO assists the research in recognising the
essentials of error compensators while designing a fault-tolerant federated
architecture that combines GNSS, VO, and IMU.

Nevertheless, current state-of-the-art systems include advanced techniques for
fault detection and mitigation, including Interacting Multiple Models (IMMs) [107],
[108], hypothesis tests [109], [110] and Mahalanobis distances [111], [112],
[113]IMM and hypothesis testing have drawbacks of utilizing predefined model
and assumptions about system behaviour that may not always hold in complex,
realistic scenarios, leading to detection errors when faced with unexpected faults
or change in the system. These can lead to missed detection when working with
noisy sensor data due to manual tuning. The Mahalanobis distance techniques
for system model error and abnormal measurements are sensitive to the

distribution and correlations of multivariate data. When dealing with high-
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dimensional data, it may lead to difficulty estimating the covariance matrix

accurately.

In contrast, learning-based approaches are used in error correction that learn
complex patterns and representations in the data. These approaches can
generalise different fault types and scenarios, provided they have been trained
on a diverse dataset [81], while classical methods may struggle with new or
unforeseen fault patterns. Thus, | have adopted the learning-based method as

the error compensator in my research.

Therefore, to mitigate failure modes arising from diverse, complex scenarios in
the urban environment, this chapter proposes a GRU-aided ESKF-based VIO,
aiming to enhance visual positioning. Later, this proposed system contributes to
one of the sub-systems in fault-tolerant federated multi-sensor navigation
systems to mitigate overall position errors and increase reliability in multiple fault
conditions arising from IMU, GNSS, and VO sensor errors. Ultimately, my
proposed fault-tolerant system aims to provide a reliable and effective solution
for navigation in complex conditions where VO and GNSS/INS systems may face

limitations.

2.3 Proposed Fault-Tolerant Navigation System

To correct visual positioning errors that arise from multiple systematic faults when
navigating in urban areas, FMEA is executed at the first step to identify and
analyse systematic failure modes according to the extracted fault tree model. The
failure modes are prioritised based on potential impact and likelihood of
occurrence, enabling the anticipation and mitigation of visual positioning errors.
With the FMEA outcome, the hybrid GRU-aided ESKF VIO algorithm is
discussed, as well as the algorithm implementation following the federated multi-
sensor framework. The overall fault-tolerant multi-sensor system aided by FMEA
is shown in Figure 2-2.
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Figure 2-2 Fault-tolerant multi-sensor aided with FMEA framework.

2.3.1 Failure Mode and Effect Analysis (FMEA)

The implementation of FMEA on vision-based navigation systems enables the

breaking down of high-level failure events into lower-level events along with

allocating risks. Referring to error sources in every domain from the literature

review [31], the fault tree model shown in Figure 2-3 is extracted.

Figure 2-3 Fault tree analysis for feature-based VIO.
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The preliminary conclusion of FMEA is that the error occultation in the camera
presents a higher likelihood of the possibility during feature extraction due to the
presence of multiple faults resulting in position errors in the whole system.
Specifically, two major fault events, i.e., navigation environment errors and data
association errors [31], show higher possibilities of faults in visual systems. Table
2-1 lists reviews of common error sources over the navigation environment and
data association error events, along with their visual faults targeted for mitigation
in the context of VIO.

e One common fault in the navigation environment fault event is the feature
extraction error that contains deterministic biases that frequently lead to

position errors.

e Another common fault in the data association failure event is the feature
association error that occurs during matching 2D feature locations with 3D

landmarks.

e The sensor model error/long drift failure events represent errors generated by

sensor dynamics, including VO error and IMU error types.

e User failure events stand for the errors created during user operations that

are normally relevant to user calibration mistakes.

Table 2-1 Common faults in the visual positioning based on a state-of-the-art

review.
Error Sources Fault Event References Error Effect
Feature Tracking Error [45] Motion blur
. N [52] Overexposure
Outlier Error Nav_lgatlon [12,45] Rapid Motion
——environment error
Feature Extraction
Error [10,12] Overshoot
Feature Mismatch Data Association error
Feature Domain Bias [52] Lighting Variation

With the extension of fault events from the state-of-the-art reviews and
proposition of thorough error analysis, i.e., Figure 2-3 this study aims to mitigate
feature extraction errors occurring in failure modes linked to navigation

environment and data association events through a fault-tolerant GNSS/IMU/VO
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navigation system. The hybrid integration of VIO holds great potential for

achieving precise and reliable navigation performance in complex conditions.

2.3.2 Fault-Tolerant Federated Navigation System Architecture

The utilisation of a federated architecture proves advantageous in implementing
fault-tolerant multi-sensor systems, as it is known for its robustness in handling
faults. This chapter proposes a federated architecture-based integrated multi-
sensor fusion scheme based on the IMU, VO, and GNSS combination. The

overall architecture of my method is shown in Figure 2-4.
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Figure 2-4 The architecture of the proposed federated fault-tolerant multi-sensor

navigation system.

Two sub-filters exist in the proposed architecture: a hybrid GRU-aided ESKF
IMU/VO sub-filter and an EKF-based traditional GNSS/IMU integration sub-filter.
The output of the two sub-filters is merged together with a global EKF to generate
the ultimate position estimations. The former sub-filter of the hybrid GRU-aided
ESKF IMU/VO attempts to compensate for VO errors, while the latter sub-filter of
EKF-based GNSS/IMU integration aims to correct errors from GNSS and IMU.
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2.3.3 Proposed GRU-aided ESKF VIO Integration (Sub-Filter 1)
2.3.3.1 ESKF VIO Fusion

In the tightly coupled GRU-aided ESKF VIO integration, pose measurements
generated by VO are fused with the linear acceleration generated by the
accelerometer and angular velocity generated by the gyroscope. The extraction
of visual features by VO is firstly adapted to produce relative pose measurements
for ESKF updates [83]. The system filter uses GRU-predicted VO increments to

correct the corresponding VIO states to obtain the corrected position.

The state vector x of the proposed GRU-aided ESKF VIO selects the following

states:
x = |Pu By B Vi, Vo Uy, A, Ay, Ay, Bty Ay, Ay, Ay, Ay, Ay, | 271

where, P, P, and P, denote the position, V,V, and V, denote velocity, A,, 4, and
A, denote attitude, Aa,, Aa, and Aa, denote accelerometer bias and , Aw,, Aw,

and , Aw, denote gyroscope bias in the x-axis, y-axis and z-axis.

The widely used, tightly coupled VIO is based on a Kalman filter [50], [83], [114].

The system dynamic model and measurement model are:
X = kak—l + Qk 2-2
Zy = Hkxk + Hk 2-3

where x;, and x;_; represent the system vector at k and k — 1 epoch; X, and Qy
represent the state transition matrix and system processing noise; z, and H,
represent the measurement vector and measurement matrix; and II, represents

the measurement noise.

Differing from conventional KF, ESKF uses an error-state representation, which
has several benefits in terms of computational efficiency, numerical stability and
prevention of singularities or gimbal lock issues. The details of the nominal and

error states are included in the state-of-the-art research.
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In order to improve positioning in diverse visual conditions, the predicted error

measurements Py, cry are added to the error-state in a measurement update of

ESKF. After the error-state update, the nominal state is updated with corrected

error-states using the appropriate compositions:
X = Xje—1® 0Xy 2-4

In addition, the updated estimated state vector by correcting error states are:

Py = Pij—1 + 0Py + APyoppe_s 2-5
Vie = Vijie—1 + 9V, 2-6
Ay = Agjp—1 + 04y 2.7
Bk = Q-1 + Oy 2-8
D = Byjg-1+ 0wy, 2.9

where, P, and 13k|k_1 denote the nominal position vector at k and k — 1 epoch;
dP, denotes the measured error-state position; APyok-1 denotes the VO
predicted increments vector at k — 1 epoch; ¥, and Vk|k_1 denote the nominal
velocity at k and k — 1; 0V, denotes the measured error-state velocity; 4, and
Ak|k_1 denote the nominal attitude at k and k — 1; 04, denotes measured error-
state attitude; @, and @y ,_, denote nominal acceleration bias at k and k — 1; day,
denotes the measured error-state acceleration bias; @, and @y ,-, denote the

nominal gyroscope bias at k and k — 1; and dw,, denotes measured error-state
gyroscope bias. After the error integrates into the updated nominal state, the
error-state variables need to reset, which has been adopted from Zhonghan et
al. [115].

The proposed VIO measurement update process is illustrated in the following

equations:

~ a -1 -
Ky = Spe—1Hi" (HeSxpe—1Hy" +10) 210
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X = Xgjg-1 T K (2, — Hka|k—1) 2-11
I = (1 = KxHp)Zg k-1 212

where K, represents Kalman gain, X,and fk|k_1 represent the measurement

covariance matrix at k and k — 1 epoch.

2.3.3.2 GRU-aided VIO

The VIO sub-filter uses the proposed ESKF-based tightly coupled integration
strategy with a GRU model, which works during GNSS outages. The GRU
consists of an update gate z, that controls the extent of the impact on the current
state force by the previous state and a reset gate to determine the forgetfulness
degree of the hidden state information h;. The details of the GRU propagation
formula and architecture are adapted from Geragersian et al. [10]. The formula

for the GRU architecture is presented below:
z, = o(W?X, + U%hy_,) 2-13
r,=o(W"X; 4+ U he_y) 2-14

here, W% and W are the weight matrix of input for hidden layers and reset gate
respectively; U* and U" are the weight matrix of the hidden state for hidden layers

and reset gate, respectively; o is the activation matrix.

The GRU model is trained with multiple trajectories containing complex scenarios
that facilitate failure modes extracted using FMEA analysis so that it can predict

VO error during flight under diverse conditions.
The GRU output equation is formulated by:
215

PVO/GRU = Pyo —APyg

where Py, denotes position error from VO, APy, is position error deviations, and

Py ,cru represents the predicted position increments.

The GRU model is shown in Figure 2-5.
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Figure 2-5 lllustrative diagram of GRU model.

Two data sources from IMU and VO are generated and used to gather positioning
and attitude data for training each trajectory. Additionally, the VO position P,, and
orientation ¢, covering multiple complex environments by UAV and IMU
measured angular velocity a;ys and linear acceleration w;ys are used to calculate
inputs of GRU. The output of the GRU model is the positioning error
APy, generated by VO. When the GNSS signal is unavailable, IMU/VO operates
to estimate the position of the UAV where the GRU module operates in predicting
mode that predicts the position error AP,,, which is to be updated to the
measurements vector in the ESKF module. When VO diverges, the GRU block

predicts visual errors for error correction.

2.3.4 EKF Based GNSS/IMU Integration (Sub-Filter 2)

The tightly coupled architecture is implemented in the GNSS/MU integrated sub-
filter of the proposed fault-tolerant multi-sensor navigation system. The GPS
measurement position and IMU measurement acceleration and angular velocity
proceed to estimate the state vector, including position velocity and attitude, using
traditional EKF-based fusion filtering. Optimal states of the state vector from

traditional EKF can be obtained through prediction and observation update and
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is discussed in Mitchel et al. [86]. The generic observation equation for EKF can

be written as:

Zignss/mu = HignssymuXkenss/mu t Menss/imu 2-16

where, represents the observation matrix; Zk GNss /MU represents the

Hy, GNSS/IMU

observation vector; XkGNSS/IMU represents the observation state vector, and

Agnss/imu represents the observation noise matrix.

2.3.5 Federated Filter for Multi-Sensor Fusion

The proposed federated GNSS/IMU/VO multi-sensor navigation system uses
VIO and GNSS/IMU integrated systems as the switching criterion. However, the
global filter integration was conducted using the EKF approach to fuse the data
generated by sub-filters. The detailed description and the state equations are the
same as in the GNSS/INS sub-filter. In order to reduce computational complexity,
the state equation of the GNSS/IMU sub-filter is the same as the global filter. The
fusion resolution of the federated filter is as follows:

r
Pyiglobar = Zpil 217
i=1

1

r
Xigiobal = Prjgiobar " ( PilXil) 2-18
=1
where ris the number of sub-filters; Py,4,05; @nd P;; are the covariance vector of
the ith sub-filter and the global filter; and Xy 4;0p1@nd X;; are the estimated states

of ith sub-filter and the global filter. The global state estimation and the covariance
vector are obtained by fusing the sub-filter estimated position, thus yielding a

global solution.

The pseudo-code of the proposed fault-tolerant federated multi-sensor navigation

system algorithm is presented in A 2-1.
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A 2-1: Algorithm of GNSS/IMU/VO Multi-Sensor Navigation System

Input: Pyy, @y, Wyyz Ponss//Pyo denotes the VO estimated position; a,,,denotes the
linear acceleration; w,,,denotes the angular velocity; and Pgyss denotes the GNSS

estimated position

Output: Pyo, Penss/imus Panss/mmuvo !IPyiodenotes the sub-filter 1 estimated position;
Pgnss/mmu denotes the sub-filter 2 estimated position; and Pgyss/imyvo denotes the global

filter estimated position
Initialize:

1. Initial the values for VIO and GNSS/IMU sub-filters: x;, = x, ;//x, denotes ground
truth from UAV.

2. Initial values for global filter EKF: x| g10pa1 = Xo://xo denotes the ground truth from

UAV.
forn=1,23, .... do /I n denotes number of iterations
Prediction Phase:

3. The sub-filter time update model has been derived in the equation 2-2, which is

similar for both sub-filters and global, as using the EKF variant.
4. Covariance vector is defined as, Zk|k—1 = Fk|k_12k_1Fk|k_1T + Lk|k—1Qk—1Lk|k—1T-
Measurement Phase for sub-filters:

5. Generate the Pyo/gry predicted increments and updated the following

measurement steps of the VIO sub-filter.
6. Estimate the states using the updated equation (2-4)-(2-9)

7. Calculate the Kalman gain, updated VIO states, and the covariance matrix using
equations (2-10)-(2-12)
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8. Corrected XKVIO = xk|k_1w0 + KkVIO (ZkVIO - HkVonk“(_lVIO).

9. Start from step 7 to estimate the Kalman gain using Equation 10 for the GNSS/MU

integration.
10.Update the observation equation 2-16.

11.Estimate the updated states and covariance matrix of the GNSS/IMU filter using

equations 2-11and 2-12.

12.The proposed VIO integrated sub-filter and GNSS/INS integration using EKF are

running in parallel to estimate the position for each filter.
Measurement update for Global filter:
13.Calculate the Kalman gain:
Koiopar = Soropartl T(H ) H T+l -
global — “global® kgiopal ( kglobal k|k—1global kglobal + global)
14.Update the states using the traditional EKF equation 2-16.

15.0btain Py giopar @aNd Xijgiopa USING €quation 2-17 and 2-18.

End for

2.4 Experimental Setup

To verify the proposed fault-tolerant navigation system performance under
complex environments, a GNSS/IMU/VO simulator is built on Unreal Engine with
UAV unity dynamic models integrated into urban scenarios in MATLAB 2022a.
The sensors implemented in the simulator include an IMU block, GNSS receivers,
and a front-facing monocular camera model generated by the Navigation Toolbox
and UAV Toolbox. The choice of a monocular camera is beneficial in my
application due to its advantage of being less expensive, simpler to implement
compared to a stereo camera, and lightweight to fit into a drone. The complex
simulated environment is generated using Unreal Engine 5.0.3, utilising the
default ‘US city’ urban scenario provided in the ‘Simulation 3D Scene

Configuration’ block. The scenario was selected based on the chapter’s
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objectives, as it enables the validation of the proposed solution against visual
failure modes arising from various fault factors present in an urban environment.
The simulated scenario used in the experiments is a bright sunny day with 20%
floating clouds. The dataset is acquired with these sensors mounted on a

quadrotor, as shown in Figure 2-6.
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Figure 2-6 Experimental simulation setup in MATLAB.

The simulator consists of four blocks. The first block is the 3D simulation
environment block, which is designed to simulate the 3D urban environment using
‘US city’ scenario available in MATLAB. This block integrates camera and UAV-
based quadrotor models. Notably, the simulated scenario does not correspond to
any specific real-world city but rather represents a generic urban layout, allowing
for consistent testing across different scenes. The second block is GNSS
integration with a quadrotor consisting of GNSS and the quadrotor dynamics. The
third block is the IMU block, interfaced with the quadrotor block. The fourth block
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is the ground truth from the quadrotor dynamics to provide true quadrotor

trajectories.

The IMU selects the ICM 20649 model with the specifications provided in Table
2-2. The experimental data are collected with sampling rates of 10 Hz, 100 Hz,
and 100 Hz for the camera, IMU, and GNSS, respectively. The random walk error
[0.001, 0.001, 0.001] m/s? in the IMU accelerometer results in a position error
growing at a quadratic rate. Varying sample rates among the sensors influence
the accuracy and temporal alignment of the data fusion. In particular, the higher
frequency IMU and GNSS provided detailed motion data and frequent position
updates, while the camera offered less frequent but complementary
measurements. To address this mismatch and enable synchronisation, linear
interpolation is applied to downsample IMU and GNSS data and maintain a
unified rate of 10 Hz. This ensures consistent temporal alignment across all the
sensors, reduces fusion errors and enhances reliable navigation performance

even in dynamic conditions.

Table 2-2 Specification of the ICM 20649 IMU model.

Parameter Value

Accelerometer Bias Stability 0.014 m/s?

Gyroscope Bias Stability 0.0025 rad/s

Angle Random Walk 0.00043633 m/s? * VHz
Velocity Random Walk 0.0012356 m/s? * VHz

The GNSS model is initialized by injecting two common failure modes of random
walk and step error that will most likely occur in an urban environment, leading to

a multipath effect.

The camera model has specifications, including a 1109 focal length, 640 x 360
optical center, and 720 x 1280 image size. Regarding the calibration of the
camera and extraction of extrinsic and intrinsic parameters of the simulated front-
facing camera, the coordinate conversion matrix from world coordination to pixel

coordination is denoted by camera instincts matrix k:

0 1109 360

1109 0 640
k =
0 0 0
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For urban operation scenarios surrounded by buildings, the visual data of tall
buildings are captured by a camera for VIO to provide positioning information.
Meanwhile, the satellite availability is obstructed by buildings, causing a GNSS
outage. The MATLAB simulator connects to the QGroundControl software to
generate real-time flight trajectories for the data collection and save it into text file
format. The QGroundControl uses a MAVLink communicator to connect the base
station of the UAV block in the Simulator [116]. The integration of MAVLink with
MATLAB/Simulink is adopted into the UAV package delivery example.

Regarding the training GRU models, 10 trajectories covering more than 100,000
samples from each sensor are used for training. The sensor blocks, including
IMU, the GPS provided by the UAV Toolbox, and the Navigation Toolbox, operate
in the local frame. To ensure compatibility and effective data fusion using the
proposed algorithm, a crucial step in the data pre-processing phase involves
converting the data from the local frame to the sensor body frame. This
transformation is essential for aligning the sensor data with the algorithm’s

requirements and the system’s operational frame reference.

The general performance evaluation method uses root mean square error
(RMSE) formulated by:

219

RMSE operau = li \/ ((me ~Ee* B J_VPyGT)Z e PZGT)Z)Z

N
here, Pypre, Pypre, Pzpre;are the predicted position generated by proposed
algorithm in x-, y- and z-axis, respectively; Pysr, Pyr, P,cr are the ground truth
generated from UAV in x-, y- and z-axis, respectively. The number of samples is

represented using capital N.

2.5 Test and Results

In order to evaluate the performance of the proposed GRU-aided ESKF-based
VIO, two trajectories corresponding to experiments 1 and 2 are selected from the
package delivery experiment in an urban environment. Both experiments are

carried out under sunlight conditions, introducing common fault scenario
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shadows, lighting variations, motion blur, no-texture, and motion variation
consistently present throughout the flight duration. For both experiments, a
consistent fault condition is injected, i.e., the shadow of tall buildings on a sunny
day during the fight. According to the fault types and number, the flying regions
in the experiments are categorized into four distinct zones that encompass single
faults, multiple faults, and combined faults. The faults arising from environmental
sensitivity and dynamic motion transitions under previously estimated two major
failure events in visual systems using FMEA analysis results in Section 2.3.1 have

been discussed.

2.5.1 Experiment 1—Dense Urban Cynon

The purpose of this experiment is to validate the effectiveness of the proposed
GRU-aided VIO in managing specific failure modes in complex conditions. This
experimental environment includes a combination of tall and short buildings.
During the experiment, a distance of 235 m was covered within a time span of 55
s. Figure 2-7 Overall visual navigation error in the presence of multiple failure
modes for Experiment 1. shows the accumulated 3D visual position error. The
proposed GRU-aided VIO is able to reduce position error by 86.6% compared
with an ESKF-based VIO reference system. The maximum error in Figure 2-7
reduces from 7.5 m to 1.9 m with the GRU adoption. The significant drop in error
for the proposed approach is primarily due to its ability to learn and compensate
for error patterns arising due to complex failure modes. By leveraging temporal
dependencies from IMU input and VO position, the GRU-aided ESKF VIO can
predict and correct for drift and failures arising from feature extraction errors,

feature tracking errors and feature location errors.

When the UAV takes off with rapid and sudden changes in waypoints, the
Dynamic Motion Transitions failure mode occurs under the condition of jerking
movements that consistently result in feature tracking errors and feature
association error failure modes in VO. Moreover, the other dynamic motion
transition failure mode is incorporated, i.e., turning to replicate complex
environmental conditions, thereby emulating real fight scenarios. The UAV takes
off speed sets to 20 m/s while its speed will increase up to 50 m/s at 7 s.
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Figure 2-7 Overall visual navigation error in the presence of multiple failure modes

for Experiment 1.

Figure 2-8 shows the RMSE position error of the proposed GRU-aided VIO
system and benchmarked with two references of VO- and ESK-based VIO
position error. The RMSE position error in the x-axis under NED coordination is
relatively lower compared to y- and z-axis. It is worth noting that the maximum
position error of the ESKF-based VIO reference system is 3.227 m, 5.6 m, and

4.1 min the x, y, and z-axes.
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Figure 2-8 Visual navigation error along each axis in the presence of multiple

failure modes for Experiment 1.

In the y-axis, the position error axis increases at 22 s due to the shadow of
another building creating a variation of light. At 27 s, the UAV encounters a turn
facing a plain wall because of a lack of textures, leading to drift, inaccuracies and
failure of visual odometry. ESKF-based VIO showed relatively poor performance
along the y-axis during diagonal motion due to cross-axis coupling and multiple
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failure modes due to featureless plain wall, sunlight variation, and shadow of tall
buildings, leading to feature degradation and tracking features. The loss of visual
features results in insufficient information for ESKF to estimate the position
accurately. In Figure 2-7 and Figure 2-8, it is shown that VIO based on ESKF fails
to mitigate visual positioning error due to non-linear motion, lack of observable
features, non-Gaussian noise, and uncertain state estimation, leading to non-
linearization error propagation. However, it was found that the proposed solution
can mitigate position error by 60.44%, 78.13% and 77.13% in the x-, y- and z-
axes, respectively. The maximum position error is decreased from 1.5 m, 1.6 m,

and 1.2 m.

When analysing the z-axis performance in Figure 2-8, at around 37 s, the ESKF-
based VIO position error starts increasing due to a dark wall shadowed from
another tall building, causing variation of light in the frame leading to feature
association error. ESKF performance degrades due to multiple factors present in
the scenario, and error accumulates over time. After applying the proposed GRU-
aided ESKF, the VIO fusion method is able to reduce position error at 37 s from

2.1 m to 0.6 m by predicting the VO error indicated with details in Table 2-3.

Table 2-3 RMSE Comparison on the performance of two experiments.

Experiment Method RMSE(m)-x-axis RMSE(m)-y-axis RMSE(m)-z-axis RMSE(m)-Overall

VO 1.4 2.3 3.4 4.3
1 ESKF VIO 1.3 2.2 1.6 3.1

GRU-aided ESKF

VIO 0.5 0.4 0.3 0.7

VO 6.6 2.9 10.4 12.6
° ESKF VIO 47 2.5 8.6 10.1

GRU-aided ESKFO.S 0.9 05 13

VIO

2.5.2 Experiment 2—Semi-Structured Urban Environment

This experiment aims to measure GRU-aided ESKF VIO performance under
environments of tall buildings with open space parking areas. In this experiment,
the UAV encounters two turns, which means changing two waypoints at 60 s and
110 s, leading to motion variation causing feature association error described as

‘Dynamic Motion Transitions’.
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Figure 2-9 shows the accumulated 3D position error of the proposed GRU-aided
ESKF VIO system and is benchmarked with two references of VO- and ESKF-
based VIO position error. In Figure 2-9, the position error in the first few seconds
is negative due to multiple factors, such as shadows of tall buildings, trees on
plain surfaces, shadowed buildings, and lighting variations due to sunlight, motion
blur, and rapid motion. The maximum position error is 19.1 m at 110 s due to
combinational failure modes such as dark wall, rapid motion and motion blur. The
proposed GRU-aided ESKF VIO is able to mitigate 86.62% of overall position

error. The maximum error is reduced from 19.1 m to 6.8 m.

