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Abstract
Autonomous navigation in GPS-denied environments remains a critical challenge
for unmanned aerial vehicles performing infrastructure inspection. This thesis in-
vestigates the feasibility of learning-based navigation for railway-inspection drones
by first constructing and analyzing a state-of-the-art modular baseline and then
evaluating emerging end-to-end paradigms.

A high-performance navigation system combining FasterLIO SLAM with Fast-Planner
trajectory generation is implemented in high-fidelity simulation and used as an
analytical baseline. While the system successfully navigates dense forest environ-
ments, controlled experiments reveal three structural failure modes—SLAM local-
ization drift, flight-controller tracking limitations, and planner-induced trajectory
constraints—highlighting deeper challenges such as cumulative error propagation
and real-time sensor–compute bottlenecks.

Building on these insights, the thesis conducts an experimentally grounded fea-
sibility study of three dominant end-to-end learning directions: predictive world-
model architectures, self-supervised representation learning pipelines, and vision-
reinforcement-learning approaches. By implementing prototype models and stress-
testing their stability and data requirements, the study identifies several infeasible
or unstable directions—such as feature-forecasting models and self-distillation ob-
jectives—and reveals simulator limitations that currently block scalable vision-RL
for UAVs.

Rather than delivering a complete end-to-end navigation system, this work provides
a systematic evaluation of the landscape, clarifies the fundamental obstacles facing
learning-based navigation in GPS-denied environments, and establishes concrete
design requirements and a research roadmap for future PhD-level research.

Keywords: autonomous navigation, UAV, GPS-denied, railway inspection, modular
systems, LiDAR, SLAM, end-to-end learning, self-supervised learning, reinforcement
learning, world models.
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1
Introduction

1.1 Background and Motivation

The rapid advancement of unmanned aerial vehicles (UAVs) has fundamentally
transformed numerous sectors, establishing autonomous navigation as a cornerstone
technology for modern robotics applications. Among the many UAV applications,
the automated inspection and maintenance of railway infrastructure has emerged
as a mission-critical and highly demanding field. Traditional railway inspection is
labor-intensive, time-consuming, and often exposes workers to hazardous conditions.
UAV-based automated inspection offers the promise of greatly enhanced safety, re-
duced operational costs, and the ability to perform frequent, high-resolution moni-
toring of rail assets such as tracks, bridges, tunnels, and stations.
However, the railway environment introduces unique and formidable technical chal-
lenges for autonomous UAV navigation. Railway corridors commonly traverse GPS-
denied environments—such as long tunnels, urban canyons, and densely vegetated
areas—where conventional positioning systems become unreliable or unavailable.
The UAV must navigate long, often monotonous routes with complex geometry,
rapidly detect and respond to obstacles (such as maintenance personnel, animals, or
debris on the tracks), and operate under variable weather and lighting conditions.
These real-world constraints demand advanced onboard perception and decision-
making capabilities that are robust, adaptive, and do not rely on external infras-
tructure [4].
To address these challenges, the state-of-the-art in autonomous UAV navigation for
railway inspection has largely adopted modular architectures. These approaches
decompose navigation into sequential processing stages: UAVs equipped with Li-
DAR and Inertial Measurement Units (IMUs) utilize Simultaneous Localization and
Mapping (SLAM) frameworks to generate precise pose estimates and environmental
reconstructions, which are then used by path planning modules to compute safe,
efficient trajectories [12, 2]. In the context of railway inspection, such systems have
achieved robust performance in structured, predictable track sections and provide a
solid foundation for practical deployment.
While end-to-end learning paradigms have recently gained traction, their suitabil-
ity for safety-critical railway inspection remains unclear. Instead of building a full
end-to-end system, this thesis analyzes several potential technical pathways—such as
predictive world models, self-supervised representation learning, and vision-based re-
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1. Introduction

inforcement learning—and evaluates them through targeted prototype experiments.
The results reveal fundamental limitations that render several directions currently
infeasible, providing a clear understanding of the challenges ahead. These insights
form a solid technical foundation for future PhD-level research into learning-based
autonomous navigation in GPS-denied railway environments.

1.2 Research Objectives

The primary objective of this thesis is to develop and rigorously evaluate a modu-
lar, SLAM-based autonomous navigation framework for UAV railway inspection in
complex, GPS-denied environments. The work aims to:

• Design, implement, and optimize a state-of-the-art modular UAV navigation
system tailored for railway inspection, integrating LiDAR-based SLAM with
robust trajectory planning.

• Systematically assess the performance, robustness, and failure modes of mod-
ular navigation pipelines through high-fidelity simulations and controlled ex-
periments.

• Analyze potential technical pathways for end-to-end learning-based naviga-
tion, supported by targeted prototype experiments to identify infeasible direc-
tions and clarify future research requirements.

1.3 Research Contributions

The main contributions of this thesis are as follows:
• Comprehensive Modular Baseline Implementation: Development and

optimization of a state-of-the-art modular UAV navigation system, integrating
advanced LiDAR-based SLAM (e.g., FasterLIO) with high-performance trajec-
tory planning, and adapting the pipeline to the specific operational demands
of railway inspection in GPS-denied environments.

• Systematic Experimental Evaluation: Rigorous evaluation of the mod-
ular navigation pipeline through high-fidelity simulations and controlled ex-
periments, providing a detailed analysis of navigation accuracy, robustness,
computational constraints, and characteristic failure modes in representative
railway scenarios.

• Analysis of End-to-End Technical Pathways: A systematic examination
of multiple candidate technical routes for end-to-end learning-based naviga-
tion—including predictive world models, self-supervised representation learn-
ing, and vision-based reinforcement learning—supported by targeted proto-
type experiments that help rule out several infeasible directions.
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1. Introduction

1.4 Scope and Limitations
This thesis operates within clearly defined boundaries to ensure a focused investi-
gation and to highlight opportunities for future research:

1.4.1 Sensor Modality Constraints
The study centers on navigation systems built upon LiDAR and IMU sensing, re-
flecting current industry standards for UAV-based railway inspection. Although
this configuration provides robust geometric perception, performance may degrade
in environments with limited structural features or in adverse weather conditions
(e.g., heavy rain, fog, snow). Although vision-based sensing holds significant poten-
tial, its practical deployment in railway UAV navigation remains highly challenging.
Therefore, this thesis limits itself to a conceptual and technical-route analysis of
vision-based sensing modalities rather than their implementation.

1.4.2 Experimental Environment Limitations
Experimental evaluation is conducted primarily in simulation environment. While
simulation enables safety, repeatability, and systematic parameter exploration, real-
world deployment involves additional complexities—such as regulatory limitations,
safety considerations, and operational overhead—that are not comprehensively ad-
dressed in this thesis.

1.4.3 Methodological Limitations
This thesis focuses exclusively on designing and evaluating a modular, SLAM-
based navigation framework. Although multiple end-to-end learning-based navi-
gation paradigms are analyzed through literature review and small-scale prototype
experiments, they are not implemented or benchmarked as complete systems. Their
feasibility, challenges, and long-term potential are discussed primarily to establish a
foundation for future research rather than as contributions of this study.

1.4.4 Cross-Platform Analysis Scope
Generalization to other robotic platforms—such as ground vehicles or legged robots—is
outside the scope of this thesis and is mentioned only briefly as a potential future
direction.

1.5 Thesis Organization
This thesis is structured to provide a comprehensive investigation of modular, SLAM-
based autonomous navigation for UAV railway inspection, progressing from founda-
tional methods to implementation, evaluation, and forward-looking analysis.

3



1. Introduction

Chapter 2 presents the methodological framework, detailing the architecture, inte-
gration, and implementation of the LiDAR-based SLAM and trajectory planning
modules.
Chapter 3 describes the experimental environments and protocols, followed by an
extensive evaluation of system performance, robustness, and failure modes in repre-
sentative railway scenarios.
Chapter 4 synthesizes these results, discussing the strengths and limitations of the
modular approach and providing an analytical overview of potential pathways for
end-to-end learning-based navigation.
Chapter 5 outlines future research directions. It expands on the conceptual and
exploratory discussion of end-to-end learning-based navigation, comparing differ-
ent technical routes—including predictive world models, self-supervised represen-
tation learning, and vision-based reinforcement learning—while identifying the key
challenges and requirements for their eventual realization in safety-critical railway
inspection.

4



2
Theory

2.1 UAV Kinematic Modeling

The mathematical representation of unmanned aerial vehicle motion forms the foun-
dation for developing autonomous navigation algorithms. This section establishes
the kinematic framework that abstracts the complex dynamics of quadrotor flight
into a tractable mathematical model suitable for high-level path planning and con-
trol applications.

2.1.1 Simplified Kinematic Representation

For the purposes of autonomous navigation research, the UAV is modeled as a
point mass operating within a three-dimensional Euclidean coordinate system. This
abstraction is justified by the assumption that a robust low-level flight control sys-
tem—such as PX4 Autopilot or ArduPilot—maintains attitude stability and ac-
curately executes high-level trajectory commands [6, 22]. Consequently, the com-
plex quadrotor dynamics including motor thrust allocation, aerodynamic forces, and
torque generation are considered to be handled by the underlying flight controller
and are not explicitly modeled in this analysis.
This modeling approach focuses on the kinematic behavior of the UAV, describing
its motion in terms of position, velocity, and orientation without explicit consider-
ation of the forces and moments that generate the motion [14]. Such abstraction is
appropriate for research emphasizing high-level autonomous navigation and trajec-
tory planning algorithms, where the primary concern is the generation of feasible
reference trajectories rather than their detailed execution.

2.1.2 State Space Representation

The UAV’s kinematic state is characterized by its position vector p = [x, y, z]T
and linear velocity vector v = [ẋ, ẏ, ż]T expressed in an inertial navigation frame.
The vehicle’s orientation, while internally managed by the flight control system, can
be represented by its yaw angle ψ in the horizontal plane for trajectory planning
purposes, with the assumption that roll and pitch angles are maintained near zero
by the low-level stabilization controller.

