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Summary

Autonomous UAVs are currently deployed in a rapidly expanding range of applications, where the omni-
directionality of aerial platforms vastly augments the operational capabilities. Path planning algorithms
aim to facilitate autonomous, collision-free and efficient traversal of obstacle-filled environments. The
increased dimensionality poses a significant computational challenge, necessitating further research on
computationally-efficient algorithm implementations, facilitating platforms with limited computational capa-
bilities. Several global and local path planning algorithms have been successfully implemented for UAV
traversal of cluttered and dynamic environments. The limited research on the integration of path planning
algorithms necessitates investigation into potential performance enhancement through algorithm hybridi-
sation.

Within the framework of New York University Abu Dhabi’s research project, an omnicopter platform was
developed alongside a Gazebo simulation and a global path planner implementation. As the implemented
global path planning RRT* algorithm is not real-time feasible, a computationally-efficient algorithm facilitat-
ing the global path following and local replanning must be integrated. This study proposes a 6D Dynamic
Window Approach (6D-DWA) algorithm, a high-dimensional expansion of the 2D DWA algorithm. This
algorithm determines favourable commands through sampling achievable velocity spaces, evaluating col-
lision with the environment and scoring the trajectories based on defined metrics. Unmapped obstacle
avoidance is achieved through depth-camera detection of unknown obstacles and context-aware adjust-
ment of the 6D-DWA scoring function. To maintain real-time feasibility, the planner utilises environment
voxelisation, omnicopter structure approximation and adaptive velocity sampling. A separate environment-
aware evasion logic was implemented via a state machine for fast-moving obstacle evasion, compensating
for the foresight limitations of the 6D-DWA planner.

Experimental results from simulation testing demonstrate that the 6D-DWA consistently performs below
the critical 0.2 s loop time threshold, allowing for real-time replanning. The adaptive velocity sampling
significantly outperformed random sampling, thereby limiting the required number of samples and reducing
the computational load. The environment simplification enabled real-time obstacle-aware replanning. The
context-aware adjustment of 6D-DWA weights facilitated prioritising unknown obstacle avoidance over
path following, enhancing the achievable behaviour. The static-aware evasion strategy was successfully
integrated within the local path planner.

The 6D-DWA algorithm is a feasible real-time local path planning algorithm. The desired behaviour of
the omnicopter can be achieved through scoring function definition and context-aware weight alteration.
The 6D-DWA metrics and weights should be defined based on the intended goals of the particular real-
world applications. The algorithm’s capabilities are limited by its foresight and computational performance.
Further investigation into integration of different path planning algorithms can potentially mitigate the al-
gorithm’s limitations and enhance replanning capabilities.
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Introduction

The following chapter outlines the background into the current state of path planning algorithms and
presents the identified research gap. The research objective and research questions are defined, fol-
lowed by a description of the methodology and the outline of the thesis structure.

1.1. Literature Review and Research Gap

Recent years have witnessed significant advancements in the area of autonomous multicopter platforms
[1]. The ability of multicopter UAVs to perform precise hovering and operate at low horizontal velocities
makes them particularly useful in applications such as search and rescue, delivery or surveillance [2]. Oc-
tocopters possess the ability to achieve omnidirectionality and full actuation, allowing for the full in-flight
control of the attitude [3]. Omnidirectionality allows for a wider range of applications, such as scenarios
requiring high manoeuvrability or aerial manipulation [4]. The advantages of utilising the omnidirectional
platforms, as well as the benefits of system autonomy, warrant further research and development of effi-
cient methods for autonomous traversal of cluttered spaces for omnidirectional platforms.

To autonomously traverse an obstacle-filled space, the omnicopter has to be able to generate and follow
a path in the free space. Path planning algorithms generate an optimised collision-free path in the defined
space. The algorithms are categorised into classical, soft-computing and hybrid [1]. Global path planning
algorithms are used to generate an optimised path from the start point to the desired end point. Local path
algorithms are often integrated with global path planning algorithms for local path optimisation and real-
time replanning [5]. Real-life environments are often dynamic, requiring the UAV to be able to respond to
the changes in the local environment. In order to avoid collision with dynamic obstacles the omnicopter
has to be able to perceive the environment, detect an obstacle and perform an avoidance manoeuvre [6].
Obstacle perception is accomplished through integrating sensor data.

