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IMPACTO POTENCIAL DESTA PESQUISA 

 

Esta pesquisa desenvolve um sistema de posicionamento visual com câmeras onidirecionais, 

aplicável a plataformas autônomas. Modelos geométricos rigorosos e filtragem de pontos-

chave por aprendizado de máquina aprimoram a precisão e desempenho em tempo real, 

viabilizando aplicações em agricultura de precisão, robótica e monitoramento ambiental. 

 

 

POTENTIAL IMPACT OF THIS RESEARCH 

 

This research develops a visual positioning system using omnidirectional cameras, applicable 

to autonomous platforms. Rigorous geometric models and machine-learning-based keypoint 

filtering improve accuracy and real-time performance, enabling applications in precision 

agriculture, mobile robotics and environmental monitoring. 
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RESUMO 

 

A estimação do posicionamento e da orientação de uma plataforma móvel em tempo real com 

a reconstrução simultânea de um mapa do ambiente é um problema fundamental em diversas 

áreas, como robótica móvel, desenvolvimento de veículos autônomos, realidade aumentada e 

mapeamento 3D. Algumas abordagens enfrentam dificuldades em ambientes externos onde 

sinais GNSS (Global Navigation Satellite System) são pouco confiáveis ou inexistentes, 

especialmente em florestas densas ou corredores urbanos longos. Nesses cenários, técnicas de 

navegação com sensores ópticos, como o vSLAM (visual Simultaneous Localization and 

Mapping) oferecem uma alternativa, utilizando imagens para estimar a trajetória e a nuvem de 

pontos 3D. No entanto, essas soluções são afetadas por erros causados por mudanças na 

iluminação, oclusões e limitações na sobreposição de imagens. As câmaras fisheye, devido ao 

seu amplo campo de visão, demonstram potencial para mitigar algumas dessas limitações, 

capturando mais informações contextuais a cada imagem. Contudo, o uso dessas lentes 

apresenta desafios de modelagem matemática, uma vez que o modelo de colinearidade padrão 

não é adequado. O presente trabalho propõe uma solução de posicionamento em tempo real 

para uma plataforma móvel (mochila), utilizando um sistema omnidirecional dual de câmaras 

com lentes fisheye hiperhemisféricas (Ricoh Theta S), com um rigoroso modelo de projeção 

equisólido para melhorar a precisão da estimativa de trajetória. A abordagem de mapeamento 

móvel terrestre utiliza processamento paralelo com os recursos de CPU e GPU para alcançar 

desempenho em tempo real, mesmo em ambientes complexos. A abordagem desenvolvida 

adaptou o software ORB-SLAM para geometrias fisheye e avaliou seu desempenho na 

plataforma Nvidia Jetson TX2, com foco em aplicações de navegação autônoma, em que 

retornar ao ponto de partida não é viável. A solução proposta aborda desafios-chave no 

processamento em tempo real e na consistência da trajetória, com foco em ambientes onde o 

sinal GNSS está degradado ou não disponível. Os resultados evidenciaram melhorias 

consistentes na acurácia da trajetória com a abordagem proposta: ao final de uma trajetória de 

140 m, o modelo equisólido apresentou RMSE planimétrico em E de 3,94 m, frente a 40,86 m 

do modelo genérico EUCM.  

 

Palavras-chaves: vSLAM; Fotogrametria; sistema omnidirecional; tempo real; ORB-SLAM. 
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ABSTRACT 

 

The estimation of the position and orientation of a mobile platform in real-time while 

simultaneously reconstructing a map of the environment is a fundamental challenge in several 

areas, such as mobile robotics, autonomous vehicles, augmented reality and 3D mapping. 