5



2. Theory

The governing kinematic equations are expressed as:

ẋ = vx (2.1)
ẏ = vy (2.2)
ż = vz (2.3)

where vx, vy, vz represent the commanded velocity components along the respective
coordinate axes.

2.1.3 Dynamic Constraints
The UAV’s motion is constrained by physical limitations and flight controller ca-
pabilities that must be respected during trajectory generation. These constraints
include maximum linear velocity (vmax), maximum acceleration (amax), and maxi-
mum angular rates, which define the feasible control space for autonomous naviga-
tion [26]. The trajectory planning algorithms developed in this research assume that
the flight controller can accurately track velocity commands within these predefined
operational limits.
This simplified kinematic representation provides a computationally efficient frame-
work for designing and evaluating autonomous navigation strategies while abstract-
ing the complexities of the underlying control architecture.

2.2 Sensor Technologies and Data Structures
Autonomous navigation systems depend critically on accurate environmental per-
ception and vehicle state estimation through multi-modal sensor integration. This
section examines the fundamental principles and data characteristics of the primary
sensing modalities employed in this research: Light Detection and Ranging (LiDAR)
systems and Inertial Measurement Units (IMUs).

2.2.1 LiDAR Systems
LiDAR technology provides high-precision three-dimensional environmental percep-
tion through time-of-flight measurement of laser pulses, enabling direct distance
measurement to surrounding objects with millimeter-level accuracy [12].

2.2.1.1 Point Cloud Data Structure

The fundamental output of LiDAR sensors is a point cloud—a discrete sampling of
the three-dimensional environment represented as a collection of spatial coordinates.
Each measurement point within the cloud contains several key attributes:

• Spatial Coordinates: Three-dimensional position (x, y, z) representing the
location of laser reflection, typically expressed relative to the sensor’s coordi-
nate frame.

6
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• Intensity Information: Reflectance strength of the returned laser pulse,
providing material property information that can enhance object classification
and feature extraction.

• Temporal Synchronization: Precise timestamps enabling temporal align-
ment with other sensor measurements for effective multi-modal fusion [18].

For continuous scanning LiDAR systems, individual measurements are aggregated
over complete rotation cycles to generate comprehensive environmental snapshots.
The spatial density and range characteristics of the resulting point clouds depend
on sensor specifications including beam count, angular resolution, and maximum
detection range [20].

2.2.2 Inertial Measurement Units

Inertial Measurement Units provide high-frequency motion sensing through micro-
electromechanical systems (MEMS) that measure linear acceleration and angular
velocity. These sensors are fundamental for vehicle state estimation and motion
prediction in navigation systems [16].

2.2.2.1 Multi-Axis Sensor Data

IMU systems typically integrate accelerometers and gyroscopes to provide compre-
hensive motion information:

• Linear Acceleration: Three-axis measurements (ax, ay, az) capturing both
vehicle dynamics and gravitational effects, typically expressed in meters per
second squared.

• Angular Velocity: Three-axis rotation rates (ωx, ωy, ωz) indicating instan-
taneous rotational motion, commonly measured in radians per second.

• High-Frequency Sampling: Measurements at rates typically ranging from
100 Hz to 1000 Hz, providing excellent temporal resolution for motion tracking
[15].

While IMU data provides excellent short-term motion tracking capabilities, mea-
surements are susceptible to integration drift over extended periods, necessitating
fusion with complementary sensors for robust long-term state estimation [9].

2.3 Trajectory Planning and Optimization

Trajectory planning constitutes a central component of autonomous navigation sys-
tems, responsible for generating collision-free, dynamically feasible paths that opti-
mize specified performance criteria. This section establishes the mathematical foun-
dation for smooth trajectory representation using B-spline curves, which provide the
flexibility and continuity properties essential for UAV navigation.
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2. Theory

2.3.1 B-Spline Mathematical Framework
B-splines (Basis Splines) represent a class of piecewise polynomial curves that of-
fer superior properties for trajectory generation compared to alternative parametric
representations. Unlike Bézier curves, B-splines provide local control character-
istics, where modifications to individual control points affect only localized curve
segments—a property particularly valuable for iterative optimization and real-time
trajectory adaptation [26].
A B-spline curve C(u) of degree p is mathematically defined through a set of n+ 1
control points P0,P1, . . . ,Pn and a non-decreasing knot vector U = [u0, u1, . . . , um],
where m = n+ p+ 1. The curve is expressed as:

C(u) =
n∑

i=0
Ni,p(u)Pi

where Ni,p(u) represent the p-th degree B-spline basis functions, recursively defined
through the Cox-de Boor recursion formula:

Ni,0(u) =
{

1 if ui ≤ u < ui+1
0 otherwise

Ni,p(u) = u− ui

ui+p − ui

Ni,p−1(u) + ui+p+1 − u

ui+p+1 − ui+1
Ni+1,p−1(u)

with the mathematical convention that zero denominators result in zero-valued frac-
tions.

2.3.2 Advantageous Properties for UAV Navigation
B-splines possess several mathematical properties that make them particularly suit-
able for autonomous vehicle trajectory planning [25]:

• Localized Control: Control point modifications influence only curve seg-
ments within the basis function support, enabling efficient local optimization
without global trajectory disruption.

• Differential Continuity: B-splines of degree p exhibit Cp−1 continuity, en-
suring smooth velocity, acceleration, and jerk profiles essential for stable flight
dynamics [22].

• Convex Hull Property: The curve remains entirely within the convex hull
of its control points, facilitating collision detection and ensuring trajectory
containment within specified bounds.

• Parametric Flexibility: Adjustable degree, control point count, and knot
vector distribution enable representation of diverse trajectory shapes and com-
plexity levels.

• Analytical Derivatives: Closed-form derivative computation provides direct
access to velocity and acceleration profiles along the trajectory [2].
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2.3.3 Application in Autonomous Navigation
In autonomous navigation systems, B-splines serve as the mathematical founda-
tion for trajectory representation, where optimization algorithms manipulate control
point positions to satisfy multiple objectives including obstacle avoidance, dynamic
feasibility, and performance criteria [23]. The combination of local control prop-
erties and smooth continuity makes B-splines particularly well-suited for real-time
trajectory planning applications where computational efficiency and motion quality
are both critical requirements [24].

2.3.4 Transformer Architectures
Transformer architectures form the foundation of many modern deep learning mod-
els, originally introduced for sequence-to-sequence tasks [27] and later adapted to
computer vision. Their core computational primitive is the self-attention mecha-
nism, which enables the model to capture global dependencies among inputs. Given
a sequence of input token embeddings X ∈ RN×d, the Transformer computes queries,
keys, and values:

Q = XWQ, K = XWK , V = XWV ,

where WQ,WK ,WV ∈ Rd×dh are learned projection matrices and dh is the head
dimension. The scaled dot-product attention is defined as:

Attention(Q,K, V ) = softmax
(
QK⊤
√
dh

)
V.

To increase representation capacity, multi-head attention (MHA) runs h attention
heads in parallel:

MHA(X) = Concat
(
head1, . . . , headh

)
WO,

where WO ∈ Rhdh×d. In the Vision Transformer (ViT) [28], an image is divided into
P × P patches, each linearly projected into a token embedding:

z0 =
[
x1E; x2E; · · · ; xNE

]
+ Epos,

where E is the patch embedding matrix and Epos provides positional encodings. A
Transformer encoder layer then applies:

z′ = MHA(LN(z)) + z,

zout = MLP(LN(z′)) + z′.

These residual connections and normalization layers stabilize optimization, enabling
Transformers to scale effectively with model size and dataset size. In UAV navi-
gation, Transformer-based visual encoders can learn high-capacity representations
from raw images or video, making them promising for future end-to-end navigation
systems. However, their computation and data requirements pose challenges for
real-time onboard deployment, especially in GPS-denied railway environments.
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2.3.5 Proximal Policy Optimization (PPO)
Proximal Policy Optimization (PPO) [29] is a widely used reinforcement learning
algorithm designed to stabilize policy gradient updates while maintaining sample
efficiency. PPO achieves this by introducing a clipped surrogate objective that con-
strains the deviation between the updated policy and the previous policy, preventing
destructive updates that can destabilize learning. Given a policy πθ(a | s) with pa-
rameters θ, PPO maximizes the clipped objective:

LPPO(θ) = E [min (rt(θ)At, clip(rt(θ), 1 − ϵ, 1 + ϵ)At)] ,

where rt(θ) is the probability ratio between the new and old policies and At is the
advantage estimate. The clipping mechanism ensures that updates remain within a
safe trust region, providing a practical balance between stability and learning speed.
In the context of UAV navigation, PPO provides a simple yet effective framework for
training control policies from high-dimensional observations. However, vision-based
PPO requires realistic, diverse simulation environments to generalize effectively—an
obstacle highlighted in this thesis and identified as a core limitation of current end-
to-end learning approaches.
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3
Methodology for the Modular

Navigation System

3.1 Overall System Architecture

The modular autonomous navigation system for unmanned aerial vehicles (UAVs)
is built upon a sophisticated layered architecture that seamlessly integrates state-of-
the-art open-source platforms with custom-designed communication interfaces. This
comprehensive framework addresses the complex challenges of real-time autonomous
flight in cluttered environments while maintaining computational efficiency and sys-
tem reliability [3, 4].
The foundation of our system rests on Gazebo Harmonic [5], which provides a high-
fidelity physics-based simulation environment for UAV dynamics and sensor mod-
eling. This simulation platform interfaces directly with PX4 Autopilot [6], serving
as the primary flight control unit responsible for low-level stability control and pre-
cise command execution. The navigation intelligence is powered by two specialized
modules: FasterLIO [1] for LiDAR-based simultaneous localization and mapping
(SLAM), and Fast-Planner [2] for dynamic path planning and trajectory genera-
tion.
A critical design consideration involves the integration of modern and legacy robotics
frameworks. While sensor data acquisition utilizes the contemporary ROS 2 Jazzy
environment [7] to publish IMU and LiDAR measurements as standardized top-
ics, the core navigation algorithms—developed primarily within the mature ROS 1
ecosystem [8]—operate on ROS 1 Noetic. To bridge this technological gap, a cus-
tom UDP-based communication bridge has been implemented to efficiently translate
data between these environments. This architectural decision not only leverages the
strengths of both frameworks but also facilitates future migration to a unified ROS
2 ecosystem by encapsulating the bridging logic in a modular component.
The data flow within the system follows a carefully orchestrated sequence: sensor
data from Gazebo is initially processed through ROS 2 topics, then transmitted
via our custom bridge to the ROS 1-based navigation stack. FasterLIO processes
the converted LiDAR and IMU streams to generate both low-frequency odometry
estimates and registered point clouds. The odometry data undergoes sensor fu-
sion within PX4’s Extended Kalman Filter 2 (EKF2) [9], which combines high-rate
IMU measurements with the SLAM-derived pose estimates to produce robust, high-
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frequency state estimation. Finally, Fast-Planner utilizes both the fused odometry
and registered point clouds to generate collision-free trajectories, which are exe-
cuted by PX4 to achieve autonomous flight. An overview of the complete system
architecture and the corresponding data flow is illustrated in Figure 3.1.