—_— |GT-VO
—— ||GT-ESKF based VIO||
175 —— (GT-GRUasded ESKF VIO
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Figure 2-9 The 3D-position error in the presence of multiple failure modes for

Experiment 2.

Figure 2-10 shows the VIO position RMSE error in the separate x-, y- and z-axes.
Table 3 indicates that position error RMSE of ESKF is 4.7 m, 2.5 m, and 8.6 m in
the x-, y- and z-axes, respectively. The proposed GRU-aided ESKF VIO has a
remarkable improvement in terms of position error, and the specific values along
the x-, y- and z-axes are 0.8 m, 0.9 m, and 0.5 m, respectively. Notably, the
reference systems exhibit a significant increase in errors along the z-axis and x-
axis, primarily due to shadows induced failures in feature extraction and feature
tracking. These lead to increased drift in VO, which ESKF-VIO is unable to
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effectively compensate for. Due to cross-axis coupling, the y-axis faces a larger
estimated position error than others. During the time interval of 57-65 s, UAV
takes a turn and passes through a parking area where buildings are under limited
field of view. In this case, the feature extraction and tracing processes encounter
challenges and lead to position estimation errors. The proposed solution has
shown excellent performance improvement in the presence of failure modes of
feature extraction error and feature tracking error, where the position error is

decreased by 62.86% in comparison to the reference systems.
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Position Error (m) in Y Axis

= ESKF X error (m)
15 — MO X error (m)
= GRU-aided ESKF X emor (m)

Position Error (m) in X Axis

Figure 2-10 Position error along each axis in the presence of multiple failure

modes for Experiment 2.

When analysing the z-axis performance in Figure 2-10, the proposed GRU-aided
ESKF VIO outperforms the reference ESKF fusion with respect to a reduction in
the z-axis error by 93.46%. According to Table 2-3, the reference ESKF has
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shown the worst performance of 8.6 m RMSE compared to the proposed method
of 0.5 m RMSE. It is noted that at 104 s during the landing phase, the UAV turns
around and encounters a black wall. This leads to higher performance errors
because the VO system struggles to extract enough features in the complex
scene with poor lighting [6,8,9]. The GRU-aided ESKF VIO demonstrates
improvement compared to the traditional ESKF-based approach, resulting in a
remarkable reduction of error of 93.45%. The maximum position error in the z-
axis due to dark scene at 110 s is reduced from 16.2 m to 3.0 m. During the

experiment, a distance of 459 m was covered within a time span of 1 min 50 s.

Table 2-4 indicates the maximum position error comparison for two of the
experiments. By integrating fault-tolerant mechanisms, the approach achieves
more accurate position estimation, even in challenging situations with limited
visual cues. The fault-tolerant GRU-aided ESKF VIO architecture shows

robustness over a number of realistic visual degradation scenarios.

Table 2-4 Maximum position error comparison for two experiments.

. Maximum Error‘Maximum Error‘Maximum ErrormaxImum 3D
Experiment |Method - . . . . - Error
in x-axis (m)- in y-axis (m)- in z-axis (m)- (m)-
ESKF VIO 3.2 5.6 4.1 7.5
GRU-aided ESKF
1 VIO 1.5 1.6 1.2 1.9
ESKF VIO 8.2 6.6 16.2 19.1
GRU-aided ESKF
2 VIO 5.0 4.4 3.0 6.8

2.5.3 Performance Evaluation Based on Zone Categories

To further evaluate the successful rate when mitigating failure modes from
experiments 1 and 2, as detailed in Section 2.3.1, the fault zones are extracted

in the above two experiments.

Zone 1 indicates building shadow as the single fault triggering feature matching
and feature tracking error failure modes within the time interval. In experiment 1,
between the time interval of 33—49 s, UAV passes through shadow buildings that

distort visual features, causing incorrect matches and tracking errors when they
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move into or out of shadows, as shown in Figure 2-11. In addition, introducing
the sudden change in lighting may be misinterpreted as IMU acceleration and

rotation.

Figure 2-11 Feature tracking and Feature mismatch error failure modes due to tall-

shadowed buildings in experiment 1.

Figure 2-12 a,b depict the zone 1 region to show performance comparisons of
the proposed algorithm with the reference algorithms in the presence of two
failure modes. The maximum position errors for experiment 1 in zone 1 along x-,
y- and z-axes are reduced by 52.38%, 81.57%, and 73.17%, respectively. In
experiment 2, a single fault is encountered twice during the time interval of 13—
44 s and 70-106 s. Maximum position error in the time interval of 13—44 s in x-,
y- and z-axes are reduced by 93.33%, 75%, and 85%, respectively. Hence, the
proposed solution proves to be robust over two failure modes.
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Figure 2-12 Position errors of Zone 1 (shadowed building) estimated in each axis
for experiment 1 (a). Position errors of Zone 1 (shadowed building) estimated in

each axis for experiment 2 (b).

Zone 2 includes multiple faults, including turning manoeuvre and shadow of tall
buildings that are present in both experiments. When a UAV makes a turn, the
motion dynamics change rapidly. This leads to challenges in estimating camera
motion and orientation estimations, causing tracking errors. In the meantime,
visual distortion also causes feature extraction errors and feature mismatch errors
due to inconsistent lighting, as shown in Figure 2-13. The combination of both
conditions adds complexity to the environment, exacerbating the existing
challenges in traditional ESKF-based VIO. The proposed algorithm is able to
mitigate these failure modes and shows robustness in such complex scenes
compared with traditional VIO systems. The algorithm is able to mitigate motion
dynamics and feature extraction error, reducing feature matching error by 20%,
20%, and 50% at the time interval of 13—24 s in experiment 1 and 62.5%, 40%,
and 90% at the time interval of 45-70 s with respect to the x-, y- and z-axes, as

shown in Figure 2-14.
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Figure 2-13 Motion dynamics, feature tracking and feature mismatch error failure

modes due to the tall, shadowed buildings in experiment 2.
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Figure 2-14 Position errors of Zone 2 (shadowed building and UAV turns)
estimated in each axis for experiment 1 (a). Position errors of Zone 2 (shadowed

building and UAV turn) estimated in each axis for experiment 2 (b).

In Zone 3, multiple faults are combined together, including the turning
manoeuvre, shadows from the tall buildings, variations in lighting, areas of
darkness and sunlight shadows. Zone 3 only exists as one of the most complex
conditions in experiment 2. As observed in Zone 1 and Zone 2, the turning
behaviour and shadow of the tall buildings introduce changes in motion dynamics
that make the position estimation and feature tracking challenging for traditional,
ESKF-based VIO. Additionally, the presence of both dark and well-lit areas within
the scene created abrupt changes in illumination.
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Figure 2-14Figure 2-15 presents one demonstration image from the mounted
front-facing camera in a UAV when passing through an illuminated and shaded
area. The shadows caused by direct sunlight also create sharp pixel contrast
between illuminated and shaded areas. These sudden lighting changes and the
combination of multiple fault conditions amplify the challenges posed by each
individual fault, making the overall VIO performance more susceptible to tracking

errors, feature mismatches, and feature extraction error failure modes.

-Eﬂ-_-!

600

Figure 2-15 Feature tracking, feature extraction error, and feature mismatch failure

modes for dark and well-illuminated tall buildings in experiment 2.

Figure 2-16 shows that the GRU-aided ESKF VIO architecture reduces maximum
position error in experiment 2 at the time interval of 107-114 s from 32.6%,
81.327%, and 64.397% in x-, y- and z-axes. Therefore, the GRU-aided fusion
algorithm can perform without interruption when the UAV navigates in illuminated
and shaded areas and has shown robustness in the presence of multiple failure

modes and moving features amidst dynamic lighting.

62



— |GT-VO)
—— [|GT-ESKF based VIO]|
7.5 | = fET-GRUaded ESKF VIO

[
wn

=]
o

-
L

! Zone 3

3D Positon Error (m)

50

oo

Time (5]

Figure 2-16 Position errors in Zone 3 (UAV turn and illuminated tall buildings)

estimated in each axis for experiment 2.

Zone 4 consists of a combination of complex faults, including navigation
environmental error and data association fault events. The fault events consist of
turning manoeuvres, building shadows, the presence of featureless blank walls
and variation in lighting. In experiment 1, the UAV encountered a plain wall at 27—
32 s of its flight, resulting in a feature extraction error due to the lack of distinctive
features on the wall shown in Figure 2-17Figure 2-17. As a result, the feature
extraction process failed, leading to a lack of identifiable features to track and
match in consecutive frames. Such lack of features caused the VO to lose its
frame-to-frame correspondence, resulting in the inability to accurately estimate
the UAV’s motion in this specific time of 27-32 s. Figure 2-18 shows the
increment of position error caused by the mentioned disruption. The ESKF
algorithm performance is heavily affected, leading to incremental tracking errors
and loss of tracking when dealing with a featureless wall. Figure 2-18 shows that
the algorithm has effectively reduced the maximum position error by 42.1%,

63.3%, and 60.12% in x-, y- and z-axes, respectively.
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Figure 2-18 Position errors of Zone 4 (UAV turn, shadowed buildings, and

featureless wall buildings) estimated in each axis for experiment 1.

To evaluate the performance of the proposed fault-tolerant federated multi-
sensor navigation system, the experiment is conducted using the Experiment 1
dataset with GNSS condition applied (faulted-GNSS and without fault GNSS)
adopted from [117]. Table 2-5 shows the performance comparison results of the
proposed GRU-aided ESKF VIO with faulted GNSS and no-fault GNSS. The
results indicate that the hybrid approach enables mitigating the overall position
error even with faulted GNSS conditions compared to [39], [117]]. Therefore, it is

approved that the FMEA-assisted fault-tolerant multi-sensor navigation system
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facilitates positioning performance in the presence of multiple faults covering all

the sensor faults in diverse, complex environments.

Table 2-5 The RMSE of 3D position errors of GNSS/faulted-IMU/faulted-VO solution
with faulted-GNSS/faulted-IMU/faulted-VO.

3D RMSE Position Error

Algorithms (m)
Faulted-VO/GNSS/IMU 1.2
Faulted-VIO-ESKF/GNSS/IMU 0.7
Faulted-GRU-aided-ESKF-VIO/GNSS/IMU 0.09
Faulted-VO/Faulted-GNSS/IMU 1.5
Faulted-ESKF-VIO/Faulted-GNSS/IMU 1.0
Faulted-GRU-aided-ESKF-VIO/Faulted- 0.2
GNSS/IMU '

2.5.4 Performance Comparison with Other Datasets

This chapter selects the EUROC dataset, specifically MHO0S5_difficult, for
benchmarking with other algorithms since EUROC is commonly applied by other
researchers [12,45]. The EUROC sequence dataset was collected in an indoor
machine hall with light variation. MHO5 _ difficult dataset contained black and white
images, which they referred to as dark and shadowed environments and captured
with rapid motion. The dataset is captured in a customized way that has several

limitations, including manipulated images, customized blur, and brightness.

Figure 2-19 presents the magnitude of 3D position error of running my proposed
GRU-aided ESKF VIO to process MHO05_difficult. The key finding is that the
position error in RMSE is reduced by 67.32%. The maximum error is reduced
from 2.81 mto 1.5 m.
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Figure 2-19 The 3D position error estimated using a MH05 seq EUROC Dataset with

a motion blur failure mode.

Table 2-6 highlights the comparison results in terms of the accumulated RSME
with state-of-the-art systems, i.e., End-to-End VIO, Self-supervised VIO [44], [45].
It is worth mentioning that the EUROC dataset does not provide tight
synchronization between IMU and images, which is a primary requirement of
using RNN-based VIO.

Table 2-6 Comparison with state-of-the-art methods that used MH_05 seq. EUROC

Dataset with motion blur failure mode.

RMSE (m)-of MH_05

Algorithms seq Improvement
End-to-end VIO [45] 1.96 m 66.32%
Self-supervised VIO [12] 1.48 m 55.4%%
Proposed GRU-aided ESKF0 66

VIO oom o e

By cross-checking with the work of Brandon et al. [12], the proposed GRU-aided
ESKF VIO confirms the robust improvement in the presence of motion blur failure

mode.
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2.6 Conclusions

Aiming to provide fault-tolerant VIO navigation solutions against complex
environments, this study proposed a hybrid federated navigation system
framework aided by FMEA for enabling fault tolerance and GRU fused with

ESKF-VIO to mitigate visual positioning errors.

Through simulations, the main advantages of the GRU and ESKF hybrid
algorithm are summarized as follows: (1) A high-efficiency recurrent neural cell
with simple architecture, namely the GRU, was chosen to predict the position
error during visual degradation. Benefiting from the proper selection of the
Kalman filter performance enhancement method, such as updating the state
vector by predicting errors using the Al method, the proposed algorithm
possesses superior navigation accuracy under complex conditions. (2) The
FMEA analysis helps to prioritize anticipated failure modes such as feature
extraction error, feature tracking error, and motion dynamics, enabling us to
mitigate position error caused by these failure modes before they lead to
operation failure. (3) The mitigation of feature extraction failure modes, which can
subsequently lead to feature association errors. Via demonstrations, it is found
that multiple factors or faults within the navigation environment and the UAV’s

dynamics reduce the impact of those failures.

This approach represents a significant step towards improving the robustness
and reliability of VIO, particularly in complex and dynamic environments where
feature extraction error, feature tracking error, and feature mismatch are critical
for accurate navigation. With the correction of the VIO, the fault-tolerant multi-
sensor performance is demonstrated to be improved under diverse, complex
urban environments in terms of robustness and accuracy at different time scales,

enabling uninterrupted and seamless flight operations.
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3 A Comparative Analysis of Hybrid Sensor Fusion
Schemes for Visual-Inertial Navigation

3.1 Introduction

Visual Inertial Navigation Systems (VINS) have garnered significant interest
among researchers as a prominent alternative solution due to GNSS vulnerability
in urban environments. While fusion techniques such as filter-based VIO and
data-driven VIO have generated reasonable results throughout their evaluation,
they still prove to be fragile in environments with complexity characterised by blur
[118], low texture [27], [44], [50], illumination variation [28], [53], [74], [119], [120]
and weather conditions [53]. Besides, modelling the effects can be challenging,
and the lack of feature tracking led to divergence in the optimisation process,
which traditional fusion techniques may not eliminate. Moreover, classical VIO
typically necessitate parameter tuning, vast datasets for training and calibration
for effective operation. The rise in machine learning has enabled the direct
processing of high-dimensional data and learning underlying models that can
enhance state estimation. Nevertheless, the utilisation of data-driven VIO is
prone to the fact that performance usually drops in scenarios that considerably
differ from the training dataset [121], [122].

Hybrid integrations allow for improved handling of complex scenarios by
evaluating the level of epistemic uncertainty, adjusting to changing sensor
conditions and identifying fault patterns. Strategies such as enhancing the
model’s architecture, refining its parameters, and expanding training datasets are
being reviewed for machine learning based VIO, with hybrid approaches offering
potential solutions to minimise these requirements. Several hybrid (NN-KF) VIO
methods have provided the advantages of using time-dependent recurrent NN
models like Long Short-Term Memory (LSTM), Gated Recurrent Units (GRU) and
Bi-directional LSTM (Bi-LSTM) in VIO as state-predictors [44], [49] and error
compensators [123], [124]. The authors of these studies have investigated VIO
performance at different fault conditions arising while navigating complex
environments, yet the generalization ability of such systems needs to be

explored. Kim et. al [80] have reviewed hybrid NN-KF techniques in a broad range
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of applications and categorised them according to the role of NN applied to KF,
as follows- 1) prediction of tuning parameters using NN, 2) error compensation

using NN, and 3) update observation model of KF using NN as illustrated in

Figure 3-1.
Categories of Hybrid Approaches
Prediction of
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Update Observation of NN
Error KF using NN
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Figure 3-1 Categories of hybrid NN-KF techniques according to [80]

Authors of [16], and [17] have outlined recommendations concerning improving
accuracy, robustness, and generalization ability for the systems utilizing hybrid
NN-KF approaches to mitigate sensor error, imperfections in system models, and
nonlinearity in dynamic conditions. However, to the best of the author’s
knowledge, studies on quantitative differences between various types of hybrid
architectures do not provide any evidence on exploring performance differences
and generalization ability in a systematic way that would allow robust conclusions
on the pros and cons of each architecture. Therefore, this work proposes a
systematic study of the performance differences in three types of hybrid NN-KF
approaches implemented in VIO-based navigation systems for UAVs in complex
urban scenarios. Three different hybrid approaches for VIO fusion are adopted
based on mostly utilized methods [80] including VO error compensation using
NN, KF error compensation using NN, and prediction of Kalman gain using NN.
The models are designed as a combination of GRU and ESKF where GRU is
utilized for different purposes for each hybrid approach to enhance the efficiency

of the Kalman filter. In addition, the formulation is extended by providing

69



robustness analysis on these methods using MATLAB incorporated with Unreal
Engine simulated photorealistic datasets replicating possible fault conditions
present in urban environments, including weather effects. The main contributions

of this work are highlighted as follows -

1. Comparison of mostly adopted NN-KF architectures within VIO systems to
evaluate their performance across different environmental conditions such as
fog, sun, and rain alongside various fault conditions like illumination changes,

no-texture, reflections, motion variation and altitude variation.

2. Performance evaluation of each hybrid VIO algorithm’s ability to mitigate
various failure modes, including feature extraction errors, feature tracking

errors, feature mismatch, feature location errors and data association errors.

3. Assessment of the generalisation ability of each algorithm to adapt and
perform effectively in unseen scenarios, providing insights into their

robustness and versatility.

The remainder of this chapter is structured as follows: section 3.2 includes three
hybrid visual-inertial navigation architectures with brief descriptions. Section 3.3
discusses experiment setups for data generation to train and test the hybrid
models. Section 3.4 discusses the test and performance analysis of the selected
algorithms under diverse complex scenarios with comparison. Finally, the

conclusion is presented in the section 3.5.

3.2 Hybrid Visual-Inertial Navigation Architectures

This section provides a brief overview of the hybrid architectures implemented in
VINS systems. In line with the research objective of assessing the strengths and
limitations of mostly utilized hybrid VIO systems in complex environments
including the influence of weather effects, three hybrid VIO fusion architectures

are as follows-
1. GRU-aided ESKF-VIO-VO error compensator (method 1)

2. GRU-aided ESKF-VIO-KF error compensator (method 2)
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3. GRU-aided ESKF-VIO Kalman gain predictor (method 3)

These architectures are illustrated in Figure 3-2. The explored hybrid ESKF-
based VIO fusion scheme is well-known for its ability to minimise linearization
errors, mitigate singularity, handle sensor delays, and efficiently model errors.
The GRU is implemented for augmentation of ESKF, chosen due to its

effectiveness in processing time-varying sequences compared to other NN.

In this chapter, each hybrid fusion scheme integrates pose measurements
generated by VO with linear acceleration from the accelerometer and angular
velocity from the gyroscope. Feature-based VO is preferred for the research due
to its simplicity and reliability, contrasting with data-driven VO, which requires

more computational resources and extensive training data.
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Figure 3-2 The high-level architecture of adopted techniques implemented with

VIO systems.
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The three hybrid fusion architectures each offer distinct theoretical advantages
tailored to different types of sensors and model degradation. Method 1 focuses
on learning and correcting VO drift and corrupted output before fusion, making it
particularly effective in environmental conditions where visual degradation, like
shadows, low availability of features, and weather effects, cause failure.
Nonetheless, it is limited in scope compared to others; it does not account for
induced noise and fusion properties. Method 2, which applies corrections to
Kalman filter estimation, addresses fusion inconsistencies arising from
unmodeled dynamics or predefined models, making it suitable for high-dynamic
scenarios with complex motion. In contrast, Method 3 leverages the GRU to
adaptively predict Kalman gain, allowing the filter to dynamically adjust
confidence in sensor inputs. This approach is especially beneficial in
environments where sensor reliability changes over time, such as during rapid
lighting changes, occlusion or motion blur. Despite this, it poses a greater risk in
terms of filter consistency and stability, as it alters the core filter structure and can
diverge if not well-trained. Method 2 introduces potential instability and reduced
interpretability and lacks the ability of Method 3 in managing time-varying output
reliability. Detailed explanations about each method are provided in the next

sections.

3.2.1 Method 1

The concept of compensating sensor error using NN is utilised to enhance the
performance of KF in this integration. The visual sensor has prominent fault
factors contributing to performance degradations in traditional KF-fusion
techniques. Tabassum et. al [123] proposed tightly coupled GRU-based VO error
compensation aided with ESKF to fuse corrected VO data with IMU as part of a
fault-tolerant FMEA-supported federated multi-sensor navigation system. The
fusion aims to enable uninterrupted operation of UAVS under various fault
conditions, including illumination variation, motion variation, low-texture
environment, and flight dynamics. The VO position is corrected by utilizing GRU-
predicted VO increments before integrating with IMU data using ESKF fusion.

Such architectures could be beneficial to correct imperfect sensors, parameters
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or errors of the sensor caused by its characteristics (VO drift for longer flights).
The presence of outliers, which features tracking errors and illumination change,
mostly occurs when weather changes, and such a design could improve system

robustness under complex scenarios.

3.2.2 Method 2

Compensating the errors in the result of KF using errors predicted by GRU is
adopted in this hybrid fusion architecture. This fusion scheme is beneficial to
correct modelled errors estimated by KF by predicting unmodelled error using
NN. Villalonga Torres et al. [124] have proposed Bi-LSTM-based error correction
mechanisms to correct the measurements of multiple EKF filters as a modification
in federated architecture for an alternative to the GNSS multi-sensor navigation
system. The results indicated that the error compensation scheme demonstrates
relatively better results when evaluated under different weather and lighting
conditions, particularly for straight trajectory flights. Thus, this chapter has
adopted the KF error compensation strategy to design the method 2 hybrid
architecture for conducting a comparative study to evaluate the robustness of
hybrid architecture under fault scenarios including weather effects. In the filtering
methods of VIO, a semi-tightly coupled architecture is implemented using ESKF.

The state vector of ESKF-based VIO selects the following states-

x = [Py, Pg, Pp,Vy, Vg, Vp, Ay, Ag, Ap] 3-1

Where Py, Pz, and P, denote position, Vy,Vg,andV, denote velocity and
Ay, Ag,andAp denote attitude in the N, E, and D position. The fusion strategy is
utilized based on state models described in [70]. The updated fusion

measurement states update process is illustrated in the following equations-

Xp = xk|k_1 @ a’.?;k 3-2
X = Xgjg—1 T ki (2 — Hkxk|k—1) 3-3
)?k = Xk — €k 34
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Where,x; and xyx—, represents the systems vector at k epoch and k-1 epoch;

dx, represents the measured error-states; k;, denotes the Kalman gain, z.
denotes the innovation at k epoch; X, denotes method 2 measured state vector
and ¢, represents predicted unmodeled KF measurements increments at k
epoch. The forward propagation of the GRU model is adopted using similar data

structures in [124] illustrated in Figure 3-3.
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Figure 3-3 ESKF Error compensation structure for forward propagation

The inputs are composed of ESKF, estimating the difference between the state

prediction and previous state estimation, x; — x4, the difference between

measurement and observation estimation, z;, — H, and ESKF estimated gain, k.
The predicted ESKF measurement increments are the output of the model.
Regarding GRU architecture, input layers comprise 13 units, with 400 hidden

units, a sequence length of 128, a batch size of 64 and a dropout rate of 0.5.