Some approaches face challenges in outdoor environments where GNSS signals are unreliable 

or unavailable, particularly in dense forests or long corridors. In such scenarios, optical 

sensor-based navigation techniques, such as visual Simultaneous Localization and Mapping 

(vSLAM), provide an alternative by leveraging images to estimate trajectory and generate a 

3D point cloud. However, these methods are prone to errors caused by lighting changes, 

occlusions, and limited image overlap. Fisheye cameras, with their wide FoV, show promise 

in mitigating some of these limitations by capturing more contextual information in each 

frame. Nonetheless, their use introduces challenges in mathematical modelling, as the 

standard collinearity model is inadequate. This work proposes a real-time positioning solution 

for a mobile backpack platform, employing a dual omnidirectional camera system featuring 

hyperhemispherical fisheye lenses (Ricoh Theta S), with a rigorous equisolid projection 

model to improve trajectory estimation accuracy. The terrestrial mobile mapping approach 

utilises parallel processing on CPU and GPU resources to achieve real-time performance, 

even in challenging environments. The developed approach adapts the ORB-SLAM software 

to fisheye geometries and evaluates its performance on the Nvidia Jetson TX2 platform, 

targeting autonomous navigation applications, where returning to the starting point is not 

feasible. The proposed solution addresses key challenges in real-time processing and 

trajectory consistency, with a focus on environments where GNSS signals are degraded or 

unavailable. The results evidenced consistent improvements in trajectory accuracy with the 

proposed approach: at the end of a 140 m trajectory, the equisolid model yielded a planimetric 

RMSE in E of 3.94 m, compared to 40.86 m for the generic EUCM model. 

 

Keywords: vSLAM; Photogrammetry; omnidirectional system; real time; ORB-SLAM. 
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CHAPTER 1  

INTRODUCTION 

1.1 OVERVIEW 

The classic problem of sequentially estimating an agent’s movement in real 

time, while maintaining a consistent trajectory based on a 3D point map of the environment, 

has gained significant popularity in the last decade. This growth is mainly due to the 

introduction of various sensors and the increasing computational power of embedded 

platforms (Cadena et al., 2016). Several techniques address this problem, including 

Simultaneous Localization and Mapping (SLAM). SLAM is a subfield of mobile robotic 

research that relies on sensors such as LiDAR (Light Detection And Ranging) and/or optical 

cameras. An overview of the evolution of the main methodologies in the literature can be 

found in Durrant-Whyte and Bailey (2006) and Alsadik and Karam (2021). 

Real-time sequential positioning using optical sensors began to emerge in 

the early 1980s. This problem was mainly studied for close-range mobile platforms, applying 

well-known photogrammetric techniques (Haggren, 1986; Gruen, 1988; Durrant-Whyte and 

Bailey, 2006; Scaramuzza and Fraundorfer, 2011; Cadena et al., 2016). Moravec (1980) made 

a significant contribution to the field by describing a system for a robot to navigate 

autonomously in an unknown environment and to create a map of its surroundings using 

stereovision. Moravec (1980) also described one of the first interest point detectors, 

considered a precursor to the one proposed by Forstner (1986). The appearance of corner 

detectors and advancements in technology have driven studies and research in this area over 

the past thirty years, resulting in significant progress in solutions applicable to a wide range of 

fields, including autonomous navigation systems, robotics, industry, agriculture, and many 

others (Scaramuzza, Fraundorfer and Siegwart, 2009; Cadena et al., 2016).  

When the SLAM approach relies exclusively on sequential images captured 

by optical cameras, it is referred to as Visual Simultaneous Localization and Mapping 

(vSLAM), which is widely used in indoor solutions where Global Navigation Satellite System 

(GNSS) signal obstructions occurs (Scaramuzza, Fraundorfer and Siegwart, 2009). The 

availability of low-cost, lightweight optical sensors and high-processing-power embedded 

platforms has driven the development of vSLAM approaches in recent years (Gao and Zhang, 