Gazebo Harmonic
(Simulator)

Lidar & IMU
(ROS 2 Topics)

Sensor Data

Socket UDP Bridge
(ROS 2 <-> ROS 1)

ROS 2 Topics

SLAM System
(ROS 1)

ROS 1 Topics

Path Planning Module
(ROS 1)

Registered Point Cloud

PX4 Autopilot
(EKF2)

Low-freq Odometry

UAV Trajectory

UAV Control

High-freq Odometry

Figure 3.1: Overall System Architecture for UAV Autonomous Navigation.

3.2 Simulation Environment Setup
The development and validation of autonomous navigation systems necessitate high-
fidelity simulation environments that accurately represent real-world operational
conditions. Our simulation framework has been meticulously designed to provide
both realistic physics modeling and comprehensive sensor simulation while main-
taining computational efficiency for iterative development and testing.

3.2.1 Simulation Platform Selection
Gazebo Harmonic serves as the primary simulation engine, chosen specifically for its
native compatibility with PX4 Autopilot as the officially supported Software-in-the-
Loop (SITL) simulator [10]. This platform offers significant advantages beyond basic
physics simulation: its internal topic-based communication architecture closely mir-
rors ROS 2’s messaging paradigm, enabling seamless data integration and reducing
the complexity of sensor data acquisition pipelines. The inherent compatibility be-
tween Gazebo Harmonic and ROS 2 eliminates many common integration challenges
encountered with alternative simulation platforms [11].

3.2.2 UAV Platform and Sensor Configuration
The simulated UAV is modeled after the Holybro X500 quadrotor, a widely-used
research platform that provides realistic flight dynamics and payload capacity con-
straints. To enable robust environmental perception in cluttered scenarios, the vehi-
cle is equipped with a high-resolution 128-line LiDAR sensor strategically mounted
atop the UAV frame. This sensor operates at 20 Hz to provide dense temporal
sampling of the environment, with a vertical field of view spanning from 90 degrees
upward to 15 degrees downward. This configuration ensures comprehensive spatial
awareness while maintaining computational feasibility for real-time processing [12].
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The sensor placement, illustrated in Figure 3.2, maximizes the observable volume
while minimizing occlusions from the UAV’s own structure. This configuration is
critical for effective obstacle detection and mapping in complex three-dimensional
environments.

Figure 3.2: UAV with Lidar.

Computational Hardware Specifications

The simulation and navigation system operates on a high-performance workstation
equipped with specific hardware components selected to ensure real-time processing
capabilities for the demanding computational requirements of autonomous naviga-
tion. The system specifications include:

• CPU: 13th Generation Intel Core i7-13700H processor featuring 14 cores (6
performance cores + 8 efficiency cores) with a base frequency of 2.4 GHz
and boost frequency up to 5.0 GHz. This multi-core architecture provides
sufficient computational resources for parallel processing of SLAM algorithms,
path planning computations, and system integration tasks.

• GPU: NVIDIA GeForce RTX 4060 Laptop GPU with 8 GB GDDR6 VRAM,
operating under CUDA 12.8 framework. The GPU acceleration is utilized
primarily for possible point cloud processing operations within the FasterLIO
SLAM pipeline and visualization rendering of the 3D environmental maps.

• Memory: 16 GB DDR5 RAM ensures adequate memory bandwidth for han-
dling large point cloud datasets and maintaining multiple concurrent processes
across the ROS 1/ROS 2 bridge architecture.

• Operating System: Ubuntu 24.04 LTS provides the stable foundation for
ROS 2 Jazzy and ROS 1 Noetic integration.
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This hardware configuration comfortably handles the computational demands of the
system, as the 20 Hz update rate represents the maximum frequency achievable by
current state-of-the-art LiDAR sensors in the market. Commercial high-end LiDAR
systems, such as Ouster OS1-128, typically operate at 20 Hz in frequency, making
our simulated 20 Hz configuration representative of the best available technology,
and the computational load associated with processing 128-line point clouds at this
frequency is well within the capabilities of the selected hardware.
For UAV flight speeds of 2-5 m/s typical in cluttered forest environments, the 20 Hz
update rate provides spatial resolution of 10-25 cm between consecutive scans. This
resolution is sufficient for reliable obstacle detection given the typical safety clearance
margins (minimum 1 meter) required for safe navigation in dense vegetation.

3.2.3 Test Environment Design

The evaluation environment consists of a dense forest scenario specifically designed
to challenge the navigation system’s obstacle avoidance and path planning capabili-
ties. This virtual forest spans 80 meters in length and 20 meters in width, featuring
irregular tree placement and varying canopy densities that create a complex three-
dimensional obstacle field. Strategic clear zones are positioned at the environment’s
extremities to facilitate safe takeoff and landing operations.
The navigation task requires the UAV to autonomously traverse from a designated
starting position to a target endpoint while avoiding collisions with the densely
packed vegetation and maintaining flight stability. This scenario represents one of
the most challenging environments for autonomous navigation [13], requiring ro-
bust perception, accurate state estimation, and dynamic trajectory planning. The
complete environmental layout, including dimensional specifications and waypoint
locations, is depicted in Figure 3.3.
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Figure 3.3: Annotated overview of the simulated dense forest environment, show-
ing its dimensions (80 meters in length and 20 meters in width) and the designated
starting and ending points for UAV navigation.

3.3 LiDAR-Based Simultaneous Localization and
Mapping

Accurate pose estimation and environmental mapping form the cornerstone of reli-
able autonomous navigation. This section details the SLAM implementation that
provides both vehicle localization and obstacle mapping capabilities necessary for
safe path planning.

3.3.1 FasterLIO Algorithm Selection
FasterLIO was selected as the primary SLAM solution based on its superior per-
formance characteristics in computational efficiency, accuracy, and practical deploy-
ment considerations. As an advanced evolution of the well-established FastLIO2
framework [18], FasterLIO offers several critical advantages for real-time autonomous
navigation:

• Enhanced Computational Performance: FasterLIO demonstrates 1.5-
2x speed improvements over its predecessor, enabling real-time operation on
embedded computing platforms typical of UAV applications [12].

• Improved Practical Accuracy: Beyond computational gains, the algorithm
exhibits enhanced robustness in challenging scenarios including dynamic light-
ing conditions, sparse features, and rapid motion [19].
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• Reduced Configuration Complexity: The algorithm requires minimal pa-
rameter tuning compared to alternative SLAM solutions [20], facilitating rapid
deployment and reducing system complexity.

• Robust Sensor Fusion: The tight coupling between LiDAR and IMU data
provides superior performance in scenarios where individual sensors might fail
or provide degraded measurements [21].

• Integrated Safety Mechanisms: The system incorporates fundamental col-
lision avoidance capabilities through real-time distance monitoring, automati-
cally triggering emergency stop procedures when obstacles are detected within
a critical 0.5-meter safety zone. This safety feature provides an essential fail-
safe mechanism that operates independently of higher-level path planning al-
gorithms.

3.3.2 Accuracy Validation Methodology
The validation of SLAM odometry accuracy presents unique challenges that differ
significantly between simulated and real-world deployment scenarios. In practical
autonomous vehicle applications, the SLAM system serves as the primary and often
sole source of accurate odometric information, making direct accuracy assessment
inherently difficult without external reference systems.
For real-world applications, the SLAM odometry represents the ground truth navi-
gation reference, as alternative positioning systems such as GPS may be unavailable,
unreliable, or insufficiently precise for autonomous navigation requirements. This
fundamental limitation necessitates alternative validation approaches, including con-
sistency checks, loop closure validation, and comparative analysis with supplemen-
tary sensor data when available.
However, simulation environments provide controlled conditions that enable com-
prehensive accuracy assessment through direct comparison with known ground truth
data. In the Gazebo simulation framework, precise vehicle pose information can be
directly extracted from the physics engine, providing an absolute reference for odom-
etry validation. This capability allows for quantitative error analysis by comput-
ing the deviation between SLAM-estimated trajectories and the simulator’s ground
truth odometry data. Such comparative analysis yields valuable metrics including
translational drift, rotational error accumulation, and trajectory consistency over
extended operational periods.

3.3.3 System Configuration and Calibration
Precise system configuration is essential for achieving the accuracy levels required
for collision avoidance in cluttered environments. The LiDAR sensor parameters are
configured to match the simulated 128-line, 20 Hz specifications, ensuring optimal
point cloud processing and feature extraction.
A critical configuration aspect involves the extrinsic calibration between the LiDAR
sensor and IMU. Rather than relying on online estimation, which can introduce drift
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and compromise navigation accuracy, the precise spatial relationship is extracted
from the UAV’s SDF model file. The extrinsic_est_en parameter is explicitly
disabled to prevent runtime calibration drift, prioritizing odometry accuracy over
mapping aesthetics. This design choice reflects the system’s primary objective of
safe navigation rather than optimal map visualization.