3.2.3 Method 3

The influence of Kalman gain on noise statistics of KF in a dynamic environment
inspired the exploration of the hybrid fusion architecture, where GRU is employed
to predict Kalman gain, aiming to mitigate state nonlinearity. KalmanNet [126] is
a popular hybrid architecture that uses the Extended Kalman filtering fusion
approach. In situations with complex system dynamics and limited available
knowledge, especially during heavy rainfall obscuring environmental features,
employing an NN-based K-gain prediction is advantageous. This approach
enables the updating of KF measurements, overcoming the limitations imposed
by parametric models, such as assuming Gaussian noise. Hence, this chapter
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has adopted this phenomenon on the VIO system and compared it with the other
two hybrid methods. The GRU-based K-gain prediction follows the similar
architecture states in the previous section. The input layers consist of the
difference between measurements and observations, z, — Hy; the difference
between posterior state and prior state estimate, x, — x; k-, and the output layer
is predicted Kalman gain, k; . The high-level forward propagation structure is
illustrated in Figure 3-4. Later, the predicted k; is updated using equation 3-3

which estimates the VIO position.

Ky

v
2, — H, ¥ K-gain predictor
ESKF . GRU

Xg — Xigjk-1 >

> X

Figure 3-4 Kalman gain k, predictor structure for forward propagation.

3.3 Experimental Setup and Data Generation

The section outlines the experiments designed to evaluate the strengths and
limitations of the proposed comparative study on three hybrid approaches. The
experimental setup is described first, which is used to generate training and
testing datasets to conduct the numerical analysis and performance evaluation
on each hybrid VIO.

3.3.1 Experimental Setup

The proposed comparative analysis is implemented and evaluated in MATLAB,
incorporating the Unreal engine to simulate the data collection process for UAVS
[123]. The simulated synthetic datasets encompass a variety of challenging fault
conditions, including illumination variation, rapid motion, motion variance, flight
dynamics, and less-textured environments under different weather conditions.

The experimental setup used for the proposed comparative study is based on the
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simulation setup used in [123] with default configuration parameters for the
monocular camera and IMU sensor. Nevertheless, to simulate synthetic weather
conditions, including partly sunny, fog, cloud, and rain ‘Simulation 3D Scene
Configuration’ block in MATLAB 2022a has been updated with the parameters
listed in Table 3-1.

Table 3-1 Specification of ‘Simulation 3D Scene Configuration’ block in MATLAB
2022a

Scene Selection Weather Selection
Sunny Sun altitude | Sun Azimuth
90 180
Cloud Sun altitude | Sun Azimuth
90 180
Cloud opacity | Cloud speed
40 80
Fog Fog Sun altitude
US City Density -45
80 Sun Azimuth
270
Rain Rain Density | Sun altitude | Sun Azimuth
30 90 180
Cloud Cloud speed
opacity 80
40

In urban operation scenarios surrounded by buildings, VIO utilises a camera to
capture visual features from environmental structures (tall buildings, lampposts,
trees), which in turn provides position information. The MATLAB simulator
interfaces with QgroundControl software to generate multiple trajectories that
combine different failure modes and fault conditions, providing control over the
selection of single and combined faults. This capability allows for the analysis of
the strengths and limitations of different hybrid approaches implemented on VIO
systems under complex weather effects and lighting conditions, which is the focus
of the chapter. Figure 3-5 illustrates different fault conditions in different weather

effects used in this chapter.
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Partly sunny

Figure 3-5 Examples of simulated environmental conditions used in testing and

training datasets.

3.3.2 Training Datasets

Regarding the training of the GRU model, 12 sets of trajectories are utilized,
encompassing environmental fault conditions, flight dynamics, and lighting
variation, e.g. sunset, evening, midday, and sunrise. Each trajectory spans 15
minutes and features various weather conditions such as fog, sunny, rain, and
clouds. A summary of the training trajectories containing fault conditions is given
in Table 3-2. Since the chapter utilises three different hybrid methods, the GRU
model employed on each hybrid VIO is trained separately using the data format
explained in Section 3.2. For simplicity, the pre-trained GRU model used in [123]
is adopted for the method 1 algorithm. Additionally, the GRU model utilised in
each hybrid VIO is trained separately with 12 distinct datasets, each tailored to
the mentioned weather and lighting conditions, following the structures
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explained in Section 3.2.

Table 3-2 Characteristics of training trajectories

Training Turn Skyview | White | Shadow | lllumination Flying Shadow | Take off
Sequence | followed with Rooftop of change nearby of with
by the turn view | building objects | buildings | altitude
featureless ona (buildings) and variation.
wall. building trees
1 N N N N J J
2 v v v v v v
3 v v v v v v
4 N N y v
5 N N N
6 v v v v v v v
7 v J v J
8 v v v
9 N N N N N N
10 v \ v \
11 v v v v v v
12 N N N N v

The extraction of visual features using an ORB-feature detector by VO is firstly
adapted to produce relative pose measurements for the fusion strategy [123]. The
IMU measurements utilized in this work have been adopted from previous work
All the demonstration experiments for training the GRU model [10], utilise the
Adamax optimiser and Mean Squared Error (MSE) loss function. These
experiments are conducted in Python, leveraging relevant libraries compatible
with TensorFlow for implementation. Figure 3-6 illustrates examples of training

trajectories used to train the GRU model for each hybrid algorithm.
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Figure 3-6 Examples of trajectories used for training purposes.

3.3.3 Evaluation metrics

In order to assess the performance of the proposed comparative analysis, the
Root Mean Square errors (RMSE), horizontal errors, and 95" percentile are
calculated and compared with the three hybrid VIO algorithms. To analyse the
behaviour of each algorithm and error distribution over failure modes, the whole
trajectories visualization plots have been utilized with ground truth. The RMSE

calculation for each axis is as follows-
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Where, P, and P; are the predicted value and ground truth along with N, E, D

position.

RMSE for 3D position as follows-

< [((Py, = Py)2+ (Pg,— P )%+ (Pp, — Pp)?)° 36
RMSE zz Np N Eq Ej Dy Dj
3D N
N
RMSE for horizontal error as follows-
3-7

i=1
((Py, — Py))* + (Pg, — Pg;)*)?
RMSEyorizontal = ZJ L : N L :

N

Where, Py,, Pg, and P, are predicted NED position and Py, Pg; and Pp; are the

ground truth positioning values from MATLAB incorporated Unreal Engine

simulator in NED coordinates.

3.4 Performance analysis

To assess the strengths and limitations of the hybrid VIO algorithms
encompassing the purpose of the research, three types of experiments are
conducted using the three testing datasets, shown in Figure 3-7. These
trajectories are generated using MATLAB incorporated Unreal engine simulator
with US city scenario which recreates urban environments with various fault
conditions including illumination variation, motion variation, altitude variation, no-
texture, and weather effects. The details of the three experiments covering fault
scenarios with three specific trajectories are described in Table 3-3.

Table 3-3 The defined experiments covering scenarios

# Trajectory | Scenarios Fault type
1 Single fault 1. Shadows of objects
condition 2. White Rooftop
3. Turn
Combined fault 1. Turn with features-wall.
2 conditions  with 2. Turn with sky view.
weather effects 3. Shadows of objects
4. Take off with different altitudes
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1. Turns with featureless walls.
Complex fault 2. Turns with sky-view.
3 with unseen 3. Shadows of objects
scenarios 4. Diagonal rotation
5. Altitude variation
6. Take-off with different altitudes.
Trajectory 1 Trajectory 2 Trajectory 3

Ground Truth

100

N(m)

(a)

100

Ground Truth

Nav Start
Naw End Hav Start
i3,

(b)

Figure 3-7 3D view of test trajectories used for experiments

The performance analysis has been categorized based on navigation scenario

types and explained in the following sections.

3.4.1 Single Fault Condition

The purpose of this experiment is to evaluate the effectiveness and limitations of

three hybrid VIO systems followed by method 1, method 2 and method 3 in

managing single-fault condition and mitigation of failure modes associated with

at a time with trajectory 1. During the experiment, distance of 702 m is covered

over a duration of 152 s.
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Figure 3-8 3D trajectory comparison of method 1, method 2, and method 3

algorithms under single fault condition.

Figure 3-8 shows the behaviour of 3D trajectories obtained from method 1,
method 2, and method 3 hybrid architectures. These result trajectories are
observed under single fault conditions where the presence of a white rooftop
view, as illustrated in Figure 3-9 leads to deviation in the performance after the
third turn. Notably, white rooftop triggering feature extraction errors and feature
tracking errors failure modes within the time interval of 113-140 s. The method 1

effectively mitigates the failure modes and follows closely to the ground trajectory.

Figure 3-9 Example of feature tracking errors and feature mismatch failure modes

due to the presence of white rooftop view at 115s
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Figure 3-10 illustrates the error distribution of each hybrid algorithm relative to
ground truth trajectory 1. It is notable that the error along the E coordinate
significantly influences overall performance, primarily due to the presence of the
featureless rooftop view. This effect, however, appears to be mitigated effectively
by the method 1 algorithm compared to other hybrid approaches. The efficacy of
the VO-error compensation mechanism is particularly noteworthy in this context
as it addresses faults before fusion, thereby preventing the ESKF model from
being significantly impacted by the substantial nonlinearity introduced by sensor
anomalies. Conversely, the performance of the K-gain prediction mechanism in
the E position appears to be less favourable, presumably due to its inability to
sufficiently mitigate the imperfections in the model caused by corrupted sensor

measurements.

Error Comparison on different hybrid architectures for Visual-Inertial Odometry under single fault condition
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Figure 3-10 Position error statistics for adopted three hybrid architectures using

trajectory 1.

Table 3-4 summarizes the qualitative results of the hybrid architectures with
respect to two reference systems for easy comparison. It is noticed that the

influence of minimizing drift with the VO measurement error compensator
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mechanism is prominent and showed 77.4% and 75.5% improvements in
horizontal positioning (95" percentile) compared to the VO and ESKF-VIO
reference systems respectively. The prominent failure modes occurring in the
horizontal axis when the UAV takes turns include feature tracking errors, feature
mismatch errors and data association errors exacerbated by factors such as
abrupt changes in the environment, occlusion of visual features and rapid motion.
The hybrid algorithms are effectively mitigating these failure modes and
improving overall horizontal positioning performance by 85.5%, 70.2%, and
84.1% for method 1, method 2, and method 3 compared to ESKF-VIO

respectively.

Table 3-4 Positioning performance for Trajectory 1 under single fault conditions.

RMSE (m) 95t Percentile (m) Horizontal
Horizontal 95t
Techniques .
N E D 3D N E D 3D RMSE (m) Percentile
(m)
Vo 9.7 | 403 | 13.36 | 16.24 | 19.5 | 7.49 | 13.55 | 23.65 10.53 13.94
ESKF-VIO 8.02 | 226 | 11.72 | 14.24 | 18.14 | 4.85 | 11.83 | 21.43 9.27 12.82
Method 1 0.95 | 095 | 0.65 1.43 135 | 231 | 2.7 4.22 1.32 3.14
Method 2 0.99 | 0.77 | 1.12 1.66 3.2 2.8 3.82 | 4.85 2.7 4.27
Method 3 1.08 | 228 | 0.72 | 2.03 146 | 220 | 3.82 | 5.16 1.30 3.24

Figure 3-11 illustrates the RMSE in position estimation for each algorithm with
two reference systems of VO and ESKF-VIO. The observed performance
variance indicates at 60 s, coinciding with the UAV’s initial turn, attributable to the
limited field of view. This effect persists until the second turn at 85 s, where
objects (buildings, lampposts, and trees) are situated far away. The presence of
such fault conditions triggers feature extraction errors and feature location errors
failure modes which are effectively mitigated by hybrid algorithms. Furthermore,
The RMSE position errors from 135-153s are higher where 95" percentile
positions are reduced to 81.7%, 20%, 47.2% for VO-error compensation
mechanisms, 10%, 17%, 35.6% for KF-error compensation, 17.9%, 34.2%,
59.4% for K-gain predictor concerning ESKF-based VIO fusion along with N, E,

and D position. It is observed that the Method 1 algorithm has shown better
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performance under single-fault conditions while mitigating failure modes including
feature extraction errors, feature tracking errors, feature mismatch, data

association errors and feature location errors.
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Figure 3-11 Position error in the presence of a single fault condition for Trajectory
1

3.4.2 Combined Fault Conditions with Weather Effects

The purpose of this experiment is to evaluate the effectiveness and limitations of

three hybrid VIO systems followed by method 1, method 2, and method 3 in
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managing combined fault conditions and associated failure modes alongside
weather effects using trajectory 2. The experimental environment includes a
combination of tall and short buildings with shadows of the environmental objects
(e.g. buildings, trees), turn with features-wall, turn with skyview, shadow of tall
buildings on building and take-off with different altitudes. Three experiments are
conducted with similar trajectories under three weather conditions such as partly
sunny, rain and fog. During the experiment distance of 966 m was covered within
a duration of 303 s.

Figure 3-12, the boxplots summarising the position errors of the three hybrid
approaches, including method 1, method 2, and method 3, are presented,

illustrating how the results vary for different approaches.

Error Comparison on different hybrid architectures for Visual-Inertial Odometry during Sunny day
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Error Comparison on different hybrid architectures for Visual-Inertial Odometry during foggy day
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Error Comparison on different hybrid architectures for Visual-Inertial Odometry during Rainy day

3.0
25 _ 4
E E
520 53
£15 g
z w 2
£ 1.0 E
e -
g &
u 0.3 i
0.0 0
Method 1 Method 2 Method 3 Method 1 Method 2 Method 3
5
1.75
E 150 _4
5 1.25 £
Q1. c
E 1.00 ; :
a - =
=] 7]
< 0.75 8-2
§ 0.50 g
b 1
w25
0.00 0
Method 1 Method 2 Method 3 Method 1 Method 2 Method 3

(c)
Figure 3-12 Position error statistics for adopted three hybrid architectures under

weather effects using trajectory 2.
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During partly sunny weather conditions, it is observed that the presence of
increased noise measurements during extended flight and shadows (illumination
variation) with combined fault conditions limit the K-gain predictor and KF-error
compensator mechanism approach, providing the erroneous position compared
to the VO-error compensator approach. These erroneous measurements
resulting from multiple failure modes occurring simultaneously, such as feature
location errors, feature tracking errors and feature mismatch errors are not only
influenced by the illumination changes but also other fault factors. For instance,
when the UAV turns near the featureless wall and Skyview trigger feature tracking
errors and feature extraction errors failure modes. These additional failure modes
contribute to the performance reduction observed in ESKF-VIO as illustrated in
Figure 3-13. However, the hybrid approaches effectively mitigate the effects
introduced by multiple failure modes: method 1 by 96%, method 2 by 91.1%,
method 3 by 92.3%.

Challenging scenarios, such as foggy weather conditions significantly contribute
to visual failure modes like feature extraction errors and feature location error
failure modes due to limited visibility to environmental features. These condition
leads to model uncertainty which is improved by learning the K-gain predictor and
achieving better overall 3D position performance in 31.5% enhancement.
Furthermore, Rain results in water droplets accumulating on the camera lens,
blurring visual features, lighting variation and reflections leading to obstruction of
feature tracking and matching. It is noticed that the presence of increased noise
measurements due to these factors limits the K-gain predictor and KF
measurement error compensation techniques, proving improvement in the overall
position for the VO-error compensation mechanism. However, the method 1
mechanism has shown better performance in the vertical axis during foggy and
rainy weather conditions, removing the drift while landing compared to other

approaches.

Figure 3-13 illustrates RMSE position error comparison based on the adopted
three hybrid architectures and benchmark with two reference systems of VO and

ESKF-based VIO under sunny, foggy, and rainy weather conditions. During the
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landing phase, notably in foggy and rainy weather conditions, the RMSE errors
in the E and D positions are observed higher. It is worth noting that the
performance degradation is noticed after 250 s due to combined fault conditions
including UAV turn with sky view and shadow of buildings on a building. These
condition leads to illumination variation and less-texture environmental fault
conditions, resulting in feature extraction errors, feature location errors and
feature tracking errors failure modes. However, fault conditions induced by
weather effects such as reflection, overexposure, less visibility, and lighting
variation further complicate the navigation environment. For instance, The KF
error compensator mechanism exhibits an improvement of 3% and 2% at
horizontal (95th percentile) to VO error compensation and K-gain prediction
mechanism under foggy weather conditions. Additionally, the drift observed while
landing after 280 s is also reduced up to 2.25 m at the D position (95th percentile).

Sunny weather Foggy weather Rainy weather
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Figure 3-13 Position error along with each axis in the presence of a single fault

condition for trajectory 2 under weather effects

89



Table 3-5 Positioning performance for Trajectory 2 under sunny weather
conditions.

th H
RMSE (m) 95% Percentile (m) Horizontal Horizontal 95
Techniques .
N E D 3D N E D 3D RMSE (m) percentile (m)
Vo 12.10 | 7.20 | 23.69 | 27.56 | 11.35 | 10.50 | 24.09 | 43.47 14.08 24.80
ESKF-VIO | 10.08 | 4.11 | 21.60 | 24.19 | 34.52 | 6.79 | 20.42 | 39.01 10.89 20.45
Method 1 129 | 068 | 1.22 1.86 | 2.00 | 0.86 | 4.09 | 4.39 1.47 4.36
Method 2 128 | 051 | 128 | 213 1.79 1.06 | 2.25 | 3.00 2.18 5.03
Method 3 144 | 056 | 1.18 1.95 127 | 085 | 3.67 | 4.59 1.56 4.05

Table 3-6 Positioning performance for Trajectory 2 under foggy weather
conditions.

RMSE (m) 95t Percentile (m) Horizontal
. Horizontal 95t
Techniques .
N E D 3D N E D 3D RMSE (m) percentile
(m)
Vo 13.16 | 9.47 | 30.97 | 34.95 | 48.26 | 16.94 | 28.32 | 56.09 16.21 30.96
ESKF-VIO 11.38 | 6.94 | 28.60 | 31.56 | 46.61 | 12.72 | 23.94 | 50.61 13.33 25.76
Method 1 229 | 0.62 1.58 2.35 1.87 1.37 7.03 7.51 2.13 6.32
Method 2 292 | 0.41 1.48 3.31 4.20 1.00 8.24 6.39 2.33 5.36
Method 3 1.82 | 0.76 1.29 2.87 1.46 1.65 5.36 9.40 2.05 6.01

Table 3-7 Positioning performance for Trajectory 2 under rainy weather conditions.

Horizontal
rechniques RMSE (m) 95t Percentile (m) Horizontal 95t p::;entile
RMSE (m)
N E D 3D N E D 3D
VO 20.54 | 19.01 | 20.48 | 34.69 | 36.22 | 10.50 | 24.09 | 43.47 27.99 39.57
ESKF-VIO 18.54 | 16.50 | 18.17 | 30.76 | 34.45 | 6.79 | 20.42 | 39.01 24.82 36.253
Method 1 1.53 2.70 1.27 3.45 0.74 0.47 2.99 6.28 3.25 6.64
Method 2 3.1 2.15 1.27 3.93 4.49 6.61 4.17 6.43 3.60 10.29
Method 3 1.99 2.94 3.35 3.80 1.64 6.05 7.67 7.75 3.29 7.03
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Table 3-5, Table 3-6 and Table 3-7 summarise the performance of the three
hybrid architectures compared to the reference systems concerning RMSE, 95
percentiles, horizontal RMSE and horizontal 95" percentile error under weather
effects. It is observed that there is a variation in performance at each algorithm
under different fault conditions. During sunny weather, the KF measurement error
mechanism can improve overall 3D performance (95" percentile) by 25% and 6%
for method 1 and method 3 respectively. However, K-gain predictor mechanisms
have shown poor performance due to dependency on assumptions and predictive
models, sensitivity noise and limitations to adapt complex fault conditions by the
predefined model. For instance, in foggy weather conditions characterized by
limited visibility, overexposure, and contrast, the overall performance exhibits
degradation to 13.40 m in the 3D position (95" percentile). Furthermore, the
method 1 and method 2 algorithms overcome such complexity in environments
by directly mitigating sensor errors during rainy weather and measurement errors
during sunny and foggy weather. It is observed that compensation of sensor
measurements or model measurements is beneficial under this fault condition.
Under different weather conditions, it is noted that the prominent failure modes
are feature tracking errors and feature extraction errors due to lighting variation,
reflection on the surface, speed of raindrops and fewer features extracted from
the sky. Such effects introduce erroneous measurements and resulting
performance degradation in all hybrid architectures during the landing phase as
discussed. However, the VO error compensation technique shows relatively
improved performance, resulting in 27.8%, 30.29%, and 28.95% improvement at
the D position (95" percentile) for VO error compensation, KF error
compensation, and K-gain prediction mechanism respectively during foggy
weather. As per principle, K-gain prediction sorely relies on the predefined
predictive model which results in the imperfection of the model. Method 3 can
mitigate the fault conditions mentioned above, yet the method 1 performs better,
boasting a 3D position error (RMSE) of 2.35 m. Compared to the performance
sunny weather conditions, the drift is higher position error of 6.59 m, 6.00 m, and

6.99 m (95" percentile) for method 1, method 2, and method 3 respectively.
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Figure 3-14 illustrates the behaviour of 3D trajectories obtained from method 1,
method 2, and method 3 hybrid architectures. These trajectories are evaluated
under combined fault conditions across three weather conditions. Notably,
deviations in performance are observed at each turn due to the presence of less
features. Moreover, during the landing phase, performance degradation is
encountered due to complex fault conditions computed by variations in weather.
For instance, rainy weather introduces variation in lighting along with raindrops,
resulting in failures in feature tracking and extraction simultaneously. An
important conclusion about these results can be drawn by comparing the 3D
trajectories. The method 1 algorithm shows better performance in mitigating
these failure modes along with following the ground truth trajectory 2 under these
diverse weather conditions. Furthermore, method 2 indicates better performance
in reducing drift and effects of combined associated failure modes e.g. feature

tracking errors, feature location errors and data association errors during landing.
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Figure 3-14 Trajectory comparison of hybrid algorithms under diverse weather

conditions for trajectory 2.

In conclusion, the above analysis underscores the importance of the robustness
of hybrid VIO systems with the mitigation of complex and combined visual failure
modes, particularly under challenging conditions. The ability of method 1 and
method 2 algorithms to adapt to varying fault scenarios and environmental
conditions highlights their potential for enhancing navigation accuracy and

reliability.
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3.4.3 Complex Fault conditions with un-seen scenarios

The objective of this experiment is to evaluate the generalization ability of three
hybrid VIO systems in managing combined fault conditions, both seen and
unseen scenarios within trajectory 3. The experimental setup comprises a diverse
scenario, including the combination of tall and short buildings with shadows of the
environmental objects (e.g. buildings, trees), turns with featureless walls, turns
with sky-view, shadow of tall buildings on building, diagonal rotation, altitude
variation, and take off with different altitudes. The experiment is conducted with
trajectory 3 under sunny weather conditions. The flight path deviates from training
datasets as it takes a different road, albeit encountering similar patterns
throughout the flight. During the experiment distance of 738 m was covered within

a duration of 230 s.

Figure 3-15presents the behaviour of 3D trajectories obtained from three hybrid
approaches. It is observed that the hybrid algorithms demonstrate the ability to
generalize effectively across seen and unseen scenarios, closely following the
ground truth trajectory. During the takeoff, all hybrid approaches align well with
the ground trajectory, successfully adapting to the unseen scenario. However,
deviation in performance is observed during the landing phase, particularly due
to the diagonally rotated landing of the UAV to an unseen scenario. Notably,
among all the hybrid approaches, the method 1 exhibit better performance in

mitigating the fault conditions compared to others.
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Figure 3-15 3D trajectories of hybrid algorithms under complex fault conditions

with unseen scenarios for trajectory 3.
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Figure 3-16 Boxplot summarizing the position error statistics for adopted three

hybrid architectures under weather effects using trajectory 3.

In Figure 3-16, the boxplots summarizing the position error of the three hybrid

approaches including method 1, method 2, and method 3 are presented,
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illustrating how the results vary for different approaches with unseen scenarios.
It is observed that the presence of increased noise measurements during
extended flight and sunny weather conditions with combined fault conditions limit
the K-gain predictor and KF-error compensator mechanism approach, providing
the erroneous position compared to the VO-error compensator approach.
Complex unseen scenarios like diagonally rotation fault conditions contribute to
likely feature extraction errors and feature tracking errors, resulting in model
uncertainty which is improved by learning fault patterns in sensor data and
achieving better D position performance to 1.28 m RMSE error. However, the
performance improvement was shown by the VO error compensator in the 3D
position by 19.86% compared to the ESKF- VIO reference system. The N position
acts after takeoff when the UAV enters into an unseen scenario. Results from
Table 3-8 indicate KF error compensator algorithm can minimize the erroneous
measurements introduced after fight takeoff in the horizontal axis due to that turn
with a featureless wall and variation of altitude at each turn. It is noticed that the
presence of increased noise measurements indicates imperfection in the model,
thereby limiting the effectiveness of the K-gain predictor technique compared to
error compensation techniques. The findings address noise-included
imperfections in measurements and highlight that the error compensation
technique works better, particularly in scenarios involving variations in altitude

and no-texture environments.