2021). Among the key approaches are Mono-SLAM (Davison et al., 2007), Parallel Tracking 

and Mapping for Small AR Workspaces (PTAM) (Klein and Murray, 2007), Dense Tracking 

and Mapping in Real-Time (DTAM) (Newcombe, Lovegrove and Davison, 2011), Fast Semi-
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Direct Monocular Visual Odometry (SVO) (Forster, Pizzoli and Scaramuzza, 2014), Large-

Scale Direct Monocular SLAM (LSD-SLAM) (Engel, Schõps and Cremers, 2014), ORB-

SLAM (Mur-Artal, Montiel and Tardos, 2015), and Direct Sparse Odometry with Fisheye 

Cameras (DSO) (Matsuki et al., 2018). ORB-SLAM is regarded as one of the state-of-the-art 

vSLAM solutions that uses Oriented FAST and rotated BRIEF (ORB) as keypoints detector. 

It is based on a modular, multi-threaded architecture composed of the main methods and 

approaches of vSLAM, and was initially developed for perspective images (Mur-Artal, 

Montiel and Tardos, 2015). Simultaneously to those developments, cameras equipped with 

wide field-of-view (FoV) lenses, such as fisheye lenses, have become increasingly popular on 

vSLAM applications, but their use requires adaptations to previously mentioned methods, 

such as ORB-SLAM. 

Fisheye lens cameras, equipped with hemispherical lenses (FoV ~ 180°) or 

hyperhemispherical lenses (FoV > 180°), can capture a broader view of the scene in a single 

image, encompassing more points and contextual information while maintaining lower 

complexity compared to conventional multi-camera perspective setups (Schneider and 

Forstner, 2013; Caruso, Engel and Cremers, 2015; Zhang et al., 2016; Matsuki et al., 2018; 

Wang et al., 2018; Liu et al., 2019; Campos et al., 2020). Some works proposed extending the 

use of ORB-SLAM with wider FoV images (Liu et al., 2019; Campos et al., 2020; Zhang; 

Huang, 2021; Zhao et al., 2022), and multi-camera omnidirectional systems (Zhao et al., 

2022), especially by changing the original perspective mathematical model (pinhole model) 

for generics or unified mathematical models, such as Enhanced Unified Camera Model 

(EUCM) (Khomutenko, Garcia and Martinet, 2016). This is necessary because the collinearity 

equations, combined with distortion models, do not model the internal fisheye camera 

geometry, in which incident rays are deflected after being refracted by the camera lenses 

(Schneider, Schwalbe and Maas, 2009). Therefore, other projection models need to be 

considered. As mentioned, most of fisheye vSLAM solutions use generic or unified 

mathematical models for fisheye cameras, enabling the application of a simplified model 

without the need for a physical interpretation of the image formation geometry (Kannala and 

Brandt, 2006; Courbon et al., 2007; Khomutenko, Garcia and Martinet, 2016; Usenko, 

Demmel and Cremers, 2018). However, the accuracy of the vSLAM solution can be affected 

by not considering rigorously the physical parameters, and generic models may not fully 

account for all errors by failing to mathematically describe the image formation process. This 

leads to the propagation of these errors in a sequential solution (Schneider, Schwalbe and 
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Maas, 2009; Garcia et al., 2023; Tommaselli et al., 2023). Therefore, further studies are still 

needed, especially when using multiple cameras to achieve a 360° field of view.  

Multi-camera omnidirectional systems tend to be more effective in complex 

environments compared to monocular systems, as they process a wider FoV with greater level 

of details (Li, Wang and Li, 2018; Zhang and Huang, 2021; Song, Liu and Dai, 2024; Xie et 

al., 2024; Yang et al., 2024). Currently, most omnidirectional vSLAM methods use multiple 

cameras to track more interest points, enhancing both accuracy and robustness. Optical 

omnidirectional systems typically provide a 360° horizontal FoV or a full-spherical panorama. 