There are many commonly used path planning algorithms for 3D space traversal. These approaches,
however, exhibit advantages and disadvantages, necessitating a trade-off on complexity and performance
[7]. Dynamic environment applications are significantly more challenging for the current algorithms [8].
Obstacle detection and avoidance methods are commonly used but are poorly integrated with the path
planning [5]. The performance limitations of an individual algorithm may be mitigated by the integration
with another algorithm. However, the increased complexity entails greater required computational effort.
Real-life implementation poses constraints on the possible methods. The computational limitations and
the need for real-time execution limit the allowable complexity of the algorithms. A computationally efficient
hybrid path planning algorithm integrated with obstacle detection and collision avoidance could improve
the performance and applicability of omnidirectional platforms in cluttered and dynamic spaces. The
omnidirectionality of the multicopter can be utilised by incorporating the attitude control in the local path
planning and obstacle avoidance strategies.

The literature review identified a clear research gap. There is a need for further research on hybrid
computationally-efficient path planning algorithms. The trade-off between the algorithm’s capabilities and
computational complexity necessitates investigation into possible computationally efficient path planning
algorithms that facilitate autonomous traversal of dynamic environments.
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1.2. Research Objective

The research objective and research questions investigated in this thesis project are defined based on
the identified research gap.

Research Objective |

The primary objective of this research project is to develop an autonomous algorithm that en-
ables an omnicopter to efficiently navigate and traverse a dynamic and cluttered environment.

Throughout this thesis, the term dynamic environment refers to any environment containing obstacles not
present in the initial STL-defined map. In order to achieve the research objective two research questions
are defined. Research Question 1 addresses the computational feasibility of the algorithm, as well as the
ability to perform replanning in dynamic environments.

Research Question 1 |

How can a computationally efficient online local path planning algorithm be developed to facili-
tate real-time 6-DOF navigation for an omnicopter in a dynamic environment?

As the DWA algorithm is of limited foresight, the replanning capabilities in dynamic environments are lim-
ited. The focus on the mitigation of these limitations through sensor integration is highlighted by Research
Question 2.

Research Question 2 |

How can a real-time obstacle avoidance strategy using sensor input be integrated within a lo-
cal planner to mitigate the foresight limitations of the 6D-DWA?

The thesis project aims to answer the defined research questions.

1.3. Methodology

The local path planner aims to enhance the existing framework developed by the New York University
Abu Dhabi [9]. The local path planner must be integrated with the global path planner, allowing for local
replanning and traversal of dynamic environments. A Dynamic Window Approach ([10]) based 6D-DWA
algorithm was engineered. The evaluation of the local path planning algorithm was performed in the
Gazebo simulation environment[11]. The thesis aims to evaluate the computational feasibility of the im-
plemented algorithm, the ability to avoid static collision and dynamic obstacle avoidance. Additionally, the
integration of a moving obstacle evasion strategy within the local path planner is investigated.

1.4. Thesis Structure

The thesis is structured as follows. The literature review is presented in Chapter 2. The chapter contex-
tualises the research, presents the currently used path planning algorithms and identifies the research
gap. The architecture of the implemented local path planner is presented in Chapter 3. Firstly, the imple-
mentation of the 6D-DWA environment-aware algorithm is discussed. Processing of the depth-camera
sensor data, as well as the unmapped static obstacle avoidance strategy is then described. Additionally,
the chapter outlines the code architecture and the state machine, implemented to aid state transition and
act as a robustness layer. The implemented planner is evaluated in simulation testing, as presented in
Chapter 4. The computational performance of the core 6D-DWA planner is first assessed. The effect of
the implemented adaptive velocity sampling is subsequently evaluated. The core 6D-DWA weight tuning
is performed, followed by the path following performance evaluation. The implemented static and dynamic
obstacle avoidance methods, as well as the static-aware evasion strategy are then assessed. Lastly, the
conclusions and recommendations for further research are discussed in Chapter 5.