3.3.4 Output Generation and Frequency Considerations

FasterLIO generates two primary outputs essential for autonomous navigation: pose
estimates and registered point clouds, both operating at the LiDAR’s native 20 Hz
frequency. The pose estimates provide vehicle position, orientation, and velocity
information with accuracy suitable for navigation but at frequencies insufficient for
high-bandwidth control applications.
The registered point clouds undergo coordinate transformation from the LiDAR’s
local reference frame to the UAV’s body frame, ensuring consistency with other
system components. While the 20 Hz update rate is adequate for mapping and
strategic path planning, it represents a fundamental limitation for reactive collision
avoidance, particularly during high-speed flight or in highly dynamic environments.
This constraint is partially mitigated through the sensor fusion approach described
in Section 3.4, which elevates the effective odometry rate through IMU integration.
Figure 3.4 illustrates the real-time performance of FasterLIO in the dense forest en-
vironment, showing the generated point cloud map (in green) along with the planned
UAV trajectory (in cyan). The visualization demonstrates the system’s capability
to accurately reconstruct the complex three-dimensional structure of the forest en-
vironment while simultaneously maintaining precise vehicle localization throughout
the navigation process.
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Figure 3.4: FasterLIO SLAM system demonstration showing the real-time point
cloud mapping (green) and UAV trajectory (cyan) in the dense forest environment.
The visualization illustrates the system’s ability to simultaneously localize the ve-
hicle and map the complex environmental structure.

3.4 Flight Control and State Estimation

The Flight Control Unit (FCU) represents the critical real-time control layer that
translates high-level navigation commands into precise actuator inputs. This section
details the control architecture and state estimation algorithms that enable robust
autonomous flight performance.

3.4.1 PX4 Autopilot Integration
PX4 Autopilot version 1.15 serves as the primary flight controller, providing com-
prehensive flight control capabilities ranging from basic stabilization to complex
trajectory tracking [6]. The system’s architecture enables seamless integration with
high-level path planners through standardized interfaces that accept position, veloc-
ity, and attitude commands. PX4’s role extends beyond simple command execution;
it encompasses attitude control, motor mixing, safety monitoring, and failsafe man-
agement—all critical components for safe autonomous operation [14].
The controller’s sophisticated trajectory tracking capabilities enable precise execu-
tion of complex flight paths generated by the planning layer. Through its cascaded
control architecture, PX4 translates desired trajectories into appropriate thrust and
torque commands while accounting for vehicle dynamics, actuator constraints, and
environmental disturbances.
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3.4.2 Extended Kalman Filter State Estimation
Central to the system’s navigation performance is the Extended Kalman Filter 2
(EKF2) module, which provides optimal sensor fusion and state estimation. The
EKF2 addresses a fundamental challenge in autonomous navigation: combining
high-frequency but drift-prone inertial measurements with accurate but low-frequency
external positioning data [15].
The sensor fusion process leverages the complementary characteristics of different
sensor modalities. High-rate IMU data (typically 200-1000 Hz) provides excellent
short-term motion tracking but suffers from integration drift over time [16]. Con-
versely, the SLAM-derived odometry offers superior long-term accuracy but operates
at significantly lower frequencies (20 Hz). The EKF2 optimally combines these data
streams using a probabilistic framework that accounts for sensor noise characteristics
and measurement uncertainties [17].
This fusion approach yields a high-frequency, drift-corrected state estimate that
maintains both the responsiveness necessary for agile flight control and the accu-
racy required for precise navigation. The resulting odometry solution serves as the
foundation for both control feedback and path planning, ensuring consistency across
the entire navigation pipeline.

3.4.3 IMU Gravity Compensation and Uncertainty Model-
ing

A critical consideration in UAV navigation systems involves the proper handling
of gravitational effects in IMU measurements and the subsequent propagation of
measurement uncertainties to downstream planning algorithms. The accelerometer
measurements from the IMU inherently include gravitational acceleration, which
must be estimated and compensated to obtain the vehicle’s true dynamic accelera-
tion.
The gravity compensation process introduces additional uncertainty, particularly in
the vertical direction where gravitational effects are most pronounced. Unlike hori-
zontal accelerations that primarily reflect vehicle dynamics, the vertical acceleration
measurement requires subtraction of the estimated gravitational component:
adynamic = ameasured − gestimated

where adynamic represents the true vehicle acceleration, ameasured is the raw IMU
measurement, and gestimated is the estimated gravitational acceleration vector.
This compensation process inherently introduces larger uncertainties in the vertical
direction compared to horizontal directions, as any errors in gravity estimation di-
rectly affect the computed vertical acceleration. Additionally, the coupling between
attitude estimation errors and gravity vector projection creates further uncertainty
amplification in the Z-axis direction.
To account for these physical limitations, the odometry data transmitted to the
path planning module includes appropriately scaled covariance matrices that reflect
the increased uncertainty in vertical state estimates. Specifically, the Z-axis position
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and velocity covariance values are increased by a factor of 10 compared to horizontal
components:

Σodometry =

σ
2
x 0 0

0 σ2
y 0

0 0 ασ2
z


where α ≥ 2 represents the uncertainty scaling factor for the vertical direction.
This uncertainty modeling serves a dual purpose: first, it provides the path plan-
ning algorithm with realistic estimates of state estimation reliability, and second, it
encourages the generation of trajectories with increased vertical clearance margins.
By explicitly communicating the higher uncertainty in Z-axis measurements, the
planning system can make informed decisions about trajectory feasibility and safety
margins, particularly when navigating in vertically constrained environments.

3.5 Dynamic Path Planning and Trajectory Gen-
eration

The path planning subsystem represents the cognitive layer of the autonomous navi-
gation architecture, responsible for generating safe, feasible, and optimal trajectories
that guide the UAV from its current position to designated waypoints while avoiding
environmental obstacles.

3.5.1 Fast-Planner Framework
Fast-Planner serves as the primary trajectory generation engine, chosen for its ro-
bust performance in complex three-dimensional environments and its proven track
record in autonomous navigation applications [2]. The planner operates on a contin-
uous cycle, receiving high-frequency odometry data from the sensor fusion pipeline
and registered point cloud data from the SLAM module to maintain current envi-
ronmental awareness.
The system outputs comprehensive trajectory specifications including position, ve-
locity, acceleration, and yaw angle commands at each time step. This detailed
trajectory information enables the flight controller to execute smooth, dynamically
feasible paths while maintaining optimal energy efficiency and flight stability [22].
The integration between planner and controller through standardized trajectory in-
terfaces ensures consistent performance across different flight scenarios.

3.5.2 Topological Path Planning Strategy
Among Fast-Planner’s available planning modes, topological path searching was se-
lected for its superior robustness and comprehensive solution space exploration. This
approach excels in highly cluttered environments where naive direct-path strategies
would inevitably encounter obstacles [23].
The topological planning algorithm initiates with a direct line-of-sight trajectory
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toward the target destination. Upon detecting obstacle interference, the system
systematically explores alternative topological structures within the environment,
generating candidate paths that navigate around or over obstacles while maintaining
dynamic feasibility constraints [24]. This approach ensures that even in severely
constrained environments, the planner can identify viable navigation solutions that
might be missed by more conventional search strategies.
The iterative refinement process continues until a collision-free, dynamically feasible
trajectory is identified, or until the search space is exhaustively explored. This
methodology provides both computational efficiency for straightforward scenarios
and robust solution discovery for complex navigation challenges, making it well-
suited for the dense forest environment employed in this study.
Figure 3.5 demonstrates the Fast-Planner’s topological path planning capabilities
in a complex obstacle field. The visualization shows the generated trajectory (red
path) navigating through the environment while avoiding obstacles represented by
the colorful voxel structures. The planner successfully identifies a feasible path that
maintains safe clearance from all detected obstacles while adhering to the UAV’s
dynamic constraints.

Figure 3.5: Fast-Planner trajectory generation demonstration showing the planned
path (red) navigating through a simulated random forest environment. The colorful
voxel structures represent detected obstacles, and the algorithm successfully gener-
ates a collision-free trajectory while maintaining dynamic feasibility.

3.5.3 Real-Time Performance Considerations
The path planning system operates under strict real-time constraints to ensure re-
sponsive navigation behavior. The 20 Hz point cloud update rate from the SLAM
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system establishes the fundamental replanning frequency, while the high-frequency
odometry enables continuous trajectory refinement between major replanning cycles
[25].
The computational architecture balances planning horizon length with update fre-
quency to maintain real-time performance while providing sufficient lookahead for
safe navigation. Trajectory feasibility constraints account for vehicle dynamic limita-
tions, ensuring that generated paths remain within the UAV’s operational envelope
while optimizing for factors such as flight time, energy consumption, and passenger
comfort where applicable [26].

3.6 Inter-Process Communication Architecture
Effective data exchange between heterogeneous software components is paramount
for maintaining real-time performance and system reliability. This section describes
the communication infrastructure that enables seamless integration across different
ROS versions and processing modules, following the data pipeline established by the
SLAM and path planning systems.

3.6.1 ROS 2 Sensor Data Pipeline
The simulation environment operates primarily within the ROS 2 Jazzy framework,
which handles all sensor data acquisition and initial processing. IMU measurements
are published on the /velodyne/imu topic using the standardized sensor_msgs/msg/Imu
message format, providing high-frequency inertial data at rates suitable for control
applications. Simultaneously, the 128-line LiDAR generates dense point cloud data
published on /velodyne/lidar using the sensor_msgs/msg/PointCloud2 format,
delivering comprehensive environmental observations at 20 Hz.