These multi-camera systems can be designed with conventional lenses, such as perspective 

lenses, or with non-conventional optical systems, like fisheye lenses. However, the use of 

360° images in photogrammetry still requires further research in rigorous camera modelling, 

as most of these systems were not designed for metric purposes (Campos, 2019). Campos et 

al. (2018b) proposed a post-processed solution for an embedded mobile platform, consisting 

of a 360° omnidirectional camera, a single-frequency GNSS receiver, and a low-cost (Inertial 

Measurement Unit) IMU. In this work it was developed an incremental Bundle Adjustment 

(BA) strategy to estimate the Exterior Orientation Parameters (EOP) of the sensors and 3D 

points, based on data collected by the system, using a rigorous spherical mathematical model 

aligned with the geometry of dual polydioptric systems based on fisheye lenses. 

Despite the significant advances mentioned, vSLAM solutions for fisheye 

lenses and omnidirectional dual-camera geometries have not been fully explored, particularly 

considering the additional challenge of real-time processing using a rigorous mathematical 

model, which requires greater computational resources. vSLAM frameworks, such as ORB-

SLAM, require substantial memory and processing power. High computational resources are 

required to run processes to mitigate the errors, which can result in divergence of the solution, 

such as outlier detection and false correspondences removal while estimating sensor 

orientations and 3D coordinates (Mur-Artal, Montiel and Tardos, 2015). This demand can 

limit their real-time performance on mobile platforms with limited Central Processing Unit 

(CPU) and Graphics Processing Unit (GPU) resources, making computational resource 

optimisation challenging. Although ORB-SLAM can operate in real-time on conventional 

computers, it does not achieve the same level of performance on mobile platforms due to the 

complexity of the operations, particularly in the steps of feature extraction and matching. The 

data processing complexity increases in challenging environments involving lengthy, linear 

outdoor trajectories, such as dense forests or perennial crop fields, characterized by tall trees 

and dense canopy coverage. In these areas, reliance on external positioning information is 
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either unavailable or unreliable, due to the limitations of GNSS signal in these settings or the 

high noise level and cost associated with IMU sensor data (Caruso, Engel and Cremers, 2015; 

Zhao et al., 2022). Furthermore, in addition to the challenges faced by purely visual solutions, 

such as variations in lighting conditions, shadows, occlusions, moving objects, and 

homogeneous features, unsuitable mathematical modelling can introduce additional sources of 

error that may lead to divergence, mainly in such challenging environments (Scaramuzza, 

Fraundorfer and Siegwart, 2009; Matsuki et al., 2018; Tommaselli et al., 2023). Therefore, 

initiatives aimed at reducing errors for real-time applications are still necessary, especially 

those focused on exploring parallelization methodologies to improve data processing 

efficiency in challenging and complex environments. 

 

1.2 OBJECTIVES 

The main objective of this PhD thesis is to develop a rigorous mobile 

mapping approach by incorporating a rigorous fisheye lens model to fully exploit the potential 

of hyperhemispherical fisheye images for real-time 3D navigation and reconstruction. The 

research focuses on the application and evaluation of this approach, particularly in GNSS-

denied and corridor-like environments, with real-time performance.  

The mobile mapping method integrates vSLAM techniques and precise 

photogrammetric models for omnidirectional sensors. A mobile platform equipped with 

fisheye optical sensors offering a 360° FoV is utilised. The system provides trajectory 

estimates, which are computed in real time alongside a sparse point cloud using 

multiprocessing techniques that exploit both CPU and GPU resources. The main contributions 

of this work address the following two challenges: (1) fisheye lens and omnidirectional dual-

camera geometries, and (2) real-time vSLAM performance in outdoor, GNSS-denied, and 

corridor-like environments without loop closure. 