Literature Review

The literature review chapter aims to provide an extensive overview and synthesis of state-of-the-art solu-
tions in path planning and obstacle detection and avoidance methods relevant to omnicopter UAVs. The
topics addressed by the literature are evaluated and discussed in terms of relevance to the thesis project.
The literature review establishes the necessary background and focuses on identifying the relevant re-
search gaps.

Firstly, the omnicopter classification and current applications are briefly addressed in Section 2.1. The
path planning problem and environment representation are then explained in Section 2.2. The global and
local path planning algorithms are presented in Section 2.3 and Section 2.4 respectively, followed by the
evaluation of currently used obstacle detection and avoidance methods in Section 2.5.

2.1. Omnicopter Classification and Applications

The flight capabilities of multicopters depend on the level of actuation. The level of actuation is quantified
by the rank of the mapping matrix, a mapping of the allowable propeller-thrust space to the allowable
aerodynamic-control wrench space[3]. Under-actuated systems have more possible degrees of freedom
(DoF) than actuated degrees of freedom. The fully-actuated multicopters have exactly six actuated de-
grees of freedom, the number of possible DoF in 3D space. The over-actuated systems are fully actu-
ated with redundancy. The tilt-rotor designs can convert between the actuation classes, as actuation is
configuration-dependent. A multicopter is considered omnidirectional if the thrust is sufficient to counteract
gravity in any direction[3].

Multicopter UAVs have a wide range of applications ranging from combat, surveillance and intelligence
collection systems [2]. Multicopter UAV solutions are beneficial for numerous civilian contexts, because
of their high manoeuvrability, low cost, and precise hovering capabilities. Multicopter UAVs have been
evaluated in various domains such as medical emergency response applications (e.g. Everdrone [12]),
surveillance [13], delivery (e.g. Amazon Prime Air[14]), wildlife monitoring (e.g. Poaching Tracking [15]),
agriculture applications (e.g. [16]) as well as search and rescue missions (e.g. [17]). The applications
benefit from the ease of deployment, as well as the modularity of the available sensors.

The scope of applications for multicopters significantly increases for fully actuated platforms. Omnidi-
rectional multicopters are able to move smoothly with high agility, which is crucial in traversing cluttered
environments. The omnidirectional multicopter platforms are highly beneficial for search and rescue mis-
sions in hard-to-reach areas [18]. Full actuation allows these platforms to function as aerial manipulators,
executing complex tasks such as grasping, transport, and object assembly [4]. The aerial manipulation
applications are highly beneficial in terms of mitigating human safety risks. The full actuation has addi-
tional potential in collaborative manipulation tasks for multi-robot operations, performing tasks such as
collaborative object manipulation[2].

While the fully-actuated platforms have a number of benefits and potential applications, they are sig-
nificantly more challenging in implementation due to their novelty and complexity [19]. The expanded
manoeuvrability of these platforms significantly complicates the motion planning problem, as the search
space must account for the full 6D pose. The challenges associated with higher energy consumption and
the increased complexity of control algorithms warrant future research.
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2.2. Motion Planning

Multicopter UAVs are highly advantageous in applications requiring manoeuvring through cluttered envi-
ronments. The multicopters’ ability to hover and rapidly alter the flight direction facilitates superior manoeu-
vrability compared to fixed-wing and hybrid UAV platforms. The shift from remotely operated multicopter
UAVs toward autonomous systems necessitated the development of robust and efficient motion planning
algorithms. Autonomous traversal of an obstacle-filled environment requires the implementation of both
path-planning algorithms and obstacle avoidance methods.