3.6.2 Custom UDP Bridge Implementation
The integration of ROS 1-based navigation algorithms with the ROS 2 simulation
environment necessitated the development of a custom communication bridge. After
extensive testing of existing solutions, including official ROS bridge packages, it was
determined that a purpose-built UDP-based bridge offered superior performance
and reliability for our specific data streams and timing requirements.
The custom bridge implements bidirectional data translation with optimized seri-
alization protocols for each data type. Critical data flows managed by the bridge
include:

• Sensor Data Forward Path: High-frequency IMU measurements and dense
LiDAR point clouds are efficiently converted from ROS 2 to ROS 1 formats
with minimal latency.

• State Estimation Feedback: SLAM-generated odometry data flows from
ROS 1 back to ROS 2 for integration with PX4’s state estimation pipeline.
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• Control Command Path: Planned trajectories generated by ROS 1-based
algorithms are transmitted to ROS 2 for execution by the flight controller.

• System Monitoring: Bidirectional status and diagnostic information en-
sures system health monitoring across all components.

3.6.2.1 Latency Analysis and Performance Characteristics

A critical consideration in the bridge design is the introduction of communication
latency between ROS 1 and ROS 2 components. Since both ROS distributions oper-
ate on the same computational platform, the UDP bridge serves purely as an inter-
process communication mechanism rather than a network transport layer. Com-
prehensive latency measurements demonstrate that the bridge introduces minimal
temporal overhead, typically ranging from 2-4 milliseconds for standard message
types.
The bridge implementation employs timestamp preservation strategies to maintain
temporal consistency across the system. Specifically, all sensor data packets include
the original acquisition timestamp from the data source, ensuring that downstream
algorithms can accurately account for any introduced delays. This approach effec-
tively decouples the bridge-induced latency from the temporal accuracy requirements
of the navigation algorithms.
For high-frequency data streams such as IMU measurements (typically 200-400 Hz)
and LiDAR point clouds (10-20 Hz), the sub-5ms bridge latency represents a neg-
ligible fraction of the sensor sampling periods. Moreover, the deterministic nature
of the UDP communication on localhost ensures consistent latency characteristics,
avoiding the temporal jitter that could degrade filter performance in the SLAM and
state estimation algorithms.
The UDP-based implementation provides several advantages over alternative ap-
proaches: reduced computational overhead compared to serialization-heavy bridges,
configurable quality-of-service parameters for different data types, and simplified
debugging and monitoring capabilities. Most importantly, the modular design facil-
itates future migration to pure ROS 2 implementations without requiring architec-
tural modifications to other system components.

3.6.3 Coordinate System Transformation
A critical consideration in the system integration involves the fundamental differ-
ence in coordinate system conventions between ROS 2 and PX4 Autopilot. This dis-
crepancy necessitates careful coordinate transformations to ensure consistent data
interpretation across all system components.
ROS 2 employs the East-North-Up (ENU) coordinate system convention, where:

• X-axis points towards East
• Y-axis points towards North
• Z-axis points towards the sky (Up)
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Conversely, PX4 Autopilot utilizes the North-East-Down (NED) coordinate system
convention, where:

• X-axis points towards North
• Y-axis points towards East
• Z-axis points towards the ground (Down)

Furthermore, to facilitate conversions between quaternion and axis-angle represen-
tations—particularly relevant for interpreting and constructing rotations—the fol-
lowing relationship can be used:

q =
[
cos

(
θ

2

)
, sin

(
θ

2

)
u
]

where:
• θ is the rotation angle (in radians),
• u = (x, y, z) is the unit vector representing the axis of rotation.

Conversely, given a unit quaternion q = [w, v⃗] = [w, x, y, z], the axis-angle
representation can be recovered as:

θ = 2 · arccos(w), u = v⃗

sin
(

θ
2

) = (x, y, z)√
1 − w2

This formulation assumes q is a unit quaternion (i.e., ∥q∥ = 1) and is widely used for
interpreting small rotational deltas or composing larger attitude transformations.
A quaternion, when used to represent attitude, can be interpreted as the result of
rotating the vehicle from an initial horizontal orientation aligned with the X-axis,
about a specific axis by a certain angle. The axis and angle can be extracted directly
from the quaternion using the method above.
As previously defined, the ENU and NED coordinate systems exhibit opposing con-
ventions in their horizontal axes. Specifically, the X- and Y-axes of these frames
point in reversed directions. This discrepancy implies that the quaternion represent-
ing a vehicle’s orientation—when interpreted from one coordinate system—must be
appropriately transformed to maintain consistency.
A common scenario arises in transforming a quaternion expressed in the ENU frame
into the equivalent quaternion in the NED frame. In such cases, the orientation
quaternion often describes the rotation from the Y-axis to the desired attitude
in the ENU convention. However, the goal in the NED system is to determine
the rotation from the X-axis to the same desired attitude. Since the vehicle’s
physical attitude remains unchanged, the transformation can be decomposed into
two sequential rotations:

1. Apply a 90-degree rotation about the Z-axis to reorient the vehicle from
facing along the X-axis to the Y-axis in ENU.
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2. Multiply this rotation with the provided quaternion to yield the desired rota-
tion from the X-axis in the NED frame.

This process is visualized in Figure 3.6. Conversely, converting from NED to ENU
follows an analogous process:

1. Apply a -90-degree rotation about the Z-axis to reorient from the X-axis
to the Y-axis (in NED coordinates).

2. Multiply this rotation with the provided quaternion to recover the equivalent
ENU-frame representation.

This inverse operation is illustrated in Figure 3.7. In both conversions, the under-
lying principle remains the same: maintain the vehicle’s physical orientation while
changing the reference axis used for interpreting the quaternion.

Figure 3.6: Transforming a quaternion from ENU to NED coordinates via a +90◦

rotation about the Z-axis.

These transformations ensure consistency when interpreting vehicle attitudes across
systems that adopt different coordinate conventions, such as ROS 2 and PX4. The
use of fixed-axis pre-rotations allows seamless quaternion adaptation without alter-
ing the physical orientation of the vehicle.
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3. Methodology for the Modular Navigation System

Figure 3.7: Transforming a quaternion from NED to ENU coordinates via a −90◦

rotation about the Z-axis.
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4
Evaluation of the Modular

Navigation System

4.1 Quantitative Performance Metrics
The autonomous navigation system was evaluated through 100 independent trials
in the dense forest simulation environment. The following results summarize system
reliability, accuracy, and computational performance.

Table 4.1: Overall Mission Performance

Outcome Count Percentage
Successful Completions 77 77%
Mission Failures 19 19%
Timeout Events 4 4%
Total Trials 100 100%

Table 4.2: Pose Estimation Error Statistics

Metric Position RMSE (m) Rotation RMSE (◦)
Mean 2.11 8.46
Std. Dev. 0.55 5.13
Min 0.11 1.12
Max 2.96 27.42
Variance 0.31 26.34

Table 4.3: Trajectory Tracking Error

Statistic Tracking RMSE (m)
Mean 0.21
Std. Dev. 0.05
Min 0.17
Max 0.48
Variance 0.002
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4. Evaluation of the Modular Navigation System

Figure 4.1: Distribution of CPU Usage During Navigation Trials

Figure 4.2: Pose Estimation Error Distribution (Position and Rotation)

Figure 4.3: Trajectory Tracking Error Distribution
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4. Evaluation of the Modular Navigation System

4.1.1 Performance Distribution Analysis

During the navigation experiments, the average CPU usage was 589.7%, correspond-
ing to approximately 49% of the total 12-core system capacity. The distribution
analysis reveals that CPU load remained consistently high throughout the trials,
with most measurements clustered closely around the mean value (Figure 4.1).
Position errors exhibited an approximately normal distribution centered around 2.1
meters, while rotation errors were right-skewed, with the majority of values below 10
degrees (Figure 4.2). The trajectory tracking errors were notably consistent, with
most values concentrated below 0.25 meters (Figure 4.3), demonstrating reliable
execution of planned paths by the flight controller.
These quantitative results establish a comprehensive baseline for evaluating the mod-
ular navigation system’s performance and provide the foundation for the detailed
failure mode analysis presented in subsequent sections.

4.2 Overall System Performance

The autonomous navigation system demonstrated substantial success across mul-
tiple experimental trials, validating the fundamental feasibility of the integrated
architecture. The majority of navigation attempts successfully achieved the objec-
tive of traversing the dense forest environment from the designated starting point to
the target destination without collision incidents. These successful missions confirm
that the combination of FasterLIO SLAM, Fast-Planner trajectory generation, and
PX4 flight control can effectively operate in complex three-dimensional environments
with dense obstacle distributions [13].
However, despite the predominantly positive outcomes, occasional collision events
were observed during the experimental evaluation. These incidents provide valu-
able insights into the system’s operational limitations and highlight areas requiring
further development. The following analysis examines the primary failure modes
identified through systematic evaluation of both successful and unsuccessful nav-
igation attempts, following established methodologies for autonomous navigation
assessment [3].

4.3 Failure Mode Analysis

While the autonomous navigation system achieved satisfactory performance in most
scenarios, understanding the failure mechanisms is crucial for improving system re-
liability and safety margins. Through detailed analysis of collision incidents and
near-miss events, three primary failure modes have been identified, each contribut-
ing to navigation failures under different operational conditions. This systematic
failure analysis approach aligns with established practices in autonomous robotics
evaluation [4, 17].
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4.3.1 SLAM System Localization Errors
The most significant contributor to navigation failures stems from inherent limita-
tions in the SLAM system’s pose estimation accuracy. While FasterLIO provides
robust odometry estimates under normal operating conditions, the system cannot
achieve perfect localization precision due to sensor noise, computational constraints,
and environmental factors [1, 18].
Under most circumstances, moderate localization errors remain within acceptable
tolerance bounds and do not compromise navigation safety. When the UAV main-
tains substantial clearance from obstacles, small pose estimation deviations are eas-
ily compensated by the path planning system’s safety margins. However, critical
failures occur when localization errors manifest during close-proximity obstacle en-
counters, particularly during active trajectory replanning phases.
In dense forest scenarios, the UAV frequently encounters situations requiring im-
mediate trajectory adjustments to avoid newly detected or approaching obstacles.
During these critical moments, even modest localization errors can result in insuffi-
cient avoidance maneuvers [12]. The cumulative effect of position uncertainty and
velocity estimation errors can cause the planning system to underestimate the re-
quired avoidance amplitude, leading to trajectory solutions that appear collision-free
based on the estimated state but prove inadequate given the actual vehicle position.