 

1.3 HYPOTHESES 

To address these objectives, we hypothesise that: (H1) the application of 

rigorous fisheye mathematical models (e.g., equisolid-angle) in a dual omnidirectional camera 

system with an expanded FoV can enhance the accuracy of vSLAM trajectory solutions 

compared to generic camera models, such as EUCM, by enabling the tracking of more points 

and delivering greater consistency in the presence of potential failures; (H2) real-time 

performance in outdoor, corridor-like environments, where external sensor data is difficult to 
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obtain and revisiting the starting point is challenging, can be improved by utilizing precise 

mathematical models and embedded GPU boards, particularly in portable mobile mapping 

platforms (e.g., backpacks and robots), leading to a more robust and consistent vSLAM 

solution. 

To investigate these hypotheses, this work presents an adapted version of 

ORB-SLAM for fisheye images using the equisolid-angle model. It includes modifications to 

assess real-time ORB-SLAM performance on Nvidia Jetson TX2 single board computer, 

following the approach of Aldegheri et al. (2019). The system’s performance was evaluated 

with real data from a backpack-mounted system equipped with a Ricoh Theta S 

omnidirectional camera, which captures a 360º view of the scene with hyperhemispherical 

geometry (Campos et al., 2018b). 

 

1.4 THESIS STRUCTURE 

This thesis is divided into six chapters: Chapter 1 introduces the context of 

this thesis, its objectives, and hypotheses. Chapter 2 provides the theoretical background for 

the key topics addressed in the subsequent chapters. It covers the terms and approaches used 

in Computer Vision, Photogrammetry, and Robotics, three of the main fields in which 

vSLAM is developed and applied, thereby contextualising the methodologies proposed in this 

thesis. Because vSLAM and its constituent techniques are studied across these fields, both the 

overall framework and its underlying methods are often referred to by different names, or 

share the same name while carrying different meanings, depending on the area of application. 

To ensure consistency, the definitions introduced in this chapter are adopted as the common 

reference throughout the remainder of this thesis. 

Chapters 3 to 5 present the main findings of this thesis. These chapters 

provide a synthesis of the research reported in the derived publications of this thesis by Garcia 

et al. (2021), Garcia et al. (2023), Garcia et al. (2024a), Garcia et al. (2024b), and Garcia et al. 

(2025).  

Chapter 3 consolidates two complementary studies on adapting ORB-

SLAM for fisheye cameras in a single-sensor configuration. Experiment I (Garcia et al., 2023) 

provides a comparative analysis of a generic fisheye model and the rigorous equisolid-angle 

model within the ORB-SLAM framework. Experiment II (Garcia et al., 2024b) introduces a 

real-time vSLAM approach using the rigorous equisolid-angle projection model, with 

performance assessed in real-time on the Nvidia Jetson TX2 board over a 140-meter outdoor 
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trajectory. Both studies identified that keypoints in the sky region are a major source of 

trajectory drift in outdoor scenes, motivating the incorporation of a semantic filtering stage. 

Chapter 4 presents a machine learning approach for feature-based filtering 

of sky keypoints in ORB-SLAM. Building on a preliminary study by Garcia et al. (2021) that 

showed CNN-based semantic segmentation is computationally expensive for real-time 

deployment on lightweight platforms, the proposed Machine Learning Fisheye Sky Filter 

(ML-FSF) classifies already-extracted keypoints as sky or non-sky using a model trained on 

the WoodScape dataset. Results indicate a potential improvement of up to 40% in trajectory 

estimation accuracy with only a 20% increase in computation time (Garcia et al., 2024a; 

Garcia et al., 2025). 

Chapter 5 presents the dual equisolid ORB-SLAM, a real-time vSLAM 

solution for a dual omnidirectional camera system implemented on the Nvidia Jetson TX2 

board. Experiments compare the dual equisolid ORB-SLAM against the single-sensor 

approach from Chapter 3, using 360-degree image frames from the Ricoh Theta S camera in a 

mobile backpack platform. 