2.2.1. Path Planning Problem Description

Path planning is the generation of a feasible collision-free route optimised for a defined metric. A path
is optimised based on the intended goal, with regard to a defined metric such as flight time, distance or
energy consumption [1]. Autonomous multicopters traversing a cluttered environment must determine the
optimal path to the end-goal point and diverge from the path when needed. The path planning problem
thus comprises two distinct aspects, path generation and obstacle detection and avoidance.

Path generation entails two distinct domains, global path planning and local path planning. The global
path planning algorithms are applied to predefined and mapped environments. The global path is gen-
erated offline, based on a pre-traversal environment model, resulting in potential infeasibility of paths in
dynamic environments. Local path planning and obstacle avoidance are performed online and allow for
the traversal of dynamic environments. Path planning for UAVs faces the challenge of dimensionality.
The path planning needs to account for the 6D search space, as well as the path-planning time and time
horizon [3]. The increased dimensionality significantly increases the computational complexity, imposing
constraints on algorithms intended for real-time execution.

The performance of a path planning algorithm is commonly benchmarked by two criteria, the completeness
and optimality. The completeness criterion ensures that, given a feasible path is possible, that path is
identified by the algorithm. The criterion guarantees that the algorithm finds a solution for any environment
configuration. The completeness criterion is categorised into probabilistic completeness and resolution
completeness. The probabilistic completeness states that, given infinite time and resources, an existing
solution will always be discovered. The resolution completeness guarantees the discovery of an existing
solution in finite time. The second criterion is the optimality criterion. Path generation is optimised for a
desired metric, such as distance, smoothness, or completion time. The desired metric is defined in terms
of constraint or cost functions, allowing for the optimisation and evaluation of the path. A system can be
both single-objective, as well as aiming to optimise multiple objectives simultaneously [1]. The evaluation
of a path planning algorithm implementation depends on the definition of a desired behaviour and the
determined performance requirements.

2.2.2. Environment representation

Effective path planning requires accurate environmental modelling to identify collision-free spaces. Envi-
ronment simplification can minimise the required computational effort and aid the feasibility of real-time
algorithms. The appropriate environment representation must be selected to balance accuracy and com-
putational complexity. The following sections evaluate common world representation methods.

The Voronoi diagram is a mathematical graph-based method of partitioning an object-filled space. This
representation is created from points in space equidistant from two or more object features. The space
is partitioned into regions with one object feature each, for any point in a specific region this region’s
feature is always the closest object. The Voronoi diagram representation is presented in Figure 2.1. While
commonly applied to path planning problems, the Voronoi diagram representation performs inefficiently for
applications beyond three-dimensional [20]. The visibility graph method constructs one-dimensional lines
connecting the feature of an object to another 'visible’ feature. The features are the vertices of polygonal
representation of the object. This method is presented in Figure 2.1. The generalised visibility graph
method is an extension of the method, allowing the objects to be defined as more complex generalised
polygons. The A* algorithm, further discussed in Section 2.3, is commonly applied to visibility graphs,
although primarily in 2D cases [20].

The cell decomposition method partitions the free space into convex polygon cells. The partitioning com-
prises the same shape, such as triangles or trapezoids, and are interconnected. The cell shape must
facilitate accurate environment representation. A connectivity graph is then constructed to represent the
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connections between the cells. The method poses a complex task of defining the optimal crossing points
between the adjacent cells based on the created graph [21]. This representation can be used for both 2D
and 3D environments [22]. The cell decomposition representation is visualised in Figure 2.1.
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(a) Voronoi diagram [20] (b) Visibility graph [1] (c) Cell decomposition [21]

Figure 2.1: Examples of environment representation methods

The occupancy grid map method segments the multidimensional space into cells. Each cell is assigned
a value determining whether the cell is considered occupied or a part of the free space. The strength
of the method is both the ease of visualisation and implementation, as well as the ability to implement
stochastic reasoning for handling uncertainty in cell occupation statuses. The cells can store the prob-
abilistic estimate of the state, allowing for mitigating allocation uncertainty and improved path planning
performance[23]. The occupancy grid map is visualised in Figure 2.2.