4.3.2 Flight Controller Trajectory Tracking Errors
The second major failure mode arises from the inherent limitations in trajectory
tracking performance exhibited by the PX4 flight control system. Even when the
path planning module generates theoretically optimal collision-free trajectories, the
physical UAV cannot achieve perfect trajectory following due to actuator constraints,
aerodynamic disturbances, and control system bandwidth limitations [6, 22].
Under nominal conditions with sparse obstacle distributions, these tracking errors
remain within acceptable bounds and do not compromise mission safety. The gener-
ous clearance margins typically maintained in open environments can accommodate
the modest deviations between planned and executed trajectories. However, the
dense forest environment presents a fundamentally different challenge where clear-
ance margins are severely constrained by the proximity of vegetation and obstacles.
In such scenarios, trajectory tracking errors that would be inconsequential in open
space can result in collision incidents [14]. The control system’s inability to precisely
follow rapid trajectory changes—particularly during aggressive avoidance maneu-
vers—becomes a limiting factor for safe navigation in cluttered environments. This
limitation is further exacerbated during high-speed flight segments where control
response delays and actuator saturation effects become more pronounced.

4.3.3 Path Planning Algorithm Limitations
Perhaps most concerning from a system design perspective is the identification of
inherent limitations within the path planning algorithm itself. Even under ideal-

30



4. Evaluation of the Modular Navigation System

ized simulation conditions where perfect trajectory tracking is assumed—eliminating
both SLAM localization errors and flight controller tracking deviations—occasional
collision events still occurred during experimental trials.
These incidents reveal fundamental limitations in the topological path planning
approach employed by Fast-Planner [2]. While the algorithm demonstrates robust
performance in most scenarios, certain environmental configurations can challenge
its obstacle avoidance capabilities. The discrete nature of the planning algorithm’s
environmental representation, combined with finite computational resources and
real-time constraints, can occasionally result in trajectory solutions that appear
collision-free during planning but prove inadequate during execution [23, 24].
The 20 Hz update frequency of the planning system, while suitable for most naviga-
tion scenarios, may prove insufficient for handling rapidly changing environmental
conditions or high-speed flight through extremely dense obstacle fields [25]. Addi-
tionally, the algorithm’s reliance on discrete voxel-based environmental representa-
tions can introduce artifacts where obstacle boundaries are not perfectly captured,
potentially leading to trajectories that pass closer to obstacles than intended.

4.3.4 LiDAR Sensor Coverage Limitations
A particularly critical failure mode stems from the inherent limitations in LiDAR
sensor coverage, which creates blind spots in environmental perception. In the im-
plemented system, the 128-line LiDAR sensor configuration provides comprehensive
coverage spanning from 90 degrees upward to 15 degrees downward relative to the
horizontal plane. While this configuration ensures excellent forward and lateral
obstacle detection, it creates a significant blind zone directly beneath the UAV.
This sensor blind spot becomes problematic when the path planning algorithm gen-
erates trajectories that involve significant altitude changes, particularly rapid de-
scents. Since the planning module relies exclusively on the registered point cloud
data for obstacle detection, areas not covered by the LiDAR sensor appear as free
space in the environmental representation. Consequently, the algorithm may gen-
erate descent trajectories that bring the UAV dangerously close to or into collision
with obstacles located directly below the vehicle.
The blind zone issue is exacerbated in dense forest environments where tree canopies,
fallen logs, or ground-level vegetation may not be detected until the UAV descends
into the sensor’s detection range. By this time, the proximity to obstacles may
be insufficient for the planning system to generate effective avoidance maneuvers,
particularly given the limited vertical clearance margins available in cluttered envi-
ronments.
This limitation highlights a fundamental challenge in sensor-based navigation sys-
tems: the trade-off between sensor coverage completeness and practical implementa-
tion constraints. While omnidirectional sensing would theoretically eliminate blind
spots, such configurations are often impractical due to weight, power, and compu-
tational constraints typical of UAV platforms.
As illustrated in Figure 4.4, the 128-line LiDAR sensor provides excellent coverage
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Figure 4.4: Example of a UAV navigating in a dense forest environment using a
128-line LiDAR sensor. The blue points indicate the LiDAR point cloud; coverage
is comprehensive laterally and forward but leaves a significant blind zone directly
beneath the UAV. As a result, obstacles under the UAV—such as tree roots, fallen
logs, or uneven ground—may remain undetected until the vehicle descends, limiting
reaction time for safe avoidance.

in forward and lateral directions, while a distinct blind spot exists directly below
the UAV. In cluttered environments such as forests, obstacles within this blind zone
may remain undetected until the UAV is in close proximity, increasing the risk of
collision during rapid descent or low-altitude maneuvers.

4.4 Performance Implications and System Limi-
tations

The identified failure modes collectively highlight the challenges inherent in au-
tonomous navigation systems operating in complex real-world environments. While
each subsystem—SLAM, path planning, and flight control—performs adequately
within its design parameters, the integration of these components introduces sys-
temic challenges that can compromise overall reliability [4].
The cumulative effect of individual subsystem errors represents a fundamental chal-
lenge for autonomous navigation in constrained environments. Small errors in each
component can combine constructively, leading to system-level failures even when in-
dividual components operate within their specified tolerances [17]. This phenomenon
underscores the importance of robust error propagation analysis and the implemen-
tation of appropriate safety margins throughout the system architecture.
Furthermore, the real-time constraints imposed by autonomous flight applications
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limit the computational resources available for error detection and correction. While
more sophisticated algorithms might theoretically provide improved performance,
the practical requirement for real-time operation constrains the complexity of feasi-
ble solutions, necessitating trade-offs between computational efficiency and naviga-
tion precision [26].
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5
Discussion and Conclusions on the

Modular Approach

5.1 Overall System Performance
The evaluation of the autonomous navigation system has yielded valuable insights
into the practical challenges of deploying robust UAV navigation in complex envi-
ronments. The developed modular architecture—integrating LiDAR-based SLAM,
trajectory planning, and PX4 flight control—demonstrated reliable performance in
many test scenarios and validated the feasibility of modular systems for UAV nav-
igation in cluttered or GPS-denied settings. At the same time, the experiments
revealed several important limitations that shape the broader understanding of sys-
tem behavior and potential failure modes.

5.2 Identified System Limitations

5.2.1 Error Accumulation Effects
The experiments demonstrate that small inaccuracies in individual subsystems can
compound over time, ultimately leading to system-level failures. This highlights the
need for careful error budgeting, tighter system integration, and improved robustness
at the architecture level.

5.2.2 Real-Time Computational Constraints
Meeting strict real-time requirements imposes fundamental trade-offs between al-
gorithmic sophistication and computational feasibility. This limits the complexity
of perception, mapping, and planning algorithms that can be deployed reliably on
embedded platforms.

5.2.3 Sensor Update Rate Limitations
The 20 Hz update rate of the LiDAR-based SLAM system forms a performance
bottleneck in scenarios requiring fast reaction times. Limited temporal resolution
constrains navigation responsiveness and reduces safety margins in highly dynamic
or densely cluttered environments.
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5.2.4 Environmental Complexity Challenges
Dense forest environments expose the boundaries of current geometric mapping and
planning methods, revealing situations where traditional assumptions about obstacle
structure or free-space connectivity no longer hold.
These observations collectively underscore the difficulty of ensuring reliable au-
tonomous navigation in real-world conditions and emphasize the need for further
research into improving both system robustness and environmental adaptability.

5.3 Architectural Insights and Lessons Learned

5.3.1 Hierarchical Analysis of System Bottlenecks
A deeper examination of the failure cases reveals that SLAM accuracy, while impor-
tant, is not the dominant bottleneck in the navigation pipeline. As long as relative
pose estimates remain locally consistent, the system can typically maintain rea-
sonable navigation performance. More fundamental constraints arise from limited
sensor update rates and from planned trajectories that may be infeasible to execute
in densely cluttered environments.

5.3.2 Information Flow and Abstraction Limitations
An inherent characteristic of modular navigation architectures is the staged process-
ing of sensor data into increasingly abstract representations. Raw sensory informa-
tion is progressively distilled through predefined interfaces—from sensor measure-
ments to geometric maps, from maps to planned paths, and from paths to low-level
control inputs. Each abstraction step necessarily discards certain information that
might otherwise support more informed decision-making.
This structured information flow, while valuable for modularity, interpretability, and
system maintainability, also restricts the system’s ability to utilize the full richness
of the available sensory data. The SLAM subsystem may omit perceptual cues not
relevant to geometric reconstruction; the planner reasons over simplified spatial ab-
stractions that do not account for uncertainty or scene context; and the controller
operates without direct access to the original sensory evidence that informed up-
stream decisions.
This progressive information reduction constitutes a fundamental limitation of mod-
ular designs. Regardless of how well individual modules are tuned, the architec-
ture inherently constrains the amount and type of information that can propagate
through the system. These findings point to important directions for improving
future navigation pipelines, particularly regarding tighter integration between per-
ception, planning, and control.
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6
Future Work and Exploratory

Studies on Vision-Based
End-to-End Navigation

This chapter presents future research directions for vision-based end-to-end naviga-
tion and summarizes the preliminary exploratory studies conducted during this the-
sis. While the primary focus of the work has been the development and evaluation of
a LiDAR–SLAM-based modular navigation system, several vision-driven end-to-end
approaches were examined at a conceptual and prototype level. These exploratory
investigations provide insight into how learning-based methods may leverage raw vi-
sual data and highlight both the potential and the current limitations of vision-based
navigation in GPS-denied railway environments.