Table 3-8 Positioning performance for Trajectory 3 under unseen scenarios.

RMSE (m)
Techniques Horizontal RMSE (m)
N E D 3D
Vo 4.04 5.13 18.11 19.25 6.55
ESKF-VIO 3.77 4.85 16.00 17.15 6.12
Method 1 1.30 3.36 1.28 3.83 3.76
Method 2 0.76 3.46 2.46 4.31 3.44
Method 3 1.40 3.36 1.98 4.16 3.94

95



3.5 Conclusion

This study systematically investigates the performance differences among three
types of hybrid NN-KF approaches implemented in VIO-based navigation
systems. The evaluation encompasses three different navigation scenarios
including single fault conditions, combined fault conditions with weather effects
and complex fault conditions with unseen scenarios to provide insight into their
robustness under multiple visual failure modes. It has been discovered that hybrid
approaches effectively address the failure modes resulting from fault factors
encountered in navigation environments like illumination variation, motion
variation, altitude variation, limited field of view, and no-texture environments.
The evaluation under different weather conditions exacerbates these faults by
introducing additional fault conditions like shadows, limited visibility, contrast,
overexposure, reflections, and speed of droplets. The method 1 algorithm
exhibits better performance regarding mitigating fault conditions in sunny and
rainy weather. However, the method 2 algorithm effectively mitigates the
performance degradation caused by UAV turns in less feature environments,
thereby reducing feature extraction errors with feature tracking errors failure
modes. During rainy weather conditions performance improved by 90% and 91%
for the VO error compensator and KF error compensator mechanism. Notably,
the KF measurement error compensators work better than VO error
compensators and K-gain predictor approaches in certain scenarios due to their
ability to adjust the filter’'s state estimates by mitigating model errors. This
adjustment allows the algorithm to better handle the specific combinational failure
mode types occurring during UAV turns in the no-texture environment or diagonal
rotation and landing drift. Additionally, the method 3 algorithm shows relatively
poor performance among other hybrid approaches in terms of mitigating failure
modes arising from different fault conditions. Integrating NN to predict K-gain
attributes to challenges like imperfect model assumptions, bias and model
uncertainty introduced by NN and imperfect predictive model due to the influence
of noises under multiple fault conditions. In the experiment of evaluating the
generalization ability of the hybrid systems under seen and unseen scenarios,

the VO error compensation technique exhibits better performance with 19.86%
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enhancement compared to other approaches. Conversely, out of all the hybrid
approaches, not one method performed consistently well out of the evaluated
fault conditions. Challenges remain, particularly in scenarios where multiple fault
conditions converge such as diagonal rotation, landing drift or when navigating
featureless environments under rainy and foggy weather conditions. Additional
diversity in training datasets including complex fault scenarios to enhance the
prediction accuracy of the learning-based GRU algorithm can be the forward step
towards enhancing the adaptability of the system. Incorporating combinational
hybrid architectures may complement each other's limitations and enhance the

overall performance under practical operating conditions.
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4 Improving Generalization Ability using GRU-AE based
Error Compensation in Hybrid Visual Inertial
Navigation Systems

4.1 Introduction

Urban Air Mobility (UAM) is revolutionising transportation by utilising the vertical
dimension to ease ground traffic congestion and improve mobility within urban
environments. It promises a wide range of services, such as emergency medical
evacuations, air taxis, rescue operations and parcel delivery, which enhance the
movement of people and goods in diverse contexts. To satisfy these, Unmanned
Aerial Vehicles (UAVS) must operate safely and efficiently, often flying close to
buildings in densely populated areas. However, such scenarios present
significant navigation challenges due to the vulnerability of Global Navigation
Satellite Systems (GNSS), which are prone to signal outages and multipath
effects in urban canyons[2], [6]. These limitations emphasise the need for
advanced positioning, navigation and timing (PNT) solutions that operate
independently of GNSS. Furthermore, operational safety has high importance in
UAM applications, with navigation safety being a critical prerequisite. Ensuring
navigation safety requires robust systems capable of maintaining accuracy and
promptly mitigating anomalies that could otherwise lead to catastrophic failures,
such as crashes and collisions[1]. Overcoming these challenges with alternative
PNT solutions for safe UAV operation will play a crucial role in gaining public

acceptance and ensuring the sustainability of UAM applications.

In vision-based navigation systems, there are significant gaps in ensuring the
robustness and reliability of these vision-based navigation solutions under fault
conditions like environmental factors, lighting variations, flight dynamics and
motion blur. Additionally, these fault conditions impact overall system
performance by introducing uncertainty in the input data, e.g. ambiguity from
feature mismatch errors[50] and the impact of non-Gaussian noise on predefined
models [118]. Thus, vision-based navigation systems designed for safety-critical
applications require careful consideration of all possible sources of uncertainty to

ensure integrity and robustness.
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Researchers working on classical visual navigation systems, considering
improving integrity, typically focus on modelling feature tracking errors and aim
to improve positioning performance [50]. However, the utilisation of such error
models is limited to specific scenarios and lacks evidence of effectively mitigating
visual errors to ensure safe navigation under diverse, complex urban
environments [51]. In addition, error propagation as discussed in [31] highlights
the impact of unmodeled noise arising from uncertainty sources, feature
extraction errors, feature tracking errors, and feature location errors. These
factors, including photometric noise, geometric errors and association errors,
need to be considered as they contribute significantly to overall position error in
VO, particularly in complex scenarios. Few studies [47], [77], [127] have proposed
incorporating the photometric error model into the KF-based VIO system to
minimise the effects of feature tracking errors, demonstrating improved
performance in handling speed variations and low-texture scenarios while
providing confidence boundaries. Nonlinearity in image intensities, caused by
changes in lighting, shadows, reflection or exposures, leads to model mismatch
due to linear assumptions of photometric error models [127]. These nonlinear
intensity variations can introduce non-Gaussian noise into the data, which
classical methods are not well-equipped to handle, often leading to divergence in
state estimation. In contrast, data-driven VIO systems have been explored due
to their ability to learn model complexity that can establish the relationship
between sensor measurements and vehicle ego-motion. While effective in some
cases, these methods lack robustness in low-texture environments, adverse
image conditions (e.g. blur, distortions, extreme lighting) [43], [44], [49] and
dynamic scenes. A notable limitation of end-to-end VIO architectures and CNN-
based VO is that additional sources of uncertainty arise when the test and training
data are mismatched, leading to unmodelled outliers. Furthermore, current state-
of-the-art involving such architectures face challenges including reliance on large
datasets [44], performance degradation in out-of-distribution test scenarios and
insufficient uncertainty estimation [128], [129]. Some studies considering
predicting position with uncertainty measure lack of considering all possible

sources of visual uncertainty with adequate minimising outliers, leaving long tail
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issues unresolved. Therefore, there is a need to incorporate the noise removal
mechanism alongside addressing potential uncertainty sources within VIO
systems to enhance robustness, resilience while reducing induced position

uncertainty to ensure integrity.

To address shortcomings of these architectures, hybrid architectures
incorporating Kalman filters (KF) with neural networks (NN) have gained attention
to enhance performance under complex visual scenarios by adapting Neural
Networks (NN) models (e.g. Bi-LSTM, LSTM, GRU) to mitigate sensor noise,
model imperfections, corrupted measurements, and model assumptions [45],
[48], [123], [124], [130]. However, during lighting variation, limited visibility and
distortion in images, hybrid VIO with camera sensor measurement correction [45]
and KF model measurement correction [124] suffers from performance
degradation due to unmodelled outliers introducing nonlinearity that affects model
assumptions. To mitigate sensor and model measurement errors, the
combination of error compensation mechanisms was presented in my previous
work [131] to enhance performance and reduce position uncertainty arising from
sources of uncertainty like feature extraction errors, feature tracking errors and
feature location errors in complex scenarios. However, the approach struggles to
provide a confidence boundary due to induced outliers under corrupted sensor
measurements when feature-based VO fails to extract any features, resulting in

a tight distribution with long tails.

To address unmodelled outliers in non-Gaussian error distribution, providing
position uncertainty reduction to ensure integrity under complex scenarios, this
study extends the previous work by proposing a GRU-Autoencoder (GRU-AE)
denoising mechanism for VO error Correction within Multi-ML Hybrid VIO to
mitigate outlier effects. To the best of the author's knowledge, this is the first
attempt to combine denoising-aided error correction with model error correction
within VIO, providing the confidence boundary for integrity. The proposed hybrid
fusion approach leverages the combined capabilities of GRU and Autoencoder
to address data uncertainty and outliers for updating the ESKF filter, while

another GRU compensates for model measurement errors to correct model
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inaccuracies. In this research, ESKF is integrated into the hybrid architecture for
its ability to linearise only the error states, enhancing stability and robustness,
particularly in highly nonlinear systems. This makes ESKF more effective
compared to other variants of KF, such as Unscented Kalman filters (UKF), which
rely on sigma points to approximate distribution, potentially introducing instability
[42]. As a result, ESKF is considered a more reliable choice for handling nonlinear
dynamics. In addition, GRU is employed due to its efficiency in processing time-
varying sequences, offering advantages over other NNs like LSTM and Bi-LSTM.
In addition, the formulation is extended by exploring position uncertainty
mitigation with denoising mechanism on the proposed approach using MATLAB
incorporated with unreal engine simulated photorealistic datasets replicating
possible uncertainty sources (e.g. feature tracking errors, feature exaction errors,
feature location errors) and sources of unmodelled noise (e.g. limited visibility,
darkness, extreme lighting) present in urban environments for extended flights.

The contributions of this work are highlighted as follows:

1) A novel error compensation methodology is proposed with a
combination of multiple error compensators forming Multi-ML hybrid
V10, which simultaneously corrects data uncertainty and unmodelled
outliers arising from corrupted sensor measurements in complex
urban environments.

2) A novel autoencoder-based denoising mechanism is proposed,
which integrates into the GRU-based VO error compensator to
enhance the generalising ability and denoise the sensor
measurement outliers. The algorithm aims to reduce position
uncertainty and minimise long tails in error distribution.

3) Systematic evaluation of the proposed uncertainty reduction with
denoising mechanism under various sources of uncertainty, including
feature tracking errors, feature location errors, data association errors
and sensor noise, unmodelled noise from fault conditions such as
limited visibility, darkness, extreme lighting.

4) Evaluation of performance under ‘out of distribution’ problems for the

proposed novel hybrid VIO framework, aiming to estimate its ability
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to adapt and perform effectively in unseen scenarios and flight

dynamics.

The remainder of this chapter is structured as follows: section 4.2 includes the
proposed hybrid visual-inertial navigation framework with brief descriptions.
Section 4.3 discusses experiment setups for data generation to train and test the
hybrid models. Section 4.4 discusses the testing performance analysis of the
proposed algorithm under diverse complex scenarios, providing insight into the

generalization ability. Finally, the conclusion is presented in the section 4.5.

4.2 Proposed Novel Hybrid VIO Framework

This section presents a high-level overview of the proposed novel framework that
integrates the GRU-Autoencoder (GRU-AE) denoising mechanism for sensor
error correction within Multi-ML hybrid VIO. In this architecture, images captured
by a monocular camera are processed using the feature-based VO algorithm [50]
to estimate VO position. The GRU-AE mechanism is employed to denoise and
correct VO measurements by predicting position increments affected by data
uncertainty and unmodelled outliers within complex navigation environments.
The denoised and corrected VO positions are subsequently fused with raw IMU
data, including linear acceleration and angular velocity, within the ESKF filter to
estimate the VIO position. To further enhance positioning performance and
reduce predefined model uncertainty, another GRU is utilised to compensate for
ESKF measurement errors. The predicted measurement position increment will
improve hybrid VIO positioning performance by reducing model and data
uncertainty simultaneously. Figure 4-1 presents a high-level diagram of the
proposed enhanced hybrid VIO framework. This chapter investigates and
explores the performance of the proposed enhanced hybrid VIO framework,
which integrates the position uncertainty compensation with the corrupted signals
denoising mechanism, providing insight into the confidence interval to ensure
integrity under the aforementioned uncertainty sources. The study focuses on
mitigating the effects of various sources of uncertainty while simultaneously

enhancing robustness and resilience for navigating under complex environments.
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GRU-AE Denoising Mechanism
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Figure 4-1 Proposed combined hybrid architecture with the denoising mechanism

for VIO position uncertainty reduction

4.2.1 GRU-AE VO Error Correction

The motivation for integrating denoising mechanisms within the sensor error
correction model is to address and mitigate the abnormal signals induced due to
corrupted VO estimation in complex scenarios (e.g. no-feature to extract,
darkness, change of flight dynamics). For this purpose, the denoising
autoencoder is integrated at the output of the GRU-based error compensator to
filter corrupted signals of the predicted increments. In practice, challenges arise
to validate the lighting invariance assumption and output integrity of the end-to-
end architecture [53], [60]. This research, therefore, focuses on feature-based
visual positioning. Error sources exist in every aspect of the feature-based visual
positioning, and statistical FMEA analysis conducted in [123] highlights that visual
fault conditions are major contributors on a large scale. The VO error
compensation method in the hybrid VIO architecture demonstrated promising
results in mitigating failure modes in urban environments. An extensive review of
error space propagation within the feature-based VO algorithm, as conducted in
[31], reveals that error arises during feature extraction and feature matching
stages between consecutive frames. These errors introduce geometric errors and

photometric noise, which negatively impact overall performance. Moreover, if the
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input lacks features available from the environment, the VO error compensator
may struggle, leading to large outliers and resulting in a narrow error distribution
with long tails. Therefore, denoising of the predicted GRU-based error
compensation method is needed to reduce outlier effects utilising auto-encoder
capabilities of replicating underlying data patterns, thereby enhancing robustness

while reducing data uncertainty of the compensation process.

Autoencoder is the type of artificial neural network model that comprises an
encoder and decoder. The purpose of autoencoders is to achieve feature
recognition by learning a laten space representation of the input. Denoising
autoencoders (e.g. image denoising) have been applied to VIO applications for
removing IMU noises [49] and image noises [132], [133]. General architecture of
autoencoders [134] is considered for this model, where the encoder compresses
the input x into a compressed latent space representation h and remap it into a

decoded output X, can be described as-

h=f(Wx +b) 4-1

%= f(Wx + b) 4-2

Where, W and W are the weights of encoder and decoder; b and b are the bias
of encoder decoder, f is an activation function. Given a training data set {x;} =_,,

overall training process of the encoder-decoder structure yields-

The denoising mechanism eliminates noise by leveraging the feature learning
ability of the hidden layers. When the output is noisy, it forces to removal of
random noise during the learning process, thereby improving generalising ability
and preventing overfitting during training. Figure 4-2 illustrates the high-level
architecture of the GRU-AE error compensation mechanism. The GRU-AE model
is utilized for the time series data from two input sources VO and IMU that
includes position from VO, IMU linear acceleration in body frame within NED

coordinate, ay,ap, ap and IMU angular velocity in the body frame within NED
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coordinate, wy, wg, wp. The model combines both GRU layers for sequential
modelling and autoencoder layers for feature extraction and reconstruction. The
model predicts position error AP,, between VO measurements and ground truth.
Having the advantage of utilising the canonical relationship between inertial
frame and UAV dynamics, the model can effectively learn implicitly to track the
vehicle’s movement by observing the sequences of IMU linear acceleration and
angular velocity. By analysing dependencies between the estimated position and
the actual position, the GRU-AE can learn typical error patterns and denoise
abnormal signals based on reconstructed loss. Finally, the predicted denoised

increments are compensated using the following equation,

PVO/GRU = Pyo — APy 4-4
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Figure 4-2 Architecture of GRU-AE VO Error Correction Model

4.2.2 GRU-based ESKF Model Error Compensation

Another GRU model is applied to compensate for measurement model errors
associated with the imperfection of the model due to manual tuning and
nonlinearity presence within the data. Figure 4-3 illustrates the high—Ilevel
diagram of the GRU-based model compensator. The model measurement errors
are compensated by predicting KF measurement increments using GRU. The
APy, model predicts position error between ESKF measured position and ground
truth with the input parameters ESKF estimated position and innovation, i.e. the

difference between the predicted observations and observed value in the NED
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frame. The GRU-based model error compensator can effectively learn from the
information about the state-evaluation process and uncertainty of state estimate.
Finally, the predicted model increments are compensated using the following

equation after fusion-

PVIO/GRU = Pyjo — APyjp 4-5
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Figure 4-3 Architecture of KF Measurement Error Compensator

4.2.3 Machine Learning Model: GRU

The multi-ML hybrid VIO uses the features discussed in the previous section to
reduce position uncertainty associated with incorrect sensor data and the
imperfect measurement model. GRU is designed to handle sequential data and
can maintain a memory of past states, making it well-suited for learning the
temporal dependencies in vehicle operation, with the cell structures different from
other recurrent neural networks (RNNSs). It is a variant of LSTM that merges the
input gates and forgetting gates along with merging the memory state and hidden
state. GRU has much fewer parameters than LSTM, and the training speed is

faster. The calculation process is as follows-

z; =0 (W,.[he—q, x¢])

e = oWy [he_q, x¢])

h, = tanh (W. [r:"he_q, x¢])
he = (1 —z) he_q + z°hy

The greater the value of the update gate, the more information is brought in from
the previous moment. The smaller the value of the reset gate, the less information

from the previous moment is written.

106



Hidden layers

Figure 4-4 High level multi-Layer GRU Architecture used for error compensation
modules in Multi-ML VIO

Recent work [126] on hybridisation has utilised a cascade of three layers of GRU
to learn patterns of data effects in different observation and predicted states
within a predefined Kalman filter, providing an accurate prediction of Kalman gain.
However, integrating such a hybrid architecture in VIO application often struggles
to minimise increased noise measurement caused by the inherent nonlinearity
VIO process. This issue becomes more pronounced under high dynamics, where
VO sequences and IMU data exhibit strong nonlinearity and noise. Furthermore,
the forgetting problem in sequential learning architectures further complicates the
process of maintaining accurate predictions over extended time dependencies
and struggles with generalisation over unknown flight patterns. The
hyperparameters that have the greatest impact on the performance include the
number of GRU layers, the number of neurons and the step size. Too many
neurons lead to overfitting and degradation of generalisation performance, while
insufficient layers of neurons cannot fully extract features from input and output
data. To address these challenges, this work proposes to integrate four layers of
GRU for error compensation within the multi-ML hybrid VIO designed to
effectively capture temporal dependencies and handle high dynamics in the
system, as shown in Figure 4-4. Based on extensive analysis, four layers of GRU

are sufficient to extract the hidden information. The GRU architecture, combined
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with denoising mechanisms in the form of VO-AE correction, is deigned to
integrate time-dependent patterns in IMU data and VO measurements. By
learning these sequential dependencies through connected layers, it aims to
mitigate the induced noise and spikes in the predicted data, thereby enhancing
the generalisation ability of the system. In contrast, the GRU-aided KF correction
focuses on leveraging time-dependent patterns in ESKF measurements and
innovation. Using the same architecture, it predicts increments that compensate
for errors in the predefined ESKF model, ensuring robust performance in dynamic

and noisy environments.

4.2.4 Multi-ML-aided Hybrid VIO

The proposed novel architecture is designed with a combination of multiple error
corrections and ESKF to estimate improved positioning performance under
dynamic conditions. Two error corrections are utilised for different purposes
within the architecture. The ESKF formulation is based on the previous work. In

this formulation, the UAV state x is defined as-

x=[pvq ap wb]T 4-6

Where, p = [pn, Pr, Pp]- represents the position in the platform; v = [vy, vg, vp]-
platform’s velocity; q = [qn,qE, qp]- represents orientation in the form of

quaternion; ab=[abN,abE,abD]- represents accelerometer drift and w, =

[wpy» @b 05, |- gyroscope drift accordingly.

The main concept of the ESKF fusion strategy consists of the separation of the

state vector into two parts: nominal state x, and error state §x.
X, =x + 6x 4-7

Notably, the frame of reference used to develop navigation equations for state
estimation of ESKF follows the north-east-down (NED) frame format.

The raw IMU linear acceleration and angular velocity are used within the
prediction step to propagate corrected state estimate and state covariance.
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6% = F.(x,u,,).6x 4-8
P = F Py, F" + FQF"

The transition Matrix E, for the error state as follows-

0

14 : 0 0
of 0 It ~Conilay, - abk]XAt —C_niAt 0 "
b= o5xl, = 8 8 C_niT{((wna — wp, )At} (I) —{)At
o © 0 0 I

Where, FE, and F; represent the Jacobians of f() with respect to the error and

perturbation vectors; C_ni represents the rotation matrix of altitude q.

Once the GRU-AE compensated corrected VO position becomes available, the
observation is incorporated to continuously update the filter. The process involves
calibrating accelerometer and gyroscope drifts. The observation is expressed as

follows-
Yk = h(xt) +v

Where, y,-represents measurement vector, h()- represents system state and v-

represents which Gaussian noise with Covariance R.
The measurement update equations are derived as

K = P HT(HP_HT +R)
4-10

Finally, ESKF measurement position is corrected using equation 4-5 and

estimate an improved multi-ML hybrid VIO position.

4.3 Experimental Setup and Data Generation

This section outlines the experimental setup to evaluate the performance of the
proposed Multi-ML hybrid VIO. The experimental setup is described first, which

is used to generate training and testing datasets to conduct numerical analysis
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and performance evaluation in the presence of multiple sources of uncertainty
under complex environments. The experimental setup used in this research has
been implemented in MATLAB, incorporating the Unreal Engine to simulate data
collection for UAVS. The simulated datasets involve diverse challenging
conditions, including illumination variation, rapid motion, altitude variation, no-
texture, and weather effects for shorter and extended flights. The experimental
architecture, presented in Figure 4-5 is adopted from one of the previous works,
which was used to implement the fault-tolerant federated multi-sensor
GNSS/VO/IMU navigation system. The choice of monocular camera is beneficial
for the UAM application due to its advantage of being less expensive, simpler to
implement and lightweight to fit into a UAV with a specification of 1109 (pixels)
focal length, 640x360 (pixels) optical centre and 720x1280 (pixels) image size,
operating in 10 Hz sample rate. The simulated IMU data has the specification of
the ICM 20649 model operating 100 Hz sample rate used in the previous work.
During the post-processing step, linear interpolation has been carried out to
synchronise timestamps between both sensors. For urban operation scenarios
surrounded by buildings, the visual data of tall buildings is simulated using ‘US
city’ scene available in the ‘simulation 3D scene configuration’ block within the
Navigation Toolbox and UAV toolbox in MATLAB. This chapter investigated the
effect of different lighting conditions in navigation environments (e.g. bright
sunny, partly sunny, foggy and rainy). However, training datasets are collected
by replicating weather effects and lighting conditions based extensive review of
the visual environment fault tree, as shown in Figure 4-6. The setting is adopted
based on the MathWorks user interface described on the website. The flight
trajectories are designed and controlled through QgroundControl software

connected through MAVLink connectivity.
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2. Environmental fault condition

2.1 Featureless wall

2.2. Skyview with turn

2.3 Skyview

2.4 Shadow of building on a building
2.5 lllumination change

2.6 Flying nearby object (buildings)
2.7 Limited field of view

2.8 Shadow of building and trees

1. Flight Dynamics
ing Pattern for Hybrid 1.1 Turn following by buildings
Approach » 1.2 Turn following by featureless wall
1.3 Turn following by featureless sky view
1.4 Fly over the rooftop
1.5 Take off with altitude variation
1.6 Land with altitude variation
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Figure 4-6 Fault Scenarios for Training Datasets
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4.3.1 Training Datasets

The training dataset includes 12 trajectories combining fault conditions that can
trigger multiple sources of data and model uncertainty within the navigation
system, involving imperfect modelling, sensor noise, data association errors,

feature tracking errors and feature location errors. Within these trajectories, a set
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of various weather conditions are presented including sunny, cloud, rain, fog and
various lighting conditions like dusk, sunrise, afternoon, and evening. This
diversity allows the model to learn and adapt to different fault conditions,
improving overall performance and generalization ability in the presence of
multiple fault conditions. The testing dataset is designed with a combination of
seen and unseen fault scenarios. Examples of training and testing datasets are

presented in Figure 4-7.