The summary of results, final remarks, conclusions, and future 

recommendations are presented in Chapter 6. 
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CHAPTER 6  

FINAL REMARKS 

 

In this thesis, we initially hypothesised that the application of rigorous 

fisheye mathematical models in a dual omnidirectional camera system with an expanded FoV 

could enhance the accuracy of vSLAM trajectory solutions compared to generic camera 

models, thereby providing greater consistency in the presence of potential failures. The first 

hypothesis was initially addressed in Chapters 3 and 4, where we identified that the rigorous 

photogrammetric mathematical modelling, which accounts for the image formation process 

applied to ORB-SLAM, proved superior performance to the simplified and generic models. 

Using only one sensor, we confirmed the first hypothesis, as the equisolid ORB-SLAM 

solution was able to track more points and deliver more consistent results compared to the 

generic model. However, we faced challenges in the outdoor scenario, where a significant 

portion of the detected keypoints negatively affected the solution due to their excessive 

distance from the camera, often leading to instability and lost tracking. To address this, in 

Chapter 4, we focused on integrating a semantic layer into our proposed solution to filter out 

sky points (ML-FSF), which were degrading the sequential estimation process. This 

enhancement enabled us to support the first hypothesis, achieving a more robust and stable 

positioning solution. 

The first hypothesis was fully addressed in Chapter 5 by extending the 

solution from Chapter 4 to integrate both sensors of the Ricoh Theta S camera into the dual 

equisolid ORB-SLAM. This enhancement aimed to make the proposed approach more robust 

in scenarios where distinguishable points are not always present in a single sensor. With a 

360º view of the scene, the likelihood of detecting more keypoints is significantly higher, 

enabling a more resilient solution to challenges and potential failures. However, new 

challenges emerged when using both sensors simultaneously for real-time positioning 

estimation, mainly the definition of a scale to apply to the cameras’ offsets. 

Our second hypothesis states that real-time performance in outdoor, 

corridor-like environments, where external sensor data is difficult to obtain and revisiting the 

starting point is challenging, can be improved by utilising precise mathematical models and 

embedded GPU boards, particularly in portable mobile mapping platforms (e.g., backpacks 

and robots), leading to a more robust and consistent vSLAM solution. This hypothesis has 

been addressed from the beginning of the methodology in Chapters 3, 4, and 5. Since Chapter 

3, we have shown that implementing the proposed methodology with a rigorous mathematical 
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model on a dedicated GPU-enabled board (Jetson TX2) has resulted in a frame processing 

time that enables real-time vSLAM applications on mobile platforms. Nevertheless, by 

integrating all the proposed approaches developed for processing images from a dual 

omnidirectional camera system with an expanded FoV in Chapter 5, we faced some 

challenges that prevented us from fully satisfying the second hypothesis. The processing time 

per frame exceeded the threshold required for real-time implementation, highlighting the need 

for optimizations to reduce computational cost, particularly by minimizing the number of 

keypoints necessary for effective tracking in the solution. 

Although the use of two sensors (Ricoh Theta S) did not fully achieve the 

initial objective due to previously mentioned challenges, the approach's potential can be 

recognized, along with opportunities to address the faced issues and fully achieve the intended 

goals. The following considerations highlight potential improvements for enhancing and 

advancing the proposed approach: 

(1) We utilised frames extracted from video captured by the Ricoh Theta S. 

The video has a lower resolution compared to static images, and resolution directly impacts 

feature-based vSLAM, as higher-quality images enable the extraction of distinguishable 

points more efficiently. The proposed approach could be enhanced by employing a higher-

resolution camera, such as the Ricoh Theta Z, which offers superior resolution and quality 

compared to the Ricoh Theta S, or by exploring other omnidirectional cameras currently 

available. 

(2) When processing images from both sensors simultaneously, it was not 

possible to maintain a 5 fps capture rate, as the average processing time per frame nearly 

doubled due to the increased number of keypoints processed in each frame. However, it is 

feasible to reduce the capture rate, as the higher number of keypoints contributes to greater 

stability between frames, thus preventing lost tracking caused by a lack of trackable keypoints 

in consecutive frames. Another aspect that can be explored is the correction of distortion 

parameters in the adopted model. Currently, distortions are corrected by calculating it for each 

point, but this can be optimized and accelerated by using a lookup table (LUT) with 

precomputed distortion estimates for each pixel (Peng, Sun and Wang, 2023). 