6.1 Motivation for End-to-End Navigation
The findings from the modular system highlight several structural limitations, par-
ticularly the fact that information flow between perception, mapping, planning, and
control is predetermined by human-designed interfaces. Because each module re-
ceives only a predefined abstraction of upstream sensor data, the system cannot fully
exploit the richness of the original measurements. While LiDAR provides geomet-
rically precise and stable input for modular pipelines, its representational capacity
is fundamentally limited to spatial structure. In contrast, visual sensors capture far
more information about the environment, including appearance, texture, context,
and semantic cues that are discarded in conventional SLAM–planning workflows.
Recent rapid advances in computer vision and representation learning suggest that
vision-based models may increasingly overcome the traditional drawbacks of visual
sensing—such as sensitivity to illumination or motion blur—and may eventually
surpass LiDAR in tasks requiring high-level scene understanding. Task-driven end-
to-end learning approaches, which map raw visual observations directly to control ac-
tions, allow the navigation strategy and information extraction process to be learned
jointly rather than imposed by predefined interfaces. This creates the possibility of
leveraging the full expressive power of visual data and achieving performance beyond
the limits of modular architectures.
Although a complete vision-based end-to-end navigation system is beyond the scope
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of this thesis, these trends provide a strong motivation for exploring such methods
in future research.

6.2 Technical Pathways for End-to-End Learning
Based on current literature and the exploratory studies conducted in this thesis,
three representative technical pathways for end-to-end learning-based navigation
were examined and analyzed:

6.2.1 Next-Token Prediction Models
Self-supervised learning (SSL) has become a central paradigm in modern computer
vision, enabling models to acquire visual representations without human-annotated
labels. Unlike supervised approaches that rely on explicit ground truth, SSL ex-
ploits intrinsic structure in data—such as spatial redundancy, temporal coherence,
or masked content—to formulate learning objectives. For sequential visual data
such as video, a natural SSL objective is to predict future observations from past
frames. This formulation is conceptually analogous to the next-token prediction
objective used in large language models (LLMs), where predicting the next element
in a sequence encourages the model to internalize latent structure.

DINOv3 Patch Embeddings. To construct a tokenized visual representation
suitable for sequential modeling, this work employs DINOv3 patch embeddings [30]
as the underlying visual tokens. DINOv3 provides rich, semantically structured
features [30] and has demonstrated strong performance across a range of downstream
computer vision tasks. Understanding the spatial organization of these pretrained
embeddings is important for motivating their use as the foundation of our prediction
model.
To qualitatively analyze the structure of the patch tokens, a 3D PCA projection was
applied to the high-dimensional embeddings. As shown in Figure 6.1, the resulting
pseudo-color maps exhibit coherent alignment with object boundaries, semantic re-
gions, and scene geometry. This visualization highlights that the pretrained encoder
already captures meaningful spatial structure, making it a strong candidate for use
as the tokenization backbone for sequential prediction.

Architecture for Next-Token Prediction. Motivated by the success of next-
token prediction in LLMs, this thesis investigates whether a similar paradigm can
serve as a foundation for end-to-end visual navigation. The initial idea was to
pretrain a model on large-scale online video data so that it could develop a generic
understanding of visual dynamics, and subsequently fine-tune this representation via
few-shot supervised learning or reinforcement learning for navigation-specific tasks.
Departing from decoder-only architectures used in language modeling, this work
adopts an encoder–decoder design to better separate representation learning from
future prediction. The encoder processes the first half of a video clip to produce a
latent representation of the past, whereas the decoder autoregressively predicts the
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Figure 6.1: Qualitative visualization of DINOv3 patch-token embeddings. For
each sampled frame, the left image shows the original RGB input, and the right
image shows a 3D PCA projection of the corresponding patch tokens.

patch embeddings corresponding to the second half. This design aims to mitigate
the short-horizon bias commonly observed in purely decoder-only models.
To support real-time robotic inference, the encoder uses a decoder-style masked at-
tention mechanism, enabling the use of key–value (KV) caching. This allows the
model to incrementally integrate new frames while reusing cached representations
from previous steps, significantly reducing computation. During inference, the de-
coder anticipates future observations, while the encoder continuously incorporates
both historical and predicted frames, forming a coherent and evolving representation
of the scene. A schematic illustration of the architecture is shown in Figure 6.2.

Figure 6.2: Overview of the proposed next-token prediction architecture. The
encoder processes patch embeddings from the first half of a video clip, while the
decoder predicts patch embeddings of the future frames. Cross-attention allows
predictions to be conditioned on the encoded past, forming a lightweight world-
modeling structure suitable for robotic navigation.

Dataset and Experiments. To support this prototype, a mixed video dataset was
assembled to expose the model to diverse motion patterns. Two publicly available
datasets were selected to represent distinct motion regimes: Sekai-Real-Walking-
HQ [32] for low-speed egocentric motion, and OpenDV [33] for higher-speed driving
dynamics. For each dataset, 100 videos were sampled to ensure balanced coverage.
An automated YouTube collection pipeline was also implemented to harvest addi-
tional video clips based on keyword and resolution constraints, though the prototype
experiments primarily used the curated mixed dataset.
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The model consumes DINOv3 patch embeddings as input tokens. The encoder
receives embeddings from earlier frames, and the decoder autoregressively predicts
embeddings for future frames. The working hypothesis was that by learning to
forecast future visual features, the model would internalize motion dynamics and
environmental structure, effectively functioning as a world model.
However, the experiments revealed fundamental limitations. The model quickly
converged to a trivial solution—copying input tokens—because consecutive video
frames are often highly similar, allowing loss minimization without learning mean-
ingful temporal structure. Further, real-world video future prediction is inherently
ambiguous due to occlusions, sudden motion, and the appearance of new objects.
These ambiguities make future prediction substantially more difficult than language
modeling, where the next token is more tightly constrained by context.
Conclusion. Overall, these findings indicate that pure next-token prediction on
visual features is fundamentally unsuitable as the core learning objective for world
modeling in navigation. The trivial copy solution prevents meaningful temporal
abstraction, while the inherent uncertainty and multimodality of future video frames
make prediction ill-posed without additional structural constraints. Consequently,
this approach cannot form a stable foundation for downstream control or planning.
Therefore, next-token prediction is not a feasible pathway for robust end-to-end
navigation within the scope of this thesis.

6.2.2 Self-Supervised Learning Based on Self-Distillation
Self-supervised learning (SSL) provides a general framework for learning visual rep-
resentations without labeled data by exploiting the inherent structure of images
or video. Among the many SSL paradigms, self-distillation has emerged as a par-
ticularly effective approach in recent vision models such as DINO [31] and related
teacher–student architectures. In self-distillation, a network is trained to produce
consistent feature representations across different augmentations or views of the
same input, encouraging invariance to appearance, lighting, and geometric transfor-
mations.
In this work, the motivation for exploring self-distillation was twofold. First, the
same mixed video dataset used for the next-token prediction experiments—consisting
of Sekai-Real-Walking-HQ, OpenDV, and additional YouTube clips—offers diverse
egocentric motion patterns that could support general-purpose representation learn-
ing. Second, the structure of video naturally provides multiple spatial “views” of
the same scene: different regions of a single frame are captured by the same camera
under identical environmental conditions. As illustrated in Figure 6.3, a single frame
can be partitioned into several spatial tiles, each presenting a localized view that
shares global illumination, camera motion, and scene geometry with the full frame.
Intuitively, enforcing consistency across these tiles could encourage the model to
extract higher-level information common to the entire scene, rather than overfitting
to local textures.
To explore this idea, a prototype tile-consistency SSL objective was implemented.
Each video frame was divided into a grid of spatial tiles, and the model was trained to
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Figure 6.3: Illustration of the tile decomposition strategy used in the self-
distillation prototype. A full video frame (left) is uniformly partitioned into spatial
tiles (right), each providing a localized view captured by the same camera at the
same time step.

produce consistent feature embeddings across tiles originating from the same frame.
The intention was that, by sharing the same underlying camera pose and scene dy-
namics, the tiles would provide a natural source of positive pairs for self-distillation.
In addition, the loss function incorporated a regularization term inspired by Meta’s
recent LeJEPA framework [34], which observes that well-behaved pretrained repre-
sentations tend to follow approximately Gaussian feature distributions. A simplified
SigReg-style regularization term was therefore included [34] to penalize collapsed
feature statistics and stabilize training.The overall training pipeline is illustrated
in Figure 6.4, which shows how spatial tiles are extracted from video frames, en-
coded into patch embeddings using DINOv3, passed through a lightweight temporal
module, and finally optimized using a consistency loss augmented with SigReg reg-
ularization.

Figure 6.4: Overview of the tile-based self-distillation pipeline. Spatial tiles ex-
tracted from each video frame are processed by a pretrained DINOv3 encoder to ob-
tain patch embeddings, which are then passed through a lightweight GRU module.
The model is trained using a tile-consistency loss combined with SigReg regulariza-
tion to stabilize representation learning and prevent collapse.

Despite these enhancements, the experiments revealed significant challenges. Unlike
multi-view camera setups used in more sophisticated self-distillation pipelines, tiles
extracted from a single image lack true viewpoint diversity and often break impor-
tant global structures such as perspective geometry. As a result, the model tended
to focus on highly localized texture patterns rather than extracting scene-level infor-
mation relevant to camera motion or layout. Furthermore, even with SigReg-style
regularization, the simplified training setup remained susceptible to collapse, with
the model drifting toward representations that preserved local differences but failed
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to encode meaningful global structure. In practice, stable self-distillation requires
additional mechanisms such as momentum encoders, multi-scale prediction tasks,
large-batch normalization, or explicit teacher–student separation—components that
exceed the scope of this prototype.
Conclusion. In summary, although self-distillation is a powerful paradigm in large-
scale vision models, the tile-based formulation explored here does not provide the ge-
ometric or viewpoint diversity needed for stable representation learning. The model
gravitates toward local textures, fails to capture scene-level structure, and remains
prone to collapse without sophisticated stabilization mechanisms such as momentum
encoders, teacher–student separation, or large-batch normalization. These require-
ments exceed the computational and methodological scope of this project. As a
result, tile-based self-distillation is not a viable route toward learning navigation-
relevant visual representations within a Master’s thesis setting.