(a) Fog 80%

(d) Partly sunny

Figure 4-7 Examples of simulated environmental conditions: (a) limited field of
view during 80% fog, (b) texture-less wall during 70% cloud, (c) illumination
changes during 30% rain and (d) shadows and texture-less wall during partly

sunny used in testing and training datasets.

4.3.2 Training and Testing Process

The ML modules are trained with the mentioned 12 trajectories in different
weather and lighting conditions, forming 48 datasets (e.g. sunny, foggy, rain,
midday) using the input and output data structure described in Section 4.2.
Notably, this research has utilised similar GRU architectures for two different
purposes within the hybrid VIO architecture. The autoencoder model that is used
to denoise GRU increment prediction is trained using only sunny weather
conditions for the 12 trajectories, with an assumption of good lighting conditions,
affecting VO relatively less than other weather effects. To balance the training

efficiency and prediction accuracy, the GRU-AE model comprised four GRU
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layers containing 50, 350, 350 and 50 cells respectively, with the sequence length
input, optimised through hyperparameter tuning from Keras library
‘RandomSearch’. A fully connected layer is used to provide the output from the
ML model. The dense layer in the autoencoder compresses the GRU output into
smaller latent representation (128) with ‘relu’ activation function applied. The
batch size used is 128, the dropout rate is found at 0.1, the activation function is
optimised for each hidden layer shown on Figure 4-4. The ADAMAX optimiser is
employed during the training to optimise the ML model weights and minimise the
discrepancies between the predicted and actual errors. Furthermore, the loss
function is calculated using mean squared error (MSE), and the learning rate is
set at 0.001. In contrast, the GRU-based ESKF error compensator model is
trained using 48 training datasets, described previously, incorporating weather
and lighting effects. To balance training efficiency, prevent model overfitting and
improve prediction accuracy, the training dataset was split into subsets to learn
GRU flight manoeuvring patterns. Hyperparameters are tuned using Keras library
‘RandomSearch’ optimisation method with the multi-layer architecture
incorporating similar architecture described previously. The loss function ‘MSE’
and optimiser ‘ADAMAX are set similarly to the GRU-AE model.

During the testing phase, ML models operate in the prediction phase, remaining
active throughout the experiment. During this phase, the train GRU-AE error
correction model predicts VO position error based on the given navigation frame
linear acceleration, angular velocity, VO position and VO current orientation. For
evaluation purposes, the updated position error prediction is deducted from the
actual VO position estimated from the feature-based VO algorithm. Lastly. The
trained GRU-based KF measurement error compensator predicts KF estimated
position error based on KF predicted position and observation differences from
the measurement model in the current navigation frame. The updated position is
estimated by deducting the predicted position error from the KF estimated

position to improve overall hybrid VIO positioning performance.

113



4.4 Performance Evaluation

To evaluate the performance and adaptability of the proposed novel hybrid VIO
framework, six experiments are carried out using six different testing datasets
(four different trajectory shapes), with a variation of fault conditions, weather and
lighting effects. In addition, the learning and prediction capability of the proposed
GRU-architecture has been validated based on the performance under different
shapes of trajectory. Table 4-1 represents the description of testing scenarios,

trajectory types and fault conditions.

Table 4-1 Test trajectory description

# Trajectory | Testing Lighting Fault type
Scenario condition
1 Nominal Single | Sunny

faults

Shadows of objects

White Rooftop

Turn

Turn with features-wall.

Turn with sky view.

Shadows of objects

Take off with different altitudes
Sharp turns with sky-view
Vibration while turning

Altitude variation in the flight
Turns with featureless walls.
Turns with sky-view.

Shadows of objects

Vibration with sharp turn
Altitude variation

Take-off with different altitudes.
Altitude variation among waypoints
Turn with sky-view

Vibration with waypoint changes
Take-off from unknown location
Sharp and curved turns

Turn with sky-view

Vibration with waypoint changes
Feature-less wall

Take-off from unknown location

Weather effects | Fog, Rain

3 Lighting Effects | Sunny, partly
sunny

4 Unseen Sunny
Scenario  with
unknown faults

5 Lighting Effects | Sunrise

6 Lighting Effects | Sunrise

GOPONSBPONSPRPORON2ON 2R WON =S WON =

Figure 4-8 represents the testing trajectory to evaluate the proposed approach
with the denoising mechanism performance in terms of robustness under
different weather conditions and adaptability over unknown scenarios and fault
factors. Three types of testing scenarios (e.g. weather effects, unknown
scenarios with unknown faults, lighting effects) have been selected to evaluate
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performance enhancement with position uncertainty minimization using
denoising based hybrid VIO-

(a) (b)

e s W
i) Sunrise lighting effect in trajectory 5 and 6

/
{j) Rainy weather effect in trajectory 2

o e
| -

(e) J o
® (k) Party sunny lighting effect in trajectory 3

Figure 4-8 3D view of testing trajectories for experiments (a) Trajectory 1, (b)

Trajectory 2, (c¢) Trajectory 3, (d) Trajectory 4, (e) Trajectory 5, (f) Trajectory 6

4.4.1 Proposed Multi-layer GRU-architecture based on Performance
Evaluation under different trajectory shapes

The experiment aims to assess the effectiveness of utilising multi-layer sequential
GRU for error compensation within Mult-ML hybrid VIO. This approach is
designed to enhance performance and generalisation ability, particularly under
complex flight patterns. To evaluate its effectiveness, three tests are conducted
on trajectory 1, trajectory 2, trajectory 3 and trajectory 4, which is selected for
their diverse flight characteristics such as narrow shapes, altitude variation
between flights, and multiple maneuvers. In order to evaluate the impact on
performance, five sets of Multi-ML hybrid VIO models were created using the

similar training methodology described in section 4.3.2.
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Multi-layer GRU

Input layer

GRU Activation-tanh GRU Activation-relu GRU Activation-tanh GRU Activation-tanh
ivati igmoid Activation-tanh Recurrent igmoid i t

Figure 4-9 4-layer GRU architecture

Figure 4-9 illustrates the detailed architecture of the proposed 4-layer GRU used
for error correction in this chapter. This has been designed based on extensive
analysis using the testing trajectories 1-4, with the number of layers determined
by the model's effectiveness in error compensation and mitigation of failure
modes under different fault conditions like lighting variation, flight dynamics and
low-texture environments. The hyperparameters such as activation functions,
neurons and dropouts have been selected through a systemic optimization
approach using ‘RandomSearch’ method as stated in Section 4.3.2. This method
explores the activation function space during training to identify the most effective
configuration for capturing nonlinear dynamics and high motion variability present

in the training datasets.

Figure 4-10 illustrates horizontal error comparison across the testing trajectories
for the Multi-ML hybrid VIO system, analysing the influence of varying the number
of GRU layers. The comparison was used to optimise the GRU architecture and
identify the optimal layer for effective error correction. The results indicate that
increasing layers in both GRU-based error compensations significantly improve
overall performance by reducing large outliers, particularly in the landing phases.
Furthermore, the proposed multi-layer architecture effectively minimizes the

effects of different flight dynamics (e.g. curved turns and altitude variation) where
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single layers, 2-layers and 3 layers GRU architecture struggle to maintain
stability.

Multi-ML Hybrid VIO Horizontal Errors Over Time for Trajectory 1 Multi-ML Hybrid VIO Horizontal Errors Over Time for Trajectory 2
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Figure 4-10 Horizontal error comparison highlighting the impact of incorporating
additional layers in GRU architecture within Multi-ML hybrid VIO

4.4.2 Nominal Fault Conditions

The experiment aims to evaluate the performance of the proposed hybrid
algorithm and its ability to reduce uncertainty while navigating in good weather
conditions with single fault factors (e.g. shadows of buildings, smooth turns, flying
above rooftops) in an urban environment. During the test, the UAV encounters
one turn long between buildings and one curved turn over the rooftop, with two
waypoint changes at 60s and 110s, including motion variation that results in
feature extraction error and feature location errors. These faults are identified as
a “source of uncertainty” in the input data that cause performance deviations in
feature-based VO algorithm. The experiment covers a distance of 702m in a
duration of 152 s.
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Figure 4-11 (a) Position error plot in the presence of single fault condition for
trajectory 1; (b) 3D trajectory comparison of the proposed multi-ML hybrid VIO

framework with four reference systems for trajectory 1.

Figure 4-11 illustrates position error and 3D trajectory comparison based on the
proposed Multi-ML hybrid VIO, Hybrid VIO with VO-AE Correction, Hybrid VIO
without denoising, ESKF VIO with no correction and VO. By the end of the flight,
after 110s, the errors in N, E, D positions are observed to be higher. It is worth
noting that the performance degradation is attributed to fault conditions
encountered while flying above the rooftop, where less features are available for
extraction. These conditions lead to feature extracting error, feature location error
and feature tracking error, identified as the source of aleatoric or data uncertainty.
These challenges result in unmodelled outliers and increased nonlinearity, which
ESKF VIO with no correction and hybrid VIO without the denoising mechanism
fail to mitigate due to induced outliers affecting the pre-defined ESKF model. This
degradation cannot be mitigated by compensating either sensor or model
measurements alone due to multiple sources of uncertainty impacting both.
Consequently, model and data uncertainty arise simultaneously, impacting
performance. Table 4-2 represents RMSE comparison for the experiment and
showed that above mentioned fault conditions is mitigated with improvement of
99% in the proved multi-ML hybrid VIO, 97% in Hybrid VIO with VO-AE
correction, and 90%% in Hybrid VIO with no denoising across 3D position. It has
been observed from Figure 4-11(b) that the proposed algorithm with uncertainty

correction and denoising mechanism demonstrated higher performance
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enhancement, following similar trajectory path to ground truth, while other

reference systems resulted in a few meters deviation from the ground trajectory.

Table 4-2 RMSE and 95" percentile Comparison on the performance of single fault

conditions for trajectory 1

Algorithms RMSE (m) 95th percentile (m)

N E D Horizontal 3D N E D Horizontal 3D
\'/e] 9.72 4.04 12.37 10.55 16.29 13.31 7.31 19.01 13.94 23.65
ESKF VIO with No 8.81 2.87 11.21 9.27 14.55 12.77 5.57 17.06 12.83 21.43
Correction
Hybrid VIO 0.84 0.91 0.68 1.27 1.47 1.69 0.43 0.48 2.88 3.21
without
Denoising
Hybrid VIO with 0.31 0.18 0.19 0.38 0.45 0.57 0.19 0.35 0.68 0.78
VO-AE Correction
Muli-ML  Hybrid 0.09 0.05 0.07 0.11 0.14 0.06 0.036 | 0.046 0.11 0.24
VIO (Denoising)

Figure 4-12 illustrates error distribution comparison of horizontal errors, providing
insight into the ability of denoising corrupted VO signals in feature-less
environments and reducing position uncertainty, while improving overall
performance through the proposed framework. The distribution of VO and ESKF
VIO with no correction showed a wide error distribution, indicating significant
position uncertainty. This challenge has been mitigated by 79% with VO-AE
correction in hybrid VIO compared to VO. However, for better performance
enhancement and reducing the effects of sources of uncertainty, both sensor and
model measurements need to be considered. The integration of both VO and KF
correction within hybrid VIO simultaneously reduces the model and data
uncertainty, resulting in minimisation of outliers. As shown in Table 4-2, the
representation of 95" percentile error decreases from 23.65 m to 0.24 m in 3D
axis,. These results demonstrate the proposed solution ability to address the long

tails issue, enhancing performance under different sources of uncertainty. This
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approach provide robust safety assurance boundaries, ensuring reliable

operation under nonimal fault conditions.

Models
: 2 3 L 5

B Mean
A 95th Percentile

Horizontal Error (m)
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o ESHFVIO wh Na Garrection ybrid VIO without Denoising b4 \10 with VO-AE Correction  Multi-ML Hybrid VIO (Dencising)

Figure 4-12 Horizontal error distribution comparison for trajectory 1

4.4.3 Weather effects

In order to analyse the robustness of the proposed hybrid VIO algorithm with
position uncertainty reduction under combinational fault faction influenced by
different weather effects, 5 mins flight covering 966m is conducted within a
location familiar to the trained models. However, the fault factors influencing the
system are unknown to the models. This test aims to analyse the algorithm’s
performance in terms of position uncertainty reduction and to assess how the
fault factors contribute to the overall performance, while other aspects, such as

weather conditions and flight path, remain within the scope of the trained model.
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(a)-Foggy Weather (c)-Rainy Weather

(b)-Foggy Weather (d)-Rainy Weather

Figure 4-13 Position error and 3D trajectory comparison under weather effects for
trajectory 2 (a) Position error under foggy; (b) Position error under rainy; (c) 3D

trajectory under foggy; (d) 3D trajectory under rainy

Figure 4-13 illustrates the position error and 3D trajectory comparison across
trajectory 2 under foggy and rainy weather conditions. The proposed solution
demonstrates significant performance improvement in minimising noise artefacts
such as raindrops, lens flare, reflection, and limited visibility during the flights. For
example, adverse weather conditions (e.g. limited visibility in foggy) introduce
additional uncertainties in data, such as feature tracking error, data association
error, where ESKF VIO RMSE horizontal error reaches 13.33m, and hybrid VIO
without denoising reduces to 2.13m. Integrating denoising mechanism in hybrid
VIO system effectively such degradation and achieves 23 cm horizontal RMSE,
enhancing performance while minimising the effects of data and model

uncertainty. Similarly, during rainy weather conditions, horizontal positioning error
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rises to 24.82 m in ESKF-VIO and 3.29m in hybrid VIO (without denoising). The
performance degradation in ESKF-VIO, hybrid VIO (without denoising) and
hybrid VIO with VO-AE correction cannot be mitigated by compensating either
sensor or model measurements alone due to multiple sources of uncertainty
impacting both. Additionally, the hybrid VIO (without denoising) showed less
improvement compared to the hybrid VIO-AE correction due to additional noise
remaining in the data. This suggests that if data sources are corrupted and noisy,
it negatively impact model performance. Furthermore, without sufficient
knowledge about the unmodeled dynamics in KF, the KF error compensation ML
model is less effective in learning the fault patterns, resulting in poor performance
compared to the VO error compensation technique only. Notably, hybrid VIO with
VO-AE correction and Multi-ML hybrid VIO closely follow the flight trajectory,
providing insight into the system robustness while flying in adverse weather

conditions with high flight dynamics.

Table 4-3 RMSE and 95" percentile comparison on the performance under foggy

weather effects for trajectory 2

Algorithms RMSE(m) 95t Percentile(m)
N E D Horizontal 3D N E D Horizontal 3D

VO 13.14 9.57 30.9 16.21 34.9 | 48.26 16.94 | 28.3 30.96 56.09

6 5 2
ESKF VIO withNo | 11.53 6.62 28.0 13.33 31.5 | 46.61 12.72 | 23.9 25.76 50.61
Correction 2 6 4
Hybrid VIO 1.98 0.78 1.49 213 2.35 5.82 2.10 1.12 6.34 7.51
without
Denoising
Hybrid VIO with 0.28 0.30 0.31 0.41 0.58 0.32 0.36 0.42 0.70 0.84
VO-AE
Correction
Muli-ML  Hybrid 0.19 0.12 0.21 0.23 0.32 0.31 0.20 0.19 0.50 0.64
VIO (Denoising)

Table 4-3 and Table 4-4 summarise the performance proposed framework
compared to reference systems concerning RMSE and 95" percentile for
trajectory 2. It is observed that the multi-ML hybrid VIO outperforms compared to
the fusion reference systems. Horizontal RMSE is improved by 98% under foggy
and rainy weather conditions for Multi-ML hybrid VIO compared to VO. In
contrast, the Horizontal 95™ percentile is improved by 99% under foggy and rainy
weather conditions for the proposed solution compared to ESKF-VIO. Based on
reviewing the effects of adverse weather conditions on flight dynamics, the

proposed solution demonstrates robustness capabilities with a reduction of
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uncertainty, while performance in terms of accuracy is higher in nominal fault

conditions.

Table 4-4 RMSE and 95" percentile comparison on the performance under rainy

weather effects for trajectory 2

Algorithms RMSE(m) 95t Percentile(m)
N E D Horizontal 3D N E D Horizontal 3D

VO 20.54 19.01 20.48 27.99 34.69 | 36.2 10.50 | 24.0 39.57 43.47
2 9

ESKF VIO with No 18.54 16.50 18.17 24.82 30 34.4 6.79 20.4 36.25 39.01

Correction 76 5 2

Hybrid VIO 1.81 2.70 1.27 3.29 345 1.86 0.61 0.60 7.27 6.64

without

Denoising

Hybrid VIO with 0.43 0.51 0.32 0.67 0.74 0.51 0.70 0.63 1.12 1.95

VO-AE

Correction

Muli-ML  Hybrid 0.27 0.36 0.09 0.43 0.45 0.35 0.40 0.06 0.69 0.85

VIO (Denoising)

(a) Foggy Weather (b) Rainy Weather
Modeis

Figure 4-14 Error distribution under weather effects for trajectory 2 (a) Foggy

weather; (b) Rainy weather

Figure 4-14 represents the horizontal error distribution in foggy and rainy weather
conditions using box plots. This summarises the performance of different
reference systems along with the proposed solution, providing insight into their
ability to improve performance and reduce outliers, thereby addressing
uncertainties in adverse weather conditions. It is observed that the proposed
solution outperforms in both scenarios, providing the best performance by
narrowing down the distribution and is capable of reducing uncertainty and noise
effectively. Hybrid VIO without denoising improved performance, but noise

artefacts from rain are not fully mitigated, while hybrid VIO with VO-AE correction
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minimised rain-induced noise, improving accuracy and lowering the 95%

percentile.

4.4.4 Lighting Effects

In this section, two types of experiments are conducted to analyse the impact of
additional lighting effects under environmental and flight dynamics fault
conditions. The results demonstrate that the denoising mechanism within hybrid
VIO achieves the best performance by effectively reducing noise caused by
various light effects. This approach enhances performance while reducing
outliers, with error distribution remaining within the 95" percentile confidence

interval and exhibiting no long tails.

4.4.4.1 Lighting Effects on the same trajectory

The purpose of this experiment is to evaluate the performance, robustness and
resilience abilities of the proposed algorithm in managing combined fault
conditions with variation of lights (e.g. bright sunlight, shadows) and mitigation of
the arisen source of uncertainty associated with trajectory 3. Trajectory 3 is
composed of environmental and flight fault factors such as featureless building,
turn with sky-view, and altitude variation during flight. During the experiment
distance of 935m is covered over a duration of 4.2 minutes. This experiment is

conducted different time zone on a sunny day.

Figure 4-15 illustrates position error and 3D trajectory comparisons for the
proposed solution against four reference systems under two scenarios of sunny
days: partly sunny (shadows) and bright sunny (sunny) conditions. Throughout
the flight, fault factors such as take-off location and altitude variation remain
unknown to the model, as they are included in training datasets. The proposed
solution demonstrates superior performance by mitigating fault conditions arising
from possible sources of uncertainty (e.g. feature tracking errors due to altitude
variation in the flight). It achieves enhancement of 98% under sunny conditions
and 99% under shadow effects compared to ESKF VIO with no correction
applied. The comparison between hybrid VIO without denoising and hybrid VIO

with denoising indicates that applying the denoising mechanism to VO
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increments significantly improves robustness and performance under more
complex lighting conditions, as shown on Figure 4-14 (b) and (d). For instance,
after 180s hybrid VIO without denoising algorithm struggles to maintain accuracy,
introducing large deviations in NED coordinates under bright sunny conditions. In
contrast, hybrid VIO with denoising mechanism mitigates these errors, achieving
the reduction of 93%, 95% and 97% in N, E, D coordinates, respectively.
Furthermore, under shadow effects, both hybrid VIO without denoising and hybrid
VIO with VO-AE correction show reduced performance due to illumination
variation throughout flight. These variations adversely affect sensor data and the
predefined ESKF model prediction, introducing additional uncertainties in the
systems. In contrast, the Multi-ML hybrid VIO (denoising) solution mitigates these
additional data and model uncertainties, achieving a 99% improvement in 3D

position.

(a) Shadow (b) Sunny

Mot () Ervor North (N) Error

L > o e = = A o e

(<) Shadow (d) Sunny

Figure 4-15 Position error and 3D trajectory comparison under lighting effects for
trajectory 3 (a) Position error under shadow; (b) Position error under sunny; (c) 3D

trajectory under shadow; (d) 3D trajectory under sunny

125



Table 4-5 RMSE and 95th percentile comparison on the performance under
lighting effects for trajectory 3summarises the performance of the proposed
framework concerning RMSE and 95" percentile for trajectory 3. The results
indicate that denoising of sensor output within the hybrid VIO architecture
demonstrates superior performance in both horizontal and 3D position. This
approach effectively minimises drift issue in visual navigation, achieving accuracy
below sub-meter with VO-AE correction alone and 5 cm accuracy when multiple
corrections are applied, even under varying lighting conditions along in similar
flight path, with high confidence (95™ percentile).

Table 4-5 RMSE and 95th percentile comparison on the performance under lighting

effects for trajectory 3

Shadow
Algorithms RMSE(m) 95t Percentile(m)
N E D Horizontal 3D N E D Horizontal 3D
Vo 4.03 12.89 9.12 13.51 16.30 | 8.34 | 20.79 | 16.4 20.91 24.16
0
ESKF VIO with No 2.84 10.55 6.19 10.93 12.56 | 5.04 17.91 12.4 18.14 22.85
Correction 5
Hybrid VIO 1.29 2.23 1.46 2.57 2.96 2.96 3.98 0.31 5.35 7.58
without
Denoising
Hybrid VIO with 0.30 0.46 0.21 0.55 0.58 0.55 0.86 0.31 0.88 0.96
VO-AE
Correction
Muli-ML  Hybrid 0.09 0.09 0.02 0.13 0.14 0.15 0.14 0.01 0.28 0.28
VIO (Denoising)
Sunny
VO 7.19 6.74 12.39 9.86 15.83 | 11.4 18.51 16.4 15.29 23.49
5 0
ESKF VIO with No 5.40 5.45 9.07 7.67 11.88 | 9.54 8.74 14.7 11.42 18.51
Correction 7
Hybrid VIO 1.40 1.39 1.30 1.98 2.37 3.1 2.92 1.57 3.47 3.69
without
Denoising
Hybrid VIO with 1.76 1.91 0.48 2.60 2.64 2.67 2.28 0.86 3.34 3.45
VO-AE
Correction
Muli-ML  Hybrid 0.09 0.09 0.05 0.13 0.14 0.14 0.14 0.04 0.28 0.28
VIO (Denoising)

Figure 4-16 represents error distribution comparison of horizontal position under
different lighting scenarios for the same shape of trajectory. It is observed that
the error distribution for both hybrid VIO with VO-AE correction and the proposed
hybrid VIO remain within 95" percentile error boundary with no long outliers. This
demonstrates the effectiveness of denoising mechanisms in handling variation of
lighting scenarios such as shadows, glare, and sudden brightness changes,

which can introduce noise and artefacts in sensor data. By filtering predicted VO
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increments using the autoencoder, the proposed solution enhances position

accuracy and robustness, even under challenging lighting conditions.
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Figure 4-16 Error distribution under lighting effects for trajectory 2 (a) shadow, (b)

sunny

4.4.4.2 Lighting Effects on Different Trajectory Shapes

The objective of this experiment is to evaluate the generalisation ability of the
proposed multi-ML hybrid VIO framework in managing lighting effects for different
trajectory shapes with seen and unseen flight take-off locations with altitude
variation within the flight. The testing datasets include diverse scenarios,
including UAVS taking off from different streets in the city environments with
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variation of unknown fault conditions, i.e. altitude variation during flights between
waypoints. The experiment is conducted in sunrise light conditions, covering 858

m with 3.40 minutes for trajectory 5 and 1349 m with 6 minutes for trajectory 6.

(a) Position Error for Trajectory 5 (b) Position Error for Trajectory 6
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(c) Horizontal Error Distribution for Trajectory 5 (d) Horizontal Error Distribution for Trajectory 6

Figure 4-17 Position error and horizontal error distribution comparison for
different shape of trajectory under sunrise light conditions (a) position error for
trajectory 5; (b) position error for trajectory 6; (c) horizontal error distribution for

trajectory 5; (d) horizontal error distribution for trajectory 6.