(3) Continuing with the theme of computational optimisation to improve 

response time, another refinement that can be implemented involves the mathematical model. 

In this work, we used a single EOP for each frame to reduce the number of parameters to be 

estimated, thereby lowering computational costs. Additionally, considering the known 

geometry of the camera used in the experiments, it is worth exploring and developing 
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alternatives to employ only one single set of IOPs as well, by adjusting both the mathematical 

model and the calibration process. 

(4) The main challenge we encountered in identifying issues and necessary 

adjustments in the methodology was that ORB-SLAM assigns a local reference frame to the 

trajectory, determined by randomly selected initialisation points. This complicates 

comparisons with the reference adopted in UTM coordinates (E, N) and ellipsoidal height (h). 

Bringing the solution to the scale and reference coordinate system of the real world is a 

critical consideration and can be approached in various ways, such as incorporating targets 

with known dimensions along the trajectory or using baseline constraints. Another notable 

observation during the experiments was that as drift accumulates in the trajectory, there is 

deformation and scale alteration when loop closure is absent, as previously discussed by Yang 

et al. (2024). It is also possible to integrate data from additional sensors, such as GNSS 

receivers, when such measurements can be obtained based on the scenario requirements. 

(5) Given the arbitrary definition of the real-world scale, it is advisable to 

explore the mathematical modelling in the dual approach to address the challenges 

encountered along the trajectory. These include significant variations in scene scale, the 

impact of accumulated drift on reference scale consistency, and the calibration and estimation 

of ROPs. One aspect to consider is that, although the images from both sensors of the Ricoh 

Theta S camera are treated as a single frame in the mathematical modelling to optimize 

nonlinear estimation calculations, it would be more appropriate to handle the 2D keypoints 

individually for each image. This approach would allow for the application of search 

constraints and keypoint tracking strategies that best account for both sensors. 

(6) Mur-Artal and Tardos (2017) mentioned that the loop closing thread is 

designed to reduce drift accumulated during traversing when returning to a previously 

mapped area. The place recognition module matches a recent keyframe with an earlier one, 

and this match is validated by computing a rigid body transformation to align the matched 

points between the keyframes. Finally, a global optimization process is performed to 

minimize the trajectory error. Essentially, points with previously known coordinates are 

identified to apply global optimization. As mentioned earlier, our objective is to explore and 

simulate corridor-like scenarios, where revisiting a location not feasible. In such cases, it is 

possible to use targets with known coordinates in the environment to perform loop closure, 

particularly at the middle and end of the trajectory. This would contribute to a more consistent 

trajectory with reduced discrepancies. 
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(7) Outdoor vSLAM faces numerous uncontrolled challenges that can 

negatively impact the solution, such as huge depth variations with distant objects in the scene 

and dynamic elements. To advance toward increasingly robust methods, it is essential to 

integrate intelligence into data capture through machine learning techniques. This approach 

can enhance the solution's resilience and robustness against uncontrolled factors. We 

confirmed this by implementing the ML-FSF filter, which significantly enhanced the stability 

of the solution, reduced instances of lost tracking, and consequently improved accuracy. 

(8)  It would be appropriate to test the approach presented in Chapter 5 in 

different scenarios, such as environments with less variation in scene scale, to analyse the 

behaviour of the solution. Additionally, we could further investigate the mathematical 

calculations to identify the specific factor that caused the solution to degrade significantly 

after reaching just over 40 m along the path of the experiment in Chapter 5. The adjustment of 

the frame rate is also an aspect to be explored to determine whether an increased number of 

frames per second would improve the estimation behaviour, particularly by better handling 

situations with high variations in scene scale and reducing trajectory drift. 
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