6.2.3 Vision-Based Reinforcement Learning
Reinforcement learning (RL) offers a direct framework for training control policies
through trial-and-error interaction, making it an appealing candidate for end-to-
end navigation. When paired with modern visual encoders, vision-based RL enables
policies to learn navigational behaviors directly from raw images, bypassing the
need for manually engineered perception and planning modules. In principle, this
approach allows the agent to extract task-relevant features automatically and to
learn behaviors that integrate perception, prediction, and control within a unified
model.
To evaluate the feasibility of this direction, a prototype pipeline was implemented
using a pretrained DINOv3 encoder in combination with a Proximal Policy Opti-
mization (PPO) policy network [35]. For each observation, DINOv3 first produced
high-dimensional patch tokens, typically on the order of several hundred to a thou-
sand dimensions. Such high-dimensional embeddings tend to hinder RL convergence
due to the increased sample complexity and the instability of policy-gradient up-
dates. To mitigate this issue, a 1 × 1 convolution was applied to downsample the
patch-token dimension to a more compact latent space. A lightweight CNN then
aggregated the spatial structure of the downsampled tokens into a single feature
vector representing the visual observation. This compact representation was subse-
quently passed to the policy network, which output action distributions and value
estimates. An overview of the resulting architecture is shown in Figure 6.5, illus-
trating the transformation from raw visual input to control actions.
However, several practical limitations emerged during experimentation. The most
fundamental challenge lies in the simulation environment itself. Existing UAV or
railway simulators lack the visual richness—lighting variation, clutter, material di-
versity, and complex geometry—present in real railway environments. As a result,
the learned policy tended to overfit to specific textures and color patterns in the sim-
ulator and failed to generalize even under small appearance shifts. This highlights a
significant domain gap: without realistic photometric and structural variation, the
RL agent cannot associate visual cues with transferable navigational semantics.
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Figure 6.5: Overview of the vision-based reinforcement learning pipeline used in
this thesis. Raw observations from the simulation environment are passed through a
pretrained DINOv3 encoder to obtain patch-token embeddings. A 1×1 convolution
downsampling layer reduces the token dimensionality, after which a lightweight CNN
aggregates spatial information into a compact feature vector. The policy network,
trained with PPO, outputs control actions based on this representation.

A second challenge concerns sample efficiency. Vision-based PPO requires a very
large number of interactions to converge, especially when observations are high-
dimensional. Each training step involves both a forward pass through DINOv3 and
a policy update, making the process computationally expensive. Even though the
encoder was frozen during training, the overall throughput remained limited, and
the agent did not experience enough diverse trajectories to learn stable behavior.
In long-horizon tasks such as UAV navigation, this issue becomes particularly pro-
nounced, as meaningful rewards are often delayed and rare.
Finally, preliminary experiments indicated difficulties in achieving stable learning
dynamics. Because the visual encoder is fixed and the simulator lacks diversity,
the policy gradients often collapsed toward highly reactive or locally optimal be-
haviors—such as drifting toward visually distinctive textures—rather than learn-
ing navigational structure. These findings are consistent with known challenges in
vision-based RL, where insufficiently diverse training environments and sparse re-
ward structures can prevent policies from exploiting high-quality visual embeddings.
Additionally, Recent advances in generative world models have also explored the idea
of training control policies inside learned, interactable video environments. Models
such as Genie series [36] and Dreamer series [37] aim to capture environment dy-
namics through video prediction or latent imagination, allowing an agent to learn
by acting within the generated visual world rather than relying on an external sim-
ulator. While these approaches offer an appealing alternative to traditional RL
pipelines, they currently face substantial limitations. Maintaining temporal consis-
tency, physical plausibility, and interactive fidelity in long-horizon imagined rollouts
remains challenging, and errors in the generative model can quickly accumulate and
mislead policy learning. Moreover, training such models requires computational
resources far beyond what is commonly available in academic settings, often in-
volving large-scale TPU clusters or multi-node GPU pipelines. For these reasons,
generative world-model-based RL was not adopted as a primary direction in this
thesis, though it remains an intriguing avenue for future research as the underlying
technology matures.
Conclusion. The experiments demonstrate that the primary barrier to vision-based
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reinforcement learning is not the RL algorithm or the policy architecture, but the
simulation environment itself. The lack of photometric realism, geometric complex-
ity, and appearance diversity in existing UAV simulators creates a severe reality
gap that prevents policies from learning transferable visual semantics. Combined
with the poor sample efficiency of vision-based PPO and the high computational
cost of processing DINOv3 embeddings, the approach becomes impractical for long-
horizon UAV tasks. Thus, vision-based RL is currently infeasible as a standalone
path toward end-to-end navigation for this thesis.
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Conclusion and Future Work

This thesis developed a high-performance modular navigation baseline for UAV rail-
way inspection in GPS-denied environments and conducted targeted exploratory ex-
periments on several emerging end-to-end learning approaches. Rather than deliv-
ering an end-to-end navigation system, the thesis clarifies the structural constraints
inherent in current methods and identifies the core obstacles that must be addressed
by future research.
The evaluation of the modular FasterLIO + Fast-Planner pipeline revealed that a
state-of-the-art SLAM-based system can achieve robust performance in simulated
dense-forest railway environments, while still exhibiting characteristic failure modes
including localization drift, trajectory tracking deviations, LiDAR coverage gaps,
and planner-induced geometric constraints. These observations establish a rigorous
and practical baseline for benchmarking future learning-based approaches.
On the learning side, prototype experiments with predictive world models, self-
supervised representation learning, and vision-based reinforcement learning revealed
several structural bottlenecks: (1) predictive feature copying in temporal models,
(2) representation collapse in self-distillation pipelines, and (3) simulator limitations
that currently prevent robust Vision–RL. Importantly, while simulation platforms
can and should improve substantially, a perfectly realistic simulator is fundamentally
impossible. Real-world environments remain open-ended, stochastic, and influenced
by long-tail phenomena that no simulator can fully capture. Therefore, long-term
progress in embodied AI cannot rely solely on scaling simulation fidelity.
These findings motivate a shift in perspective toward more structured alternatives.
Among the possible directions, neuro-symbolic methods offer a promising and con-
ceptually aligned pathway for embodied intelligence. The remainder of this chapter
discusses this direction in detail.

7.1 Future Directions: Neuro-Symbolic Approaches
for Embodied Intelligence

Beyond the technical routes explored in this thesis, an emerging and potentially
transformative direction for embodied AI lies in neuro-symbolic approaches—methods
that combine neural representation learning with explicit rule-based reasoning. In
this paradigm, the system first constructs a symbolic or rule-based abstraction of the
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environment, and then uses these rules to constrain or guide decision-making. Such
an approach differs fundamentally from current end-to-end neural methods, which
treat perception, prediction, and control as continuous function-approximation prob-
lems.
Looking back at the history of AI, major breakthroughs have often come from mod-
els that respect the underlying structure of the data domain. Convolutional neural
networks surpassed multilayer perceptrons on image recognition by exploiting the
two-dimensional locality of images, avoiding unnecessary interactions between dis-
tant pixels. Transformers surpassed recurrent neural networks in sequence model-
ing by recognizing that long-range dependencies can be more effectively captured
through pairwise attention rather than hidden-state recurrence. These examples
highlight a recurring theme: progress emerges when model architectures are aligned
with the structural properties of the domain.
In embodied intelligence, the central structural element is action. Unlike percep-
tion tasks—where models excel at pattern recognition without explicitly encoding
rules—actions inherently carry intent, causality, and constraint. Humans, for in-
stance, may struggle to articulate why a certain image depicts a dog rather than a
cat, but can easily provide precise reasons for their own actions: braking to avoid
a collision, lifting a cup to drink water, or turning away from an obstacle. Even
habitual or reflexive actions can typically be traced back to meaningful causes. This
suggests that, unlike pattern recognition, action-generation naturally benefits from
having an intermediate layer of structured rules or symbolic abstractions.
Traditional neuro-symbolic AI has been limited by the non-differentiable nature of
symbolic rules, which makes gradient-based optimization difficult. However, in em-
bodied settings, the environment itself is already non-differentiable—robots must
act in unknown, discontinuous, and often stochastic worlds. This removes a major
barrier: the rule layer can be treated as part of the environment and optimized
indirectly through reinforcement learning. In this formulation, neural networks pro-
vide powerful perceptual representations, while the symbolic or rule-based layer re-
stricts the action space according to interpretable constraints. Effectively, the agent
searches over a discrete or structured rule space rather than a high-dimensional
continuous action space, which may significantly accelerate convergence, enhance
generalization, and improve transfer from simulation to the real world.
This perspective also opens the possibility of achieving a degree of interpretability.
If the rule layer can be inspected or analyzed, one might gain insight into the agent’s
decision-making logic—although this remains an open challenge, as defining the rule
space and designing mechanisms for rule-driven action generation are far from solved
problems.
Overall, neuro-symbolic approaches represent a promising future direction for ro-
bust embodied intelligence. By leveraging the strengths of pretrained neural models
for perception while incorporating rule-based abstractions for reasoning and con-
trol, such methods may overcome several limitations observed in pure end-to-end
systems, including sample inefficiency, poor generalization, and a lack of structural
understanding. While the development of practical neuro-symbolic architectures
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for real-world robotics is still in its early stages, the conceptual advantages suggest
that this line of research may hold considerable potential for advancing autonomous
navigation in complex environments.
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