Figure 4-17 (a) & (b) illustrates compares position error for each coordinate and
horizontal error distribution for trajectories 5 and 6 under sunrise lighting effects.
Noticeable performance deviations are observed during landing phrases in each
coordinate, due to the navigation environment variability and presence of
unknown fault conditions in trajectory 5 when using hybrid VIO without denoising.
This results in long outliers in the horizontal error distribution as presented in
Figure 4-17. However, the hybrid architectures incorporating the denoising

mechanism effectively mitigate noise caused by various fault factors such as
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glare, low-light, shadow, reflection and overexposed areas. This demonstrates
their adaptability and robustness under sunrise lighting effects for both
trajectories by narrowing down the error distribution with no tails. Additionally,
rapid lighting variation and shadows introduce misalignments in tracking visual
features, particularly in complex trajectory shapes with additional flight dynamic
fault factors (e.g. turn with vibrations, turn with altitude variation). These
challenges exacerbate errors in sensor corrections for hybrid VIO without
denoising, as shown from Figure 4-17 (b). The proposed denoising enables Multi-
ML hybrid VIO to successfully mitigate these issues by reducing induced data
and model uncertainty, ensuring high accuracy at the centimetre level and
reliability by providing a horizontal error boundary within the 95t percentile under
sunrise lighting conditions.

Table 4-6 RMSE and 95th percentile comparison on the performance under sunrise

light conditions for trajectories 5 and 6

Trajectory 5

RMSE(m) 95t Percentile(m)
Algorithms -
N E D Horizontal | 3D N E D H°’;z|°"t 3D
Vo 565 | 931 | 15.07 14.04 2287 | 12.45 1%7 26.79 1917 | 32.94
ESKFVIOwith | 5 o5 | 930 | 1507 10.89 1856 | 961 | 38| 2312 | 1544 | 27.78
No Correction 5
Hybrid VIO
without 100 | 145 | 097 1.76 201 | 121 | 403 | 055 4.08 4.24
Denoising
Hybrid VIO with
VO-AE 029 | 048 | 0.21 0.56 061 | 063 | 080 | 0.31 0.84 0.91
Correction
Muli-ML Hybrid

0.08 0.07 0.02 0.11 0.11 0.11 | 011 | 0.03 0.20 0.20

VIO (Denoising)

Trajectory 6

VO 595 | 11.53 | 34.01 12.98 36.41 | 1392 | 6.59 | 61.97 | 23.45 | 66.36
ESKFVIOwith | ;a5 | 1023 | 30.83 11.78 33.01 | 1278 | 198 | 5878 | 2045 | 62.41
No Correction 9
Hybrid VIO
without 153 | 1.80 | 3.46 2.26 419 | 179 | 194 | 8.71 6.00 | 10.41
Denoising

Hybrid VIO with
VO-AE 033 | 048 | 026 0.57 063 | 060 | 074 | 047 0.83 0.89
Correction

Muli-ML Hybrid | 5 49 | 942 | 0.10 0.22 024 | 028 | 017 | 016 0.42 0.45

VIO (Denoising)

Table 4-6 compares the performance of the proposed framework compared to
the reference algorithms concerning RMSE and 95th percentile for trajectories 5

and 6. Difficulties arise from changing of waypoint during the flight, which leads
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to increased vibrations and feature tracking errors. The comparison highlights the
significant influence of flight dynamics on the performance of evaluated systems,
including VO, ESKF VIO with no correction, hybrid VIO without denoising, hybrid
VIO with VO-AE correction and Multi-ML hybrid VIO (denoising). Errors in 3D
position increase to 22.87 m for trajectory 5 and 36.42 m for trajectory 6 using
feature-based VO, reflecting the impact of dynamic conditions on feature tracking
and feature extraction steps. Notably, hybrid VIO without a denoising mechanism
struggle to mitigate drift error in trajectory 6 due to induced additional noise by
high dynamics, underscoring the importance of denoising mechanism for
maintaining robustness and reducing uncertainty in such conditions. The 95%
percentile error for trajectory 5 is reduced from 32.94m to 0.57m using hybrid VIO
with VIO-AE correction and further reduced to 0.24m by compensating for ESKF
model errors within Multi-ML hybrid VIO in 3D position compared to feature-based
VIO. Similarly, for trajectory 6, the 95™ percentile error decreases from 6636m to
0.89m with VO-AE correction and is further reduced to 0.45m with Multi-ML hybrid
VIO compared to VO. These results provide strong evidence of the robustness
and enhanced generalisation ability of the proposed Multi-ML, which effectively
handles the simultaneous challenges of complex flight dynamics and varying
lighting conditions in complex urban environments, ensuring high accuracy and
reliability. Thus, the proposed approach ensures high confidence in mitigating
fault factors while enhancing integrity, even with corrupted sensor measurements

and complex flight dynamics.

4.4.5 Unseen scenario with unknown fault conditions

The objective of this experiment is to evaluate the generalisation ability of the
proposed multi-ML hybrid VIO framework in managing combined fault conditions
with seen and unseen scenarios, including unseen fault conditions. The testing
datasets include diverse scenarios, including UAV takeoffs and landings from
different streets in the city environments with variation of unknown fault
conditions, i.e. rotation with vibration during landing and altitude variation during
turn. The experiment is conducted under sunny weather conditions, covering a

distance of 738 m within 4 min.
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(b) 3D Trajectory Performance

(a) Position Error

Figure 4-18 Position error and 3D trajectory comparison for trajectory 4 under

unseen scenario with unknow fault conditions

Performance deviations are noticeable during landing phrases due to the
navigation environment variability and presence of unknown fault conditions, as
shown in Figure 4-18. Position error and 3D trajectory comparison for trajectory
4 under unseen scenario with unknown fault conditions. However, the hybrid
architectures successfully adapt to take off from unseen locations, demonstrating
their adaptability, whereas ESKF VIO struggles, with errors reaching up to 6m in
E coordinate at 100s. Notably, deviations in the N & E position are observed
throughout the flight, primarily caused by prominent fault conditions such as
altitude variations and texture-less environment, which lead to feature tracking
errors. ESKF-based VIO experiences increased errors due to the inability of the
traditional Kalman filter to fully compensate for unmodeled dynamics, as
uncertainty and noise degrade its performance. This is reflected in the wider error
distribution shown in Figure 4-19. In contrast, hybrid VIO without denoising
performs better by compensating for VO errors before fusion, allowing correction
of compounded errors in sensor data. However, it introduces larger outliers
despite a narrower distribution. After 200s, performance degradation is observed
in N & E direction across VO, ESKF-VIO and hybrid VIO without denoising
reference systems due to rotation with vibration during landing. These erroneous

behaviours arise from the uncertain sources, such as corrupted sensor
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measurements, feature tracking errors, which lead to mismatched
characterisation of the underlying dynamics of sensor measurements and
predictions. Hybrid VIO with VO-AE correction significantly reduces long tails,
achieving horizontal 95" percentile errors of 1.92m. The integrated multi-ML
hybrid VIO framework demonstrates even greater improvement, with a reduction
of 98% and 94% towards N & E coordinates compared to ESKF-VIO. As shown
in Figure 4-18 the multi-ML hybrid VIO algorithm shows the most significant
reduction in horizontal position, indicating its efficiency to reduce uncertainty in
sensor and model measurements. Additionally, the source of aleatoric or data
uncertainty, e.g. feature tracking error due to rotation with vibration and altitude
variation, leading to performance degradation during the landing phase, is
mitigated. Multi-ML hybrid VIO achieves a 92% reduction, a 90% reduction for
VIO with VO-AE correction in horizontal RMSE, and 99% reduction for D position
for Multi-ML hybrid VIO compared to hybrid VIO without denoising. Thus,
integrating denoising mechanism within multi-ML improves its adaptable ability to
‘out of distribution’ problems, ensuring safe navigation under challenging
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Figure 4-19 Error distribution in horizontal positioning for trajectory 4 under

unseen scenario with unknown fault conditions
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Table 4-7 RMSE and 95th percentile comparison on the performance under unseen

scenario with unknown fault conditions for trajectory 4

Trajectory 4

Algorithms RMSE(m) 95t Percentile(m)

N E D 3D Horizontal N E D Horizontal 3D
\'[¢] 4.04 5.13 18.11 27.56 6.53 9.87 4.20 31.50 11.36 33.20
ESKF VIO with No 3.7 4.83 16.00 24.19 6.15 7.79 6.05 28.26 9.01 29.63
Correction
Hybrid VIO without 1.37 3.43 1.25 3.9 3.70 1.09 11.29 0.88 11.32 11.85
Denoising
Hybrid VIO with VO- 1.18 0.44 0.52 1.37 1.27 1.89 0.78 0.86 1.92 1.97
AE Correction
Muli-ML Hybrid VIO 0.06 0.08 0.03 0.11 0.10 0.13 0.13 0.05 0.18 0.19
(Denoising)

4.4.6 Comparison with literature

In order to show an empirical comparison to the closest related methods in the
literature, the chapter selects EUROC dataset, especially MHO0S5_difficult, for
benchmarking to evaluate the performance of the proposed novel multi-ML hybrid
VIO framework. EUROC dataset was collected with MAV flying in indoor
environments, levering complex scenarios, i.e. darkness, illumination variation,
rapid motion, and blur. The EUROC datasets MH01-MHO04 series are used to

train the model.

Table 4-8 presents the comparative results for MH_05 sequence in EUROC
dataset. It is observed that the proposed framework constantly outperforms
existing methods in terms of pose estimation accuracy. Difficulties arise from
harsh motion dynamics, increased degrees of freedom and image blur. However,
flight dynamics and images within the dataset were consistent following a pattern
throughout the flight. Notably, the comparative analysis only included hybrid VIO
architectures in SOTA. The proposed method has effectively mitigated erroneous
measurements arising from various sources of uncertainty and showed
improvement in 12cm and 16cm for 3D and horizontal positioning, respectively
(95th percentile). In contrast, SOTA architectures suffered from performance
degradation above 1m in 3D position due to insufficiency in adapting to the
dynamics present in the data while using all the series of EUROC datasets for
training their models. Additionally, many SOTA architectures evaluated their
solutions by splitting the datasets and reinitializing the starting points as

described in [26], [30], [49] While this approach helps achieving centimetre level
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accuracy by addressing challenges like presence of rapid motion and motion blur

in the flight that lead to feature tracking errors and feature location errors, it

struggle to maintain confidence boundaries required for uninterrupted flight

integrity. In contrast, this study evaluates the proposed solution on the full dataset

without a split and demonstrates significant improvement, reducing 3D error to

7cm. Thus,

integrating multiple error compensation with VO denoising

mechanism within hybrid VIO architecture effectively mitigates the effects of such

errors and enhance robustness to ensure safety.

Table 4-8 Comparison with SOTA methods that used MHO05_difficult sequence

from EuRoc dataset.

Techniques RMSE (m) 95" Percentile (m)
N E V 3D Horizontal 3D
IR-VIO[135] - - - 0.21 ]
Self-VIO [43] - - - 0.29 -
Hybrid VIO without 0.20 0.22 0.18 0.48
Denoising 0.33 0.54
Hybrid VIO with VO-AE 0.18 0.12 0.10 0.21
Correction 0.27 039
Multi-ML  hybrid VIO 0.04 0.05 0.03 0.07 012 0.16
(denoising) i i
14 —— Hybrid VIO without Denoising
—— Hybrid VIO with VO-AE Correction
1o —— Multi-ML Hybrid VIO {Denoising)
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Figure 4-20 3D position error estimated using MHO5_difficult seq. from EUROC

dataset with multiple sources of aleatoric uncertainty.
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Figure 4-20 presents the 3D position error of the proposed multi-ML hybrid VIO
for processing MHO5_difficult dataset. The hybrid VIO without denoising
algorithm has demonstrated the least improvement among all the hybrid
architectures due to the presence of complex flight dynamics and harsh lighting
conditions, where feature-based VO struggles. Since the corrected VO position
is fused ESKF within hybrid VIO, its performance suffers due to the nonlinear
dynamics of MAV (rapid motion) and environmental factors (blur and darkness).
These additional noise artefacts render the predictions less reliable. By
incorporating denoising mechanism within hybrid VIO, the framework mitigates
the nonlinearities, e.g. non-Gaussian noise, high-frequency vibrations, MAV
dynamics and navigation environment complexity. This enhancement reduces
the horizontal error to 27cm (95th percentile). Furthermore, incorporating VO-AE
correction and KF model correction within Multi-ML hybrid VIO allows the ESKF
model to linearise only the corrected sensor data, significantly improving
performance by compensating additional model uncertainty and reducing large
outliers. The key finding is that the proposed solution reduces position error in
RMSE by up to 96% compared to hybrid SOTA methods i.e. end-to-end VIO.

While the study does not provide a full experimental comparison of computational
requirements and response time across all evaluated methods, it provides a
general discussion on the computational characteristics of the proposed
approaches with SOTA methods. Due to the limited availability of open-source
VIO algorithms, quantitative benchmarks for computational cost and real-time
performance were not included in the evaluation. However, since the primary
focus of this work is on fusion frameworks, it is worth nothing that learning-based
VIO like self-VIO rely on CNN-based architectures, which require 27ms per frame
for fusion[43]. In contrast, the proposed GRU-based approach demonstrates a
significantly lower processing latency, requiring only 3ms for GRU interface and

approximately 1.92ms per frame for fusion.

4.5 Conclusion

This study presents a proposed multi-ML hybrid VIO incorporating denoising

mechanism for a fusion framework using sensor data from IMU and camera to
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significantly reduce position uncertainty and enhance robustness. The framework
incorporates error compensators, including denoising-based VO-AE correction
and ESKF error correction, trained to address both epistemic and aleatoric
uncertainties. Furthermore, the proposed error compensation models utilise
multi-layer GRU architectures to handle high flight dynamics and various sources
of uncertainty. A series of experiments were conducted to validate the proposed
approach under diverse conditions, including adverse weather, challenging light
and high flight dynamics. These scenarios introduce visual sources of
uncertainties such as feature extraction error, feature tracking error, data
association error, mismatch in dynamics, unmodelled noise and imperfect
modelling. The testing and training datasets included realistic failure modes and
fault factors representative of urban environments. Notably, the multi-layers GRU
demonstrated enhancement in performance in complex flight dynamics,
achieving an 89% improvement in 3D position for challenging trajectory
(trajectory 4) compared to simpler flight path (trajectory 1). Experimental results
highlight the proposed framework’s ability to capture and mitigate position
uncertainty while removing additional induced unmodelled noise, even when
sensor data is corrupted or the model is imperfect. For example, experiments
evaluating the effect of weather conditions on the same trajectory revealed the
frameworks’ robustness against uncertainty caused by the limited visuality of
features, reflection, shadow, and flight dynamics. The proposed solution
achieved an improvement of 89% in foggy and 92% in rainy conditions compared
to hybrid VIO without denoising. Despite additional noise from raindrops, glare
and reflections, the proposed approach outperformed in foggy conditions. In less
complex environments with nominal fault conditions, the framework
demonstrated a significant reduction in position uncertainty by 91% compared
with hybrid VIO without denoising. Performance degradation was observed under
varying trajectory shapes e.g. lighting effects (sunrise) of different trajectory
shapes. However, VO-AE correction mechanism effectively minimised
uncertainty and smoothed error distribution, eliminating peaks along the
horizontal axis under variation of lighting effects (sunny, shadow, sunrise). While

denoising mechanisms eliminate outliers and unmodelled noise in harsh lighting
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conditions, its effectiveness may be less pronounced under moderate light
conditions, increasing confidence in its robustness and resilience under
maximum fault scenarios. Comparison with reference systems demonstrates
superior performance in conditions featuring maximum fault factors, even those
absent during training. Lastly, the proposed multi-ML hybrid VIO demonstrates
superior adaptability and performance in urban environments with various fault
factors, effectively reducing aleatoric uncertainty within seen and unseen
scenarios. Itimproves overall performance by 96% in 3D position when compared
to traditional ESKF-based VIO. In summary, the combined performance and
uncertainty gain estimates indicate the proposed framework’s capability to ensure
robust, safe and uninterrupted navigation using the vision-based A-PNT solution
in realistic, complex urban environments, critical for UAM application. Future work
will focus on enhancing the A-PNT framework by integrating additional sensors
to mitigate vertical drift in high-flight dynamic scenarios. Furthermore, the
prediction of uncertainty using Monte Carlo sampling within the model-based
error compensation module will be explored to provide an additional level of

confidence and error bounding to ensure operational safety.
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5 Uncertainty Prediction and Model Correction by
Bayesian GRU in Visual Navigation Applications

5.1 Introduction

Position, Navigation and Timing (PNT) solutions must be accurate and have high
integrity, robustness, continuity and availability to meet safety requirements set
by the International Civil Aviation Organisation (ICAQO) [106]. Integrity is a critical
performance metric for UAVS operating in low-altitude urban environments with
stronger error turbulence. It reflects the trustworthiness of the navigation
solutions and is defined by four key parameters: Alert Limit (AL), Integrity Risk
(IR), Time to Alert (TIA), and Protection Level (PL), with the letter ensuring
position errors remain within defined statistical bounds [31].

A significant challenge in urban navigation is ensuring the reliability of core
sensors like the Global Navigation Satellite System (GNSS) for PNT. In urban
canyons, GNSS signals are frequently affected by factors such as no-line-of-sight
(NLOS) and multipath effects, necessitating the integration of alternative sensors
with GNSS to achieve accurate positioning. Research focuses on integrating
GNSS/IMU/NVO in multisensory navigation systems to improve accuracy and
integrity of PNT solutions [35], [39], [136] This approach involves accessing and
mitigating IMU errors such as bias drift and noise alongside GNSS errors caused
by multipath effects, signal blockages and atmospheric disturbances. However,
the impact of drift error in GNSS/INS fusion performance becomes particularly
significant during prolonged GNSS outages, leading to performance degradation.
This underscores the importance of carefully considering integrity in designing
robust and resilient vision-based A-PNT solutions within GNSS/IMU/VO systems

for safe navigation during GNSS outage.

Current state of art explores various methods such as Receiver Autonomous
Integrity Monitoring (RAIM), residual chi-square test method (RCTM), KF-based
integrity monitoring to improve navigation integrity for GNSS/IMU systems which
works by classifying GNSS or IMU signals are being faulty or not [34], [35], [137],

[138], [139]. However, these methods are only effective in situations where most

138



signals are not erroneous and may not be suitable for slow-growing failures and
harsh environmental effects, as corrupted or noisy signals from VO are integrated
over time. A common approach to improving navigation integrity involves
incorporating fault detection in feature-based VO algorithms. However, these
methods often struggle to bound errors arising from various sources of
measurement uncertainties in urban environments [50], [51], [52]. The reliance
on predefined error models for visual uncertainties, such as feature tracking
errors, feature extraction errors, feature location errors, and data association
errors, has shown significant limitations. These approaches are prone to
performance degradation in harsh environments, including low light, darkness,
and high flight dynamics. While many studies focus on mitigating individual
sources of uncertainty, such as feature extraction error [56], [58][59], feature
matching error [140], feature association error [57], they fail to address error
bounds under multiple or combined fault factors. This oversight can introduce

noise into the system, further compromising the performance of fusion models.

To address these challenges, hybrid architectures have been integrated into VIO
systems to compensate for errors in corrupted VO sensors and Kalman filter (KF)
model measurements using machine learning (ML), thereby enhancing
performance while accounting for various sources of uncertainties under complex
urban environments [123], [131]. However, quantifying errors remains an open
issue, particularly when employing ML methods within hybrid VIO frameworks to
enhance integrity. In addition, many potential solutions involving ML-based VO
are being investigated to provide the confidence measure for epistemic
(associated with the model) and aleatoric (associated with input data) uncertainty.
For example, Costante et. al [60] proposed a Bayesian LSTM utilising Monte
Carlo Dropout (MCD) to provide pose prediction with confidence measures that
incorporate both model (epistemic) and observation noise variance (aleatoric).
Nevertheless, this approach lacks validation under visually degraded scenarios
(e.g. texture-less environments, rapid motion, low-light), resulting in low
confidence and degraded performance when insufficient iterations and evaluation
are performed. Other methods within VO utilised Bayesian Variational
Autoencoder [61], [62] and RCNN with mixture density network [63], extracted
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predictive position with confidence measures, but failed to provide statistical
guarantees under complex scenes. In addition, state-of-the-art systems continue
to focus on advanced training methods to improve robustness with a high
confidence measure. However, they often lack statistical rigour, particularly when
dealing with non-Gaussian error distributions, where 3¢ uncertainty interval (Ul)
cannot ensure error bound. Attention should be given to predicting uncertainty for
non-Gaussian error distributions within hybrid VIO to provide confidence
measures for safe and reliable navigation during GNSS outage in complex urban
environments. Therefore, this study extends the previous work on vision-based
A-PNT [131] solution with a proposition of estimating the uncertainty of model-
based error using Bayesian GRU with MCD, aiming to provide a confidence
measure for safe navigation. Thereby, the hybrid architecture combines GRU-
AE-assisted VO correction and Bayesian GRU-aided ESKF measurement
correction with ESKF that estimates robust and accurate position with error
uncertainty prediction to enhance navigation integrity. To the best of the author's
knowledge, this is the first attempt to estimate uncertainty using Bayesian GRU
from model compensators that also address data uncertainty for VIO
applications. In this research, Bayesian GRU is utilised due to its efficiency in
processing time-varying sequences with less computational complexity, making
it well-suited for faster and accurate uncertainty quantification in real-time
navigation systems. It offers advantages over other Bayesian LSTM and
Bayesian Bi-LSTM models, which involve more complex architectures. The
proposed Bayesian-based model compensator exhibits Bayesian characteristics
primarily through MCD, providing a balance between computational efficiency
and uncertainty quantification. In addition, the study integrates an enhanced fault-
tolerant hybrid GNSS/IMU/VO multi-sensor navigation system, enabling
prediction of confidence measures for A-PNT solutions to ensure high integrity
during navigation in complex urban areas. Furthermore, the formulation is
extended by adversarial training methodology for ML models to improve
robustness of the proposed approach using MATLAB incorporated with unreal
engine simulated photorealistic datasets replicating fault factors that produce

possible uncertainty sources (e.g. feature tracking errors, data association errors,
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sensor noise, feature location errors) in urban environments for various adverse

flight scenarios. The contributions of this work are highlighted as follows:

[1] A novel Bayesian GRU is proposed within Multi-ML hybrid VIO to predict
model errors with uncertainty measures of complex visual failure modes,
which is utilised to correct overall position. The algorithm aims to estimate
a robust position with uncertainty estimation, balancing robustness and
integrity under complex urban environments.

[2] Systematic evaluation of the proposed approach under complex visual
failure modes that produce possible uncertainty sources such as feature
tracking errors, feature location errors, data association errors and sensor
noise.

[3] Performance evaluation of integrated fault-tolerant hybrid GNSS/IMU/VO
multi-sensor navigation system leveraging proposed APNT solution,
aiming to estimate its ability to perform effectively and provide the

confidence measure under GNSS outage scenarios.

The remaining part of the chapter is organised as follows. Section 5.2 introduced
the proposed uncertainty-aware hybrid VIO A-PNT solution, incorporating it within
hybrid GNSS/IMU/VO navigation system; Section 5.3 uncertainty inspection in
visual navigation; Section 5.4 discusses the experimental setup and data
collection; Section Error! Reference source not found. discusses the
performance evaluation, and result analysis comparison with state-of-the-art

systems, and the conclusion is presented in Section 5.6.

5.2 Proposed Uncertainty Prediction and Error Correction
Mechanism

This section presents a high-level overview of the multi-sensor hybrid
GNSS/IMU/NVO navigation system incorporating the proposed hybrid VIO with
uncertainty prediction, aiming to predict model error uncertainty and correct
overall position to ensure robust and safe navigation under complex urban

environments.

141



Local frame to sensor body frame using
Rotation matrix

; .
| (wpwy, @) | L Sub-filter 1 H
H !

eteren m H

:
: | AP, :
- - =2fvo ——— e — ) '
Ba o L Py S
Local frame to sensorbody frameusing | | t | VO-AE Correction . Z"O AP, 10 H Pyio
e P ESEKF  gaee f -

DO | ;I;

|
Camera Rotation matrd
| ! '
Monocular P, H
Camer: vo| ESKF Correction  with .
| o MFeature-based Vis H P, | Uncertainty Prediction
Odometry I H vIo_ |
'
|

H .
H
H
Sub-system 1 | e eeeeeecesssessesseessesmessmessessessesssesemesssesssesssensensannnnen.t

[ 3 [T i
: : . «
e o rame »
: Penss/mmu
| c Filte
. ub-system2 .

Figure 5-1 Robust fault-tolerant multi-sensor fusion framework with vision-based

A-PNT uncertainty prediction to enhance integrity in the absence of GNSS

Two sub-filters exist in the hybrid GNSS/IMU/VO architecture: an uncertainty-
aware hybrid VIO sub-filter and an ESKF-based traditional GNSS/IMU integration
sub-filter. The output of the two sub-filters is merged together with a global ESKF
to generate the ultimate position estimations. The former sub-filter of the
uncertainty-aware hybrid VIO attempts to provide a reliable and robust VIO
position with error uncertainty estimation, while the latter sub-filter of EKF-based
GNSS/IMU integration aims to estimate position from GNSS/IMU. The motivation
for introducing the integrated hybrid GNSS/IMU/VO fusion in this study is to
evaluate the accuracy and reliability of the proposed A-PNT solution that
addresses possible fault conditions by managing uncertainty effectively to ensure

high integrity in the complex urban environment.

5.2.1 Bayesian GRU

Bayesian-GRU refers to the implementation of the GRU neural network with
Bayesian inference to allow for the quantification of output uncertainty. In
contrast, GRU is designed to handle sequential data and can maintain a memory
of past states, making it well-suited for learning the temporal dependencies in
vehicle movements. It is a variant of LSTM that merges the input gates and
forgetting gates along with merging the memory state and hidden state. GRU has
much fewer parameters than LSTM, and the training speed is faster. The hidden

layers unit in the network introduces a gain unit, and adding additional layers
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provides efficiency to learn complex vehicle dynamics in the data. The chapter
introduces a 4-layer GRU architecture with varying configurations, one of which
integrates the Bayesian framework to predict uncertainty of the predictive ESKF
model error estimation. Bayesian principles into GRU replaces point estimates of
model’s weight with probability distributions, enabling a more comprehensive
representation of uncertainty with predictions. This approach enhances the model
robustness and improves generalisation capabilities. Abdar et al. [141] reviewed
and compared various uncertainty quantification methods, highlighting the
advantages of MCD over other sampling methods in the Bayesian Interface. Their
analysis emphasised MCD’s balance of accuracy and computational efficiency.
In contrast, methods like MCMC can be computationally intense, while VI may

often require careful specification of the approximating family [136].

Machine learning model predictions are generally affected by heteroscedastic
aleatoric uncertainty (HAU) and EU. This study considers an adverse training
methodology to handle HAU uncertainty by employing VO-AE error compensator
to correct input VO data within hybrid VIO. Detailed explanations are provided in
section 5.2.2. and 5.3. For the EU, the predicted ESKF model compensator
output uncertainty is quantified using the MCD sampling method, which predicts
the mean and 95th percentile confidence interval of the network prediction to
ensure a reliable confidence measure for the hybrid model. Given that the error
distribution of the hybrid VIO is non-Gaussian, relying solely on the mean and

variance of the predicted output to define uncertainty boundaries is not realistic.

5.2.2 Uncertainty Prediction in Hybrid VIO

The uncertainty-aware Hybrid VIO incorporates multiple error compensation
mechanisms, such as GRU-AE correction to compensate VO sensor and
Bayesian GRU-based model correction to compensate ESKF model with
integration of ESKF. Here, GRU-AE is adopted from section 4.2.1, remaining
unchanged for the adaptability of input and output parameters for VO sensor
correction. The AP,, model predicts position error between VO measurements
and ground truth with the input parameters IMU linear acceleration in body frame

within NED coordinate, ay, ag, ap and IMU angular velocity in the body frame
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within NED coordinate, wy,wg, wp. Having the advantage of the utilizing
canonical relationship between inertial frame and UAV dynamics, the model can
effectively learn implicitly to track the vehicle’s movement by observing the
sequences of IMU linear acceleration and angular velocity. Additionally, VO
estimated position and orientation are also other input parameters for the GRU-
based VO error compensator. By analysing dependencies between the estimated

position and the actual position, the GRU can learn typical error patterns.

The Bayesian GRU model is applied to compensate and predict the uncertainty
of the ESKF measurement model errors associated with the imperfection of the
model due to manual tuning and nonlinearity presence within the data. The model
measurement errors are compensated by predicting KF measurement
increments. The APy, the model predicts position error between the ESKF-
measured position and ground truth with the input parameters ESKF estimated
position and innovation i.e. the difference between the predicted observations
and observed value in the NED frame. The Bayesian GRU model error
compensator can effectively learn from the information about the state-evaluation
process and the uncertainty of the state estimate. Additionally, incorporating
MCD dropout facilities prediction of model uncertainty in predicted increments
utilises 500 samples to provide reliability of estimated mean and 95" percentile
Ul, capturing the model’s predictive uncertainty to ensure accurate confidence
intervals. Notably, increments of ESKF with VO-AE correction are selected as
ground truth in these cases for evaluation of the prediction of the Bayesian GRU

model.

5.2.3 Hybrid Multi-Sensor Navigation System

The fault-tolerant hybrid multi-sensor navigation system utilises uncertainty-
aware hybrid VIO as one of the sub-filters, while ESKF-based GNSS/IMU
integrates into another sub-filter. The GNSS/IMU fusion sub-filter is adopted from
the literature [142]. The multi-sensor system employs a federated architecture
designed to maintain confidence in its operation even if one of the sub-filters
becomes corrupted. In this chapter, | evaluate the trust measures of the vision-

based APNT component within this architecture, particularly in scenarios where
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GNSS fails or diverges. The system is expected to ensure that errors remain
bounded within predicted confidence measures, thereby maintaining integrity.
The state vector x of the global ESKF of the multi-sensor system selects the

following states:
x = |Pu By B ViV Vs, A Ay, Ay Bty Ay, Ay, Aoy, By, Aoy, | 51

where, P,, P, and P, denote the position, V,,V,, and V, denote velocity, 4,,A, and
A, denote attitude, Aa,, Aa, and Aa, denote accelerometer bias and , Aw,, Aw,,
and , Aw, denote gyroscope bias in the x-axis, y-axis and z-axis. In this context,
IMU biases are extracted from global ESKF, where IMU serves as the reference
system to provide accurate update to the ESKF prediction. The fusion resolution
of the federated filter is followed by equation 2-18. The pseudo-code of the
integrated fault-tolerant hybrid multi-sensor navigation is presented in A 5-1.

A 5-1: Algorithm of Hybrid GNSS/IMU/VO Multi-Sensor Navigation System

Input: Pyo, Pyio, Pyio s Qxyzr Wxyz Ponss!/Pyo denotes the VO estimated position; Py,q
denotes the ESKF-VIO with VO-AE Correction estimated position; Py, denotes

uncertainty-aware hybrid VIO estimated position; a,,,denotes the linear acceleration;

wyydenotes the angular velocity; and Pgyss denotes the GNSS estimated position

Output:

position; Ul denotes uncertainty intervals; Pgyss/imy denotes the sub-filter 2 estimated

position; and Pgyss/imuvo denotes the global filter estimated position

Initialize:

Py10.,Ul, Pgnss/imus Ponssyimuvo  IIPyio denotes the sub-filter 1 estimated

1. Initial the values for hybrid uncertainty-aware VIO and GNSS/IMU sub-filters: x;, =

Xo ;/Ixy, denotes ground truth from UAV.

2. Initial values for global filter ESKF: xy 410001 = X0://xo denotes the ground truth

from UAV.
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forn=1,23,....do /I n denotes number of iterations
Prediction Phase:

3. The sub-filter time update model has been derived in equation 2-2, which is similar

for both sub-filters and global as using the ESKF variant.
4. Covariance vector is defined as, Zyjx—1 = Fir—1Zk-1Fiji—1" + Licjk—1Qk—1Lrje—1" -
Measurement Phase for sub-filters:

5. Generate the Pyg,cry Using equation 4-4 incorporating VO-AE correction

predicted increments and updated the following measurement steps of the ESKF
VIO sub-filter.

6. Estimate the states using the updated equation (2-4)-(2-9)

7. Calculate the Kalman gain, Corrected VIO states incorporating VO-AE correction

only, and the covariance matrix using equations (2-10)-(2-12)

8. Corrected XKVIO = xk|k_1w0 + KkVIO (ZkVIO - HkVIOxk|k_1V[0)'

9. Generate the Py /cry Using incorporating Bayesian GRU predicted increments of

ESKF model with model uncertainty Ul and updated the uncertainty-aware hybrid

VIO position in sub-filter.

10.Start from step 2-4 to estimate the Kalman gain using Equation 4-7 for the
GNSS/IMU integration.

11.Update the observation equation 4-7.

12.Estimate the updated states and covariance matrix of the GNSS/IMU filter using
equations 4-7.

13.The proposed uncertainty-aware hybrid VIO integrated sub-filter and GNSS/INS
integration using ESKF are running in parallel to estimate the position for each

filter.

Measurement update for Global filter:
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14.Calculate the Kalman gain:

K,

-1
gloval = Zgioballlk g1opar (Hkglobalzk|k—1 Hegiopar T Hglobal)

global
15.Update the states using the traditional ESKF equation 4-7.

16.0btain Py giopar @aNd Xijgi0pa USING €quation 2-17 and 2-18.

End for

5.3 Uncertainty Inspection in Visual Navigation

In this section, the basics of feature-based visual navigation error sources are
briefly introduced. Figure 5-2 illustrates fault propagation in feature-based visual
navigation, resulting in various sources of uncertainty. Images contain huge
information provided by intensity values of all pixels and their spatial relationship,
where feature points are detected in order to extract the most important geometric
information for positioning. The corresponding error is photometric error and
geometric error in such an intensity domain raising due to the unavailability of
sufficient features. This leads to a feature extraction error in 2D coordinates. On
top of such 2D error, feature location error occurs while matching 2D coordinates
in the 3F points to estimate camera pose. It should be noted that faults caused
by such error sources may occur independently in different domains besides fault
propagation. For instance, during the feature extraction step, a combination of
other error sources may be predominant, resulting in combinations of erroneous
output. Thus, the error sources in all different phases in visual navigation must
be taken into consideration in order to ensure integrity. Besides, Ochella et. al
[143] categorised uncertainty models into four, including present uncertainty,
future uncertainty, modelling uncertainty and prediction method uncertainty. It is
suggested to take the prediction of model uncertainty while designing Bayesian
networks, as it accounts for the combination of present, future and modelling

uncertainty.
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Figure 5-2 Fault propagation in feature-based visual navigation representing

sources of uncertainty

Evaluating the adaptability and robustness of ML algorithms across diverse
scenarios without sacrificing accuracy remains challenging, compounded by the
need for large training datasets. Based on an extensive review using FMEA in
visual navigation systems on section 2.2.3, the research has categorised possible
factors in urban environments, including weather effects, flight dynamics,
ilumination variations, environmental structure and user interface. The fault
factors arising from various sources of data (aleatoric) uncertainty contribute to
position uncertainty. Additionally, the autoencoder in the VO error compensator
has capabilities to minimise artefact noise arising from raindrops, featureless
scenarios, glare and reflection that often leads to long outliers. The objective is
to minimise aleatoric uncertainty in the proposed APNT solution by structuring
training datasets for ML-based compensators, enabling them to be fault-tolerant
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across diverse error sources to ensure integrity. Here, the GRU-AE error VO error
compensator has been implemented to reduce aleatoric uncertainty.
Subsequently, the Bayesian GRU is employed to predict residual uncertainty
affecting the model performance and predict the increments of the ESKF model.
These predicted errors are then compensated, resulting in an overall reduction in
positional uncertainty with estimation of Ul with a 95" confidence interval. Thus,
the proposed uncertainty-aware Multi-ML hybrid VIO aim to enhance the overall
vision-based navigation system in UAM applications.

5.4 Experimental Setup & Data Collection

This section outlines the experimental setup to evaluate the performance of the
proposed multi-ML hybrid VIO. The experimental setup is described first, which
is used to generate training and testing datasets to conduct numerical analysis
and performance evaluation in the presence of multiple sources of uncertainty
under complex environments for visual navigation. The experimental setup used
in this research has been implemented in MATLAB, incorporating the Unreal
Engine to simulate data collection for UAVS. The simulated datasets involve
diverse challenging conditions, including illumination variation, rapid motion,
altitude variation, no-texture, and weather effects for shorter and extended flights.
The experimental architecture is adopted from one of the previous works, which
was used to implement a fault-tolerant federated multi-sensor GNSS/VO/IMU
navigation system [123]. The choice of monocular camera is beneficial for the
UAM application due to its advantage of being less expensive, simpler to
implement and lightweight to fit into a UAV with a specification of 1109 (pixels)
focal length, 640x360 (pixels) optical centre and 720x1280 (pixels) image size,
operating in 10 Hz sample rate. The simulated IMU data has the specification of
the ICM 20649 model operating 100 Hz sample rate used in the previous work.
The simulated GPS block is configured with specifications representative of low-
cost receiver accuracy parameters, including horizontal positioning accuracy of
2.104m and vertical positioning accuracy of 3.461m [144]. During the post-
processing step, linear interpolation has been carried out to synchronise

timestamps between both sensors. In contrast, for urban operation scenarios
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surrounded by buildings, the visual data of tall buildings are simulated using ‘US
city’ scene available in the ‘simulation 3D scene configuration’ block within the
Navigation Toolbox and UAV Toolbox in MATLAB. The simulated weather effects
and fault conditions are configured from the previous setup, explained in section
3.3.1. This chapter investigated only the navigation environment of sunny, foggy
and sunrise environments. However, training datasets are collected by replicating
weather effects and lighting conditions. The setting is adopted based on the
MathWorks user interface described on the website. The flight trajectories are
designed and controlled through QgroundControl software connected through

MAVLink connectivity.

5.4.1 Training Methodology:

The training dataset includes 12 trajectories combining fault conditions like flight
dynamics, environmental structures and illumination variations that can trigger
multiple sources of data and model uncertainty within the navigation system
involving imperfect modelling, sensor noise, data association errors, feature
tracking errors and feature location errors. Within these trajectories, a set of
various weather conditions is presented, including fog, rain, sunny, cloudy and
various lighting conditions like dusk, sunrise, afternoon, and evening. Thus, 12
different shapes of trajectories are formulated in various weather effects and
lighting conditions, forming 96 datasets for training each ML model. This diversity
allows the model to learn and adapt to different fault conditions, improving overall
performance and generalisation ability in the presence of multiple fault conditions.
In the proposed uncertainty-aware Multi-ML hybrid VIO is configured with the
combination of multiple ML models that are utilised for different purposes within
the system. The denoising autoencoder is trained on 12 trajectories under sunny
weather conditions, with an assumption of having minimal fault effects compared
to others. This training setup is designed to enhance the denoising mechanism’s
ability to handle erroneous signals with long outliers. Furthermore, the GRU-
based VO error predictor model is trained on 96 datasets using a random search
hyperparameter optimisation technique, allowing it to learn the complex flight

dynamics by splitting the datasets. The GRU layers, neurons, learning rate,
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activation function and dropout remain the same as evaluated and described in
chapter 4. In this study, the proposed Bayesian optimisation is optimised and
trained on similar 96 trajectories covering weather effects and lighting conditions
using the Bayesian optimisation tuner from the TensorFlow Keras python library.
This method systemically explores the activation function space during training
to identify the most optimal configuration for capturing nonlinear dynamics and
high motion variability present in the training datasets. This hyperparameter tuner
is selected based on a review of other hyperparameter tuning methods and an
accuracy comparison conducted on similar datasets. To avoid overfitting and
review performance, 12 trajectories with sunny weather are utilised for the
training to find the best match of hyperparameters. The activation function,
number of neuron units and dropout rate are initially fluctuating with changes of
trajectory. However, after training on 7 trajectories, the optimal configuration is
identified, requiring no further adjustments. Table 5-1 denotes an example of

changes of configuration values using the Bayesian optimisation method.

Table 5-1 Comparison between Bayesian hyperparameter optimisation based on

training trajectories

#Trajectory | Activation Recurrent Neurons Dropout Accuracy

function Activation (%)
function

1 Layer-1: tanh Layer-1: tanh Layer-1:300 Layer-1:0.0 84.8
Layer-2: relu Layer-2: sigmoid Layer-2: 150 Layer-2:0.3
Layer-3: relu Layer-3: relu Layer-3: 80 Layer-3: 0.2
Layer-4: tanh Layer-4: tanh Layer-4:50 Layer-4:0.1

2 Layer-1: relu Layer-1: sigmoid Layer-1:250 Layer-1:0.2 874
Layer-2: tanh Layer-2: tanh Layer-2:138 Layer-2:0.1
Layer-3: tanh Layer-3: relu Layer-3: 72 Layer-3:0.0
Layer-4: relu Layer-4:r elu Layer-4: 40 Layer-4:0.3

3 Layer-1: sigmoid Layer-1: sigmoid Layer-1: 300 Layer-1:0.3 89.1
Layer-2: tanh Layer-2: tanh Layer-2:300 Layer-2:0.0
Layer-3: tanh Layer-3: sigmoid Layer-3: 150 Layer-3:0.1
Layer-4: sigmoid Layer-4: relu Layer-4: 100 Layer-4:0.1

4 Layer-1: relu Layer-1: relu Layer-1: 200 Layer-1:0.4 89.3
Layer-2: tanh Layer-2: sigmoid Layer-2:178 Layer-2:0.3
Layer-3: relu Layer-3: tanh Layer-3:120 Layer-3:0.2
Layer-4: tanh Layer-4: relu Layer-4:48 Layer-4:0.2

5 Layer-1: tanh Layer-1: relu Layer-1:350 Layer-1:0.2 93.7
Layer-2: relu Layer-2: sigmoid Layer-2:350 Layer-2:0.2
Layer-3: tanh Layer-3: tanh Layer-3:100 Layer-3:0.4
Layer-4: relu Layer-4: relu Layer-4:40 Layer-4:0.0

6 Layer-1: relu Layer-1: relu Layer-1:50 Layer-1:0.0 97.6
Layer-2: sigmoid Layer-2: sigmoid Layer-2:128 Layer-2:0.2
Layer-3: tanh Layer-3: tanh Layer-3:128 Layer-3:0.3
Layer-4: relu Layer-4: relu Layer-4:50 Layer-4:0.2

7 Layer-1: relu Layer-1: relu Layer-1:50 Layer-1:0.1 95.1
Layer-2: relu Layer-2: sigmoid Layer-2:128 Layer-2:0.3
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Layer-3: tanh Layer-3: tanh Layer-3:128 Layer-3:0.2
Layer-4: tanh Layer-4: relu Layer-4:50 Layer-4:0.2

Finally, the fully connected 4 sequential layers are utilized in proposed Bayesian
GRU to provide output predicted increments with uncertainty estimation using
500 Monte Carlo samples. The batch size used is 128, the Monte Carlo dropout
rates are set at 0.1, 0.3,0.2 and 0.2, the activation function are including ‘relu’,
relu’, ‘tanh’ and ‘tanh’ and recurrent activation function are ‘relu’, ‘sigmoid’, ‘tanh’
and ‘relu’. The ADAMAX optimiser is employed during the training to optimize the
ML model weights and minimise the discrepancies between the predicted and
actual errors. Furthermore, the loss function is calculated using mean squared
error (MSE).

5.4.2 Testing Phase

The testing dataset is designed with a combination of seen and unseen fault
scenarios, which are different from the training datasets. During the testing
phase, ML models operate in the prediction phase, remaining active throughout
the experiment. During this phase, the trained GRU-AE VO error compensator
predicts VO position error based on the given navigation frame linear
acceleration, angular velocity, VO position and VO current orientation. For
evaluation purposes, the updated position error prediction is deducted from the
actual VO position estimated from the feature-based VO algorithm. Lastly. The
trained Bayesian GRU KF measurement error compensator predicts KF
estimated position error with uncertainty based on KF predicted position and
observation differences from the measurement model in the current navigation

frame.

5.4.3 Uncertainty Evaluation Metrics

A good uncertainty estimation model should provide uncertainty intervals (Ul) that
are as small as possible, at the same time including the ground truth value. In
this study, the Bayesian GRU is predicting model error uncertainty, provided that
the ground truth value is the error associated with a part of the uncertainty-aware
Multi-ML hybrid VIO with only GRU-AE correction applied. Thereby, ground truth
is estimated by subtracting the ESKF estimated position with GRU-AE correction
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from the actual test trajectory to evaluate the behaviour of capturing EU
uncertainty within the model. The updated position is estimated by deducting the
predicted position error from the KF estimated position to improve overall
uncertainty-aware Multi-ML hybrid VIO positioning performance. The mean and
95" percentile confidence boundary is selected to evaluate the model capturing
of uncertainty in the error distribution of target data. The comparison is made by
computing the percentage of ground truth value fault out of the 95™ percentile Ul
(out of range value percentage- OR%) and 99% percentile Ul OR%.

5.5 Performance Evaluation

To evaluate the performance and adaptability of the proposed novel hybrid VIO
framework, six experiments are carried out using eight different testing datasets
(eight different trajectory shapes), with a variation of fault conditions, weather and
lighting effects. Table 4-1 represents the description of testing scenarios,

trajectory types and fault conditions.

Table 5-2 Test trajectory description

# Trajectory | Testing Lighting Fault type
Scenario condition
1 Nominal Single | Sunny

faults

Shadows of objects

White Rooftop

Turn

Turn with features-wall.

Turn with sky view.

Shadows of objects

Take off with different altitudes
Sharp turns with sky-view
Vibration while turning

Altitude variation in the flight
Turns with featureless walls.
Turns with sky-view.

Shadows of objects

Vibration with sharp turn
Altitude variation

Take-off with different altitudes.
Altitude variation among
waypoints

Turn with sky-view

Vibration with waypoint
changes

Take-off from unknown location
Sharp and curved turns

Turn with sky-view

Vibration with waypoint
changes

Weather effects | Fog

3 Lighting Effects | partly sunny

4 Unseen Sunny
Scenario  with
unknown faults

SOOPRONSLON RN RO =

5 Lighting Effects | Sunrise

w N

6 Lighting Effects | Sunrise

WN =2
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Shadows of objects
Curved turn
Multiple turns

4. Feature-less wall
5. Take-off from unknown location
7 Flight Suny 1. Turns with featureless walls.
Complexity with 2. Turns with sky-view.
an unseen 3. Shadows of objects
location 4. Repeated turn
5. Multiple turns
8 Flight Sunny 1. Turns with featureless walls.
Complexity 2. Turns with sky-view.
3.
4,
5.

Figure 5-3 represents testing trajectory to evaluate proposed approach with
denoising mechanism performance in terms of robustness under different
weather conditions and adaptability over unknown scenarios and fault factors.
four types of testing scenarios (e.g. weather effects, unknown scenarios with
unknown faults, complexity of flight dynamics, lighting effects) have been
selected to evaluate performance enhancement with position uncertainty

minimisation using uncertainty-aware Multi-ML hybrid VIO-

(a) (b) (g)

East (m

(c) (d)

(h)

Figure 5-3 3D view of testing trajectories for experiments (a) Trajectory 1, (b)
Trajectory 2, (c) Trajectory 3, (d) Trajectory 4, (e) Trajectory 5, (f) Trajectory 6, (g)
Trajectory 7, (h) Trajectory 8
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5.5.1 Uncertainty Estimation in Vision-based Alternative Navigation
5.5.1.1 Fusion Experiment over Complex Survey Trajectory

In this section, the experiment aims to test whether the proposed Bayesian GRU
within uncertainty-aware-VO can effectively improve trajectory accuracy in the
presence of complex flight dynamics. This also evaluates the model’s adaptability
to unknown scenarios. For this purpose, two trajectories are chosen based on
high dynamics and navigation environments complexity, incorporating trajectory
one starting from the new location, which is not included in the training data. Both
of the tests are conducted in sunny weather conditions. Trajectory 7 is composed
of environmental and flight fault factors such as featureless buildings, turns with
sky-view, shadows of buildings, and take-off from different streets in the city
environment. During the experiment distance of 1632 is covered over a duration

of 9.1 minutes. This experiment is conducted different time zone on a sunny day.

Figure 5-4 illustrates the comparison of position errors of each coordinate using
the proposed uncertainty-aware Multi-ML hybrid VIO and Multi-ML hybrid VIO
(denoising), which is proposed in chapter 4, evaluating performance
enhancement with the proposed Bayesian GRU between trajectory 7 and
trajectory 8. Performance enhancements are noticeable all over the flight in both
trajectories compared to the Multi-ML-hybrid VIO (denoising) method. However,
both hybrid architectures successfully adapt to take off from unseen locations in
trajectory 7, demonstrating their adaptability, whereas ESKF VIO struggles, with
errors reaching up to 35.91m drift in 3D position. In contrast, comparative analysis
observed deviation in performance in N coordinate using Multi-ML-hybrid VIO
(denoising), which is mitigated by the proposed Bayesian GRU, providing insight
into its ability to mitigate complex flight dynamics, including curve turns, altitude
variation, and loops within flight covering low-texture environment. Table 5-3
summarises the comparison of RMSE and 95™ percentile values for trajectories
7 and 8. Deviations in the D position for trajectory 7 are observed throughout the
flight in Multi-ML hybrid VIO (denoising), primarily caused by prominent fault
conditions such as multiple turns with sky-view in the new location, which lead to

feature extraction errors. Thereby, the model uncertainty affecting overall
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performance should be taken into consideration to improve robustness. This
provides insight into the initial concept of the chapter, stating that the VIO model
should be designed to predict and compensate model uncertainty while
compensating data uncertainty simultaneously. However, the proposed solution
has demonstrated enhancement in performance with 99.1%, 99.6% 99.7% in N,
E, D coordinates compared with VO for trajectory 7. In contrast, comparison
between both hybrid approaches has demonstrated enhancement of 64% for
trajectory 7 and 68% for trajectory 8 in 3D coordinates. This demonstrates its

robustness capabilities under more complex flight dynamics.

The integrated Bayesian GRU with multi-ML hybrid VIO framework demonstrates
greater improvement in mitigating drift error in D coordinate, with a reduction of
68% and 65% for trajectory 7 and 8 compared to Multi-ML hybrid VIO (denoising).
However, trajectory 7 outperforms due to the presence of less complexity
compared to trajectory 8, highlighting the model’s generalisation ability as flight

includes unseen scenarios.

Trajectory 7 Traiectorv 8

North (m) Error - North (m) Error
e Multi-ML. Hyrid VIO (with Denoising)
Uncertianty-aware Multi-ML Hybrid VIO - “’*\v
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|
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Figure 5-4 Position error comparison for trajectory 7 and trajectory 8 under unseen

scenario and seen scenarios with complex dynamics
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Table 5-3 RMSE and 95th percentile comparison on trajectory 7 and 8 under sunny

conditions
Trajectory 7
Algorithms RMSE(m) 95t Percentile(m)
N E D 3D Horizontal | N E D Horizontal | 3D
VO 13.2 | 258 |24.8 |39.5 |29.04 109 |6.0 |46. | 53.41 66.0
8 2 9 8 4 7 62 2
ESKF VIO with | 11.6 | 23.7 | 24.3 | 359 | 26.44 143 | 86 | 43. | 49.63 61.6
No Correction | 9 1 0 1 6 9 65 8
Muli-ML 0.31 | 032 | 032 |055 |045 053 |05 |01 |0.73 0.85
Hybrid VIO 5 8
(Denoising)
Uncertainty- 0.12 | 0.10 | 0.07 | 0.17 | 0.16 0.08 | 0.0 | 0.0 | 0.15 0.16
aware Multi- 7 4
ML Hybrid
VIO
Trajectory 8
Algorithms RMSE(m) 95t Percentile(m)
N E D 3D Horizontal | N E D Horizontal | 3D
VO 9.80 |7.60 |21.0 |244 | 13.83 22.3 | 13. | 34. | 23.15 37.6
8 6 6 48 |90 4
ESKF VIO with | 4.39 | 528 | 184 |20.6 | 11.52 20.7 | 10. | 29. | 18.53 32.1
No Correction 2 4 52 | 4 5
Muli-ML 025 |0.27 | 024 |0.38 |0.38 026 |04 |04 |0.59 0.65
Hybrid VIO 3 2
(Denoising)
Uncertainty- 0.07 | 0.09 | 0.04 | 012 | 0.12 011 |01 | 0.0 |0.21 0.21
aware Multi- 0 2
ML Hybrid
VIO

The performance trend that emerges from the results confirms that uncertainty-
aware Multi-ML hybrid VIO allows for compensation for the epistemic uncertainty
arising from complex flight dynamics (e.g. rotation, curved turns, altitude

variation).

5.5.1.2 Uncertainty Estimation on various fault factors

In this section, a set of experiments is designed to prove the quality of uncertainty
prediction intervals provided by the uncertainty-aware Multi-ML hybrid VIO. A
quantitative insight about the estimated uncertainties is summarised in Table 5-4
for eight flight test trajectories involving different scenarios and fault conditions.
Estimation of OR% is determined based on comparing GT error with the 95th
percentile and 99" percentile Ul. It is highlighted that Ul for trajectory 1
demonstrates the least performance compared to all the trajectories, where mean

values remain smaller, indicating under-confidence in the uncertainty estimated.
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In contrast, trajectory 4 outperforms among all proving lowest 95" percentile Ul
and 99" percentile Ul intervals. However, comparison between 95" percentile Ul
and 99th percentile indicates that the proposed solution captures uncertainty in
model well providing approximately reduction in 8%, 7%, 4% across N, E, D

coordinate for OR% compared to 99th percentile Ul.

Table 5-4 Uncertainty estimation for the testing trajectories

# Mean (m) UI-95t% percentile (OR%) UI-99" percentile (OR%)
Trajectory N E D N E D N E D

1 016 |0.11 |0.12 |36.84 |3380 |6.75 27.71 2427 | 4.03
2 0.20 |0.25 |0.27 |442 25.18 19.33 | 3.20 18.52 13.14
3 031 | 038 |0.19 |2243 |2119 |6.36 14.67 11.67 | 3.86
4 0.72 | 054 | 042 |11.47 13.82 | 213 6.17 8.82 1.22
5 017 | 041 |0.18 |24.35 11.54 | 4.30 16.39 | 6.97 2.49
6 026 | 039 |0.19 |17.94 16.43 | 37.61 9.39 8.23 20.94
7 021 |0.28 |0.18 |27.60 |26.94 10.52 1749 | 29.19 | 3.72
8 0.20 |0.20 |0.19 | 18.69 18.17 | 4.94 12.33 1195 | 3.25

Figure 5-5 illustrates the uncertainty boundaries of trajectory 1, trajectory 2,
trajectory 3 and trajectory 5. This result states a qualitative overview of the
proposed Bayesian GRU within Multi-ML VIO effectively provides error
boundaries based on the 95" percentile Ul and 99" percentile Ul. The uncertainty
estimation model provides Ul, ensuring ground truth errors mostly remain within
the boundaries, providing safety assurance. Four trajectories are selected to
evaluate the model under less fault conditions while characterised by lighting
variations: sunny (trajectory 1), shadow (trajectory 3), sunrise (trajectory 5), fog
(trajectory 2). Comparative analysis highlights the model's efficiency in providing
uncertainty measures with high confidence, even in challenging conditions like
limited visibility, reflection, lighting variation, and darkness. However, after 100s

in trajectory 1, where the UAV flies over a rooftop with no detectable features, the
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model Uls indicate a reduction in confidence with OR% 36.84%, 33.80%, 6.75%
across N, E, D codenames. This reduction reflects the model adaptability by

providing approximately 75% assurance of error boundaries.

Figure 5-6 illustrates qualitative uncertainty boundaries in the presence of
complex flight dynamics with combined fault conditions on trajectory 4, trajectory
6, trajectory 7 and trajectory 8. This comparison represents model generation
ability over seen and unseen scenarios with high confidence measures.
Trajectory 4 and trajectory 7 are selected as the most complex testing datasets
in terms of evaluating generalisation ability over unknown locations covering fault
conditions, altitude variation, rotation, turns with complex scenarios like less-
features. The uncertainty-aware Multi-ML VIO ensures the confidence boundary
in such complex flight dynamics and provides estimation of the lowest 95%
percentile Ul, including 11.47%, 13.82%, 2.13% in OR% for trajectory 4 and
27.60%, 26.94%, 10.52% in OR% for trajectory 7. Additionally, the results of
trajectory 8 confirm that the proposed model is able to capture increased
uncertainty due to complexity (altitude variability, curved turns, loop in the flight),
resulting in degradation in Multi-ML VIO (denoising), which is shown in the
previous section. In contrast, the model demonstrates lower OR% values in D
coordinate of trajectory 6, which is related to combinational faults such as
darkness, reflection, and multiple turns. The model captures the effects of this
data variability on the predefined ESKF model and provides a maximum error
boundary. Thus, the solution improves performance in such scenarios by
predicting error Ul, providing integrity-enhanced robust navigation.
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Figure 5-6 Uncertainty comparison based on 95th percentile Ul and 99th
percentile Ul on trajectory 4, trajectory 6, trajectory 7, and trajectory 8.
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5.5.1.3 Comparison with literature

In order to show an empirical comparison on uncertainty estimation to the closest
related methods in the literature, the chapter selects EUROC dataset, especially
MHO05_difficult, for benchmarking to evaluate the performance of the proposed
novel multi-ML hybrid VIO framework. The EUROC dataset was collected with
MAV flying in indoor environments, leveraging complex scenarios i.e. darkness,
illumination variation, rapid motion, and blur. The EUROC datasets MHO1-MH04
series are used to train the model. There is a gap in evaluating the performance
of models using the entire EuRoc datasets due to the complexity of the data
(darkness, rapid motion, vehicle dynamics). Unlike existing solutions concerning
uncertainty in VO systems, where EuRoc sequences were split into 100 test
samples, this study evaluates the performance of on entire datasets involving
2273 frames, 22212 samples in IMU data. Linear interpolation is used to

synchronise both sensors for fusion.

Figure 5-7 represents uncertainty estimation for MH_05 sequence in EUROC
dataset. Difficulties arise from harsh motion dynamics, increased degree of
freedom and image blur. The proposed model is able to capture the uncertainty,
providing an uncertainty boundary in each coordinate. The GT error is estimated
similar way in the previous section. The existing solution explored 3D position for
uncertainty boundaries by replacing observations with Gaussian noise and
estimating 30 boundaries. However, the nonlinearity in such datasets is not
Gaussian, where 30 boundaries cannot provide confidence measures. Thus, this
study has utilised the 95" percentile and 99" percentile Ul for evaluation. Table
5-5 represents the comparative analysis only includes hybrid VIO architectures
in SOTA. The proposed method has effectively mitigated erroneous
measurements arising from various sources of uncertainty, with a reduction of
mean error to 0.04, 0.05, 0.03 across N, E, D coordinates. Additionally, a
comparison between the Ul of the 95" percentile and the 99" percentile has
demonstrated that approximately 10% of the data remain out of range compared
to GT.
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UA-VO[60] | - - - - - 21.95 - - -
Proposed 0.04 0.05 0.03 15.89 13.67 29.68 | =mmeme- 10.71 8.50 19.95
solution
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5.5.2 Multi-Sensor Navigation System Performance

This section evaluates the performance of the proposed uncertainty-aware Multi-
ML hybrid VIO integration with the multi-sensor navigation system, illustrating on
Figure 5-1 under GNSS degraded environments. The experiment is conducted
on two testing datasets, trajectory 9 and trajectory 6, under sunny weather

conditions with GNSS-fault conditions applied.

Figure 5-8 illustrates the performance comparison on the integrated multi-sensor
solution with proposed solutions, which indicate overall performance
enhancements by reducing GNSS fault effects. The integrated system resulted
in position enhancements of 96% compared with faulted-GNSS and 91%
compared with GNSS/IMU ESKF fusion (sub-filter 1) in 3D position for trajectory
6, where no-texture walls, shadows with fewer turns are prominent fault
conditions. In contrast, performance deviation was observed in trajectory 7 multi-
sensor navigation system compared to trajectory 6 due to complex flight
dynamics (turns and rotation) that accumulated GNSS and IMU error, resulting
least improvement in sub-filter 2. However, the integrated multi-sensor navigation

system mitigates errors accumulated with flight dynamics and improves overall

performance.
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Figure 5-8 3D error comparison on integrated multi-sensor navigation system for

trajectory 6 and trajectory 7
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Table 5-6 illustrates RMSE comparison results on two trajectories, providing
insight into the performance enhancement achieved with the integration of
proposed vision-based APNT solutions within multi-sensor navigation system
architecture. It is observed that challenges arise in the performance of faulty
GNSS signal with the change of flight patterns. Thereby, flight dynamics remain
challenging conditions while operating in urban areas due to flying between
narrow or wide pathways. The integrated navigation solution demonstrates
performance enhancement and increases accuracy in D coordinate by 97% for

trajectory 7 and 99% for trajectory 6, mitigating driving issues in urban areas.

Table 5-6 RMSE comparison results on Trajectory 6 and 7 using integrated multi-

sensor navigation system

Algorithms Trajectory 7
N (m) E (m) D(m) Horizontal (m) 3D(m)

GNSS (faulted) 2.76 3.91 3.51 4.91 5.36

GNSS/IMU fusion 1.95 1.11 2.84 2.25 3.96

Uncertainty-aware 0.12 0.10 0.07 0.17 0.16

Multi-ML hybrid VIO

Multi-sensor system 0.14 0.17 0.09 0.22 0.23
Trajectory 6

GNSS (faulted) 3.01 3.15 3.45 2.75 5.79

GNSS/IMU fusion 1.01 2.29 1.85 2.65 3.79

Uncertainty-aware 0.15 0.10 0.09 0.19 0.21

Multi-ML hybrid VIO

Multi-sensor system 0.10 0.14 0.04 0.1 0.12

5.6 Conclusion

This study presents a proposed uncertainty-aware multi-ML hybrid VIO integrated
into the multi-sensor fusion framework that significantly addresses data and
model uncertainty and provides a confidence interval of bounded errors to
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enhance navigation integrity. The framework simultaneously predicts uncertainty
using Bayesian GRU and measurement error increments, that is utilised to obtain
overall corrected, robust and integrity-enhanced VIO position. Furthermore, the
proposed model utilises Monte Carlo sampling method with Bayesian
hyperparameter optimisation to handle the predictive uncertainty of flight
dynamics, weather effects, lighting effects and various sources of uncertainty
induced by additional noise. A series of experiments were conducted to validate
the proposed vision-based APNT approach under diverse conditions, including
adverse weather, challenging light and high flight dynamics. The solution is able
to capture introduced visual sources of uncertainties such as feature extraction
error, feature tracking error, data association error, mismatch in dynamics,
unmodelled noise and imperfect modelling and provide Ul with 95 percentile
confidence boundary. The testing and training datasets included realistic failure
modes and fault factors representative of urban environments. Notably, it
demonstrated superiority in capturing complex flight dynamics in unseen
locations (trajectory 4 and trajectory 7) by proving the highest confidence
measure with 2.13% in D OR% compared to trajectory 1 with minimal fault
conditions. Additionally, trajectory 1 results highlight the proposed framework’s
ability to capture uncertainty and reduce position error while removing additional
induced unmodelled noise, even when sensor data is corrupted or the model is
imperfect. Additionally, experiments evaluating the effect of weather conditions
and lighting effects revealed the frameworks’ ability to capture uncertainty caused
by the limited visuality of features, reflection, shadow, and flight dynamics,
illustrated with performance in trajectory 5, 6 and 2. Thus, the approximation of
OR% in these trajectories remains within 80% confidence intervals, providing
safety assurance while navigating in a time of day, including weather effects (fog).
Lastly, the proposed APNT solution integrates multi-sensor navigation, provides
assurance with increased under-faulted-GNSS conditions, and assures 97%
enhancement under complex flight dynamics in urban areas. In summary, the
study provides an integrity-enhanced robust vision-based framework that
ensures uninterrupted and safe navigation under complex urban environments,

enhancing a step forward to employ in safety-critical UAM applications. Future
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work will focus on enhancing the A-PNT framework by integrating additional

sensors to mitigate vertical drift in high-flight dynamic scenarios.
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6 General Discussion

In chapters (2 to 5), the details of various workflows, e.g. strategy on visual failure
mode mitigation, vision-based APNT fusion, multi-sensor fusion, uncertainty
inspection, etc related to enhancing integrity and robustness of vision-based
navigation for UAVS under urban environments have been thoroughly described.
The focus of this particular chapter is to explore and uncover any information that
has not been discussed previously in earlier chapters. Furthermore, an analysis
is conducted to evaluate the completeness of all objectives, ensuring all aspects
of robust visual navigation for UAVS with safety assurance are covered.

All research objectives, which include visual failure mode mitigation mechanisms,
developing robust and resilient vision-based fusion frameworks under complex
scenarios for UAM applications with safety assurance by providing the
confidence boundary to ensure uninterrupted flight during GNSS outage, have

been successfully met. Details can be provided as follows:

a) In the background or related work section of each chapter, the state-of-
the-art works for each module, e.g. visual failure mode mitigation,
evaluation of superior hybrid approaches in visual fault mitigation, robust
vision-based APNT fusion framework, and uncertainty inspection to
ensure integrity of APNT solutions within multi-sensor navigation, are
described. The comprehensive review includes highlighting the
advantages of proposed solutions compared to existing approaches. For
example, proposed APNT solutions may include fault mitigation strategies
by designing training datasets with complex fault conditions that ensure
robustness and quantify tight error boundaries for safe navigation.

b) A strategic approach for mitigating visual failure mode is proposed,
utilising an FMEA-supported hybrid multi-sensor framework that integrates
proposed VO error compensation within hybrid VIO as one of the sub-
filters. The solution can effectively handle failure modes arising from
navigation environments, such as feature extraction errors, feature
tracking errors, and data association errors in urban environments.

Therefore, this approach effectively bridges the gap during GNSS outage
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in challenging environments, enabling new research direction with the
utilisation of failures in vision navigation to ensure operational continuity.
A novel proposition of error compensation methodology within hybrid VIO
is developed, with the aim of evaluating error compensation mechanisms
in hybrid architectures, mitigating visual failure modes. This comparative
analysis provides insight into model efficiency, robustness and adaptation
in a diverse range of fault conditions arising from weather effects, lighting
conditions, illumination variation and flight dynamics. In challenging
conditions, this approach successfully addresses the gap in visual fault
mitigation using error compensation mechanisms.

A new approach for uncertainty prediction of complex visual failure modes
is proposed, providing confidence measures and compensating epistemic
uncertainty to ensure robust and safe navigation in urban areas. In GNSS
denied environments with visually degraded scenarios, this approach
successfully mitigates visual uncertainty sources and improves
performance while integrated into the multi-sensor system.

Systematic evaluation of proposed error compensation mechanisms in the
thesis study on different hybrid VIO architectures in the mitigation of visual
failure modes is conducted. Following this comparative analysis, the best
solution is integrated into the multi-sensor navigation system that
enhances performance during GNSS outage.

In conclusion, the stated objectives in Chapter 1 have been achieved.

Through diligent efforts and effective strategies, the desired outcomes have

been achieved. To provide additional insight into the perspective of the

research, which is focused on only visual fault mitigation methodology to

ensure the integrity of overall systems during GNSS outages. The exploration

of additional external APNT sensors, e.g. radar, lidar, UWB, has not been

explored in this study due to the challenges associated with sensor

capabilities. However, some approaches utilised a barometer for vertical take-

off and landing [145] due to the VO scaled factor error and drift. This study

has effectively mitigated vertical error and drift, providing centimetre accuracy

in high-dynamics flight paths. Thus, there is no need to explore this sensor.
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Then, it is crucial to evaluate the capabilities of each machine learning model
while integrated into real-time applications. From the post-processing point of
view, each GRU-based compensation method interface time of approximately
0.2ms for training and 4.5minutes for training for each dataset. In contrast,
Bayesian GRU incorporating MCD interface time approximately 5hours for
training. Notably, GRU hyperparameter tuning took approximately 44.5mins
for each dataset. The overall interface time for both error correction activated
is 30ms for testing. To facilitate the deployment, the proposed algorithm was
developed and run on a workstation configuration of 11th Gen Intel(R)
Core(TM) i7-11800H @ 2.30GHz 2.30 GHz. The proposed approaches in

this study can be implemented on UAVS for real-time implementation.

The adaptability of each module within the framework can be ensured. The
generalisation ability of the modules proposed outperforms the state-of-the-
art system. For instance, authors in [43], [44] stated the necessity of vast
training to evaluate their solutions under degraded environments, where they
utilised 11 sets of Euroc datasets for training and testing on the same model.
In contrast, authors in [41], [43], [60] split the testing trajectories (100 frames
each iteration) to achieve high accuracy. Some studies focusing on filter-
based methods struggle to evaluate their solution using Euroc MHO5-difficult
dataset. However, the proposed error compensation mythologies
outperformed utilising only four sequences for training, while tested on the
most complex dataset in Euroc. Additionally, the proposed Bayesian GRU
with MCD outperformed when evaluated with the same dataset compared to
the state-of-the-art solution[60] where the uncertainty interval is wider,

reflecting a degraded prediction of the confidence interval.

In addition to its capability, the application and supported services can be
extended to cater to other stakeholders. This means that the system has the
capability to accommodate the needs of various users and entities beyond its
initial scope. For instance, the Milton Keynes city council intend to expand and
enhance their smart city infrastructure, which can provide a possibility for

future development of this approach. Additionally, the UK civil aviation
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authority has selected 6 new projects covering autonomous drone delivery.
Amazon Prime Air and Royal Mail are finalising their trials to ensure
autonomous package delivery, where they struggle with ensuring flight safety.
This finding and the investigations carried out throughout this research can be
seamlessly applied to their specific scenario, offering valuable insight and a
solution. Moreover, the research supports the notion of continuous
improvement and advancement, as it can serve as a basis for further revision
and enhancement of optimised outcomes and address specific needs for the
smart city. Furthermore, the proposed vision-based algorithm integrated
within the multi-sensor system assures navigation safety during GNSS outage
under diverse urban scenarios like weather conditions, lighting effects and
flight dynamics.

In conclusion, all objectives outlined in this research have been accomplished,
including the implementation of visual failure mode mitigation methodologies
that can operate in different scenarios with operational safety tailored to

applications such as aerial survey, cargo drones and passenger taxis.
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7 Conclusion and Future Work

This thesis focuses on developing robust and accurate vision-based APNT
solutions for UAVS to ensure safe and secure operation in urban environments.
At the beginning of the work, visual failure modes causing state-of-the-art system
failure are addressed using error compensation mechanisms in hybrid VIO.
Notably, the sensor error compensation mechanism outperforms compared to
KF-based model error compensation due to the inheritance of nonlinearity in data,
such as aleatoric uncertainty, hindering predefined ESKF model performance.
Again, other hybrid approaches like K-gain prediction struggle due to increased
noise in the sensor data. The potential visually degraded scenarios, like weather
effects, lighting conditions and UAV dynamics effects, are reviewed and
addressed with the proposition of combinational error compensation mechanisms
within hybrid VIO that improve performance with the prediction of complex visual
uncertainty. Throughout the studies, various proposed error compensation
mechanisms are investigated to ensure robustness that enhances integrity within
the overall solution. In order to assess the performance of the proposed methods,
it has been integrated into multi-sensor navigation and evaluated during GNSS

outage.

It is observed that VO error correction mechanisms significantly contribute to
visual fault mitigation, while KF measurement correction performance depends
on this. Thereby, this study suggests employing sensor measurement error
correction within the navigation system if it has been integrated with other

combinations of sensors.

In future work, there are several avenues to explore and improve upon the current
research. Firstly, refining and expanding the proposed mythologies can enhance
their performance and applicability. This could involve incorporating additional
data sources to enhance the predictive capabilities. Additionally, conducting
extensive field experiments and gathering more real-world data can provide
valuable insights and validate the effectiveness of the proposed approaches in
diverse operational environments. However, further investigation on visual

integrity can provide safety assurance during wind turbulence. Furthermore,
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exploring integration technologies such as Internet of Things (IOT) and cloud
computing can potentially enhance capabilities while integrating into the real
drone. Lastly, collaboration with industry partners and stakeholders can facilitate
the development the deployment and implementation of the developed solution

in real-world scenarios, enabling practical impact in the field of urban air mobility.
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