The Point Cloud is a 3D environment representation method. A point cloud is a generated set of points in
a three-dimensional space. The 3D object geometry is created by combining a large number of individual
points in a common system frame. The density of the points determines the level of detail of the 3D object.
These points can be derived from raw sensor data, typically utilising LiDAR or vision-based sensing to
capture environmental geometry. The point cloud representation is highly advantageous due to its detailed
environment description [24]. High point density increases the computational complexity for environment
processing.

The voxelisation method creates a 3D representation using cuboid cells. The voxel grid representation is
a discrete and resolution-flexible solution, bearing resemblance to the occupancy grid map. Voxelisation
is a process of converting a point cloud into a voxel grid. The voxelisation requires the calculation of a
bounding box of the point cloud, partitioning the space into certain-sized cuboids, point cloud segmentation
and voxel representation of the segmented point sets. The voxel grid method approximates the point
cloud lowering the accuracy but significantly decreasing the computational effort [24]. The accuracy of
the voxel grid depends on the selected voxel dimensions. The voxelisation of a point cloud is visualised
in Figure 2.2.
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(a) Occupancy Grid [25] (b) Voxelisation of a point cloud [24]

*Point representation

Figure 2.2: Further examples of environment representation methods
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The performance of the path planning algorithms depends on the space definition, especially in cluttered
and complex environments. Notably, the simplification of the object geometry is commonly used in path
planning to reduce the complexity of the problem. The environment simplification can necessitate the
inclusion of buffer space around the obstacles to account for the used approximation [1].

2.3. Global Path Planning Algorithms

There are several algorithms currently applicable for the task of path generation in 3D environments. The
path planning methods will be classified as either classical, soft-computing or hybrid [1]. The currently
used methods are presented in the following sections.

Classical methods

The classical methods are comparatively computationally efficient, the performance, however, declines
with the scale of the evaluated space. The complexity of 6D search spaces restricts the applicability of
several classical planning methods for multicopter systems [1].

Dijkstra’s algorithm is a graph-search algorithm used for UAV applications. The graph-search methods
generate paths within a created graph, connecting the nodes via the edge lines [26]. Dijkstra’s algo-
rithm always explores the closest unexplored node. The algorithm is computationally demanding for high
complexity problems [1]. The A* algorithm is a graph-search method based on Dijkstra’s algorithm and
best-first search algorithms. The A* algorithm explores nodes based on the distance from the start and
the heuristic distance to the end-node [27]. The greedy best-first search can be applied, resulting in the
generation of a suboptimal but feasible path. The A* is advantageous, as it prioritises reaching the end
node over exploring all nodes. Notably, there are multiple variations of the A* algorithm, such as D*,
D*-Lite, field D*, FSA*, or GAA* [1].

In the artificial potential field algorithm, each point in space is assigned a value based on the artificial
potential function. The agent is treated as a particle reacting to the attractive forces of the end goal position
and the repulsive forces from the obstacles [28]. The vehicle traverses the space, navigating towards the
lowest potential at the endpoint. The space is tessellated into cells, but only the centre points of each cell
are considered during path planning. The method is prone to inducing oscillations near obstacles and not
allowing the agent between two closely-placed objects [20]. For complex spaces the algorithm can fail
to escape local minima. A potential solution is the inclusion of artificially added obstacles in the areas of
expected local minima. Obstacle avoidance can be accomplished by integrating the sensor inputs in the
Vector Force Field (VFF) or the Vector Field Histogram (VFH) methods [29]. The concept is visualised in
Figure 2.3.

The sampling-based methods analyse the random sampling points of the free space. These methods do
not require the complete exploration of a configuration space and are computationally efficient even in high-
dimensional space, although there is no guarantee of the optimality of the generated path. Probabilistic
Roadmap (PRM) is a sampling-based path planning method. The probabilistic roadmap method firstly
creates a connectivity graph, which is then used for the path generation. The PRM method generates
random collision-free sampling point placements in the configuration space and applies a simple local
planner to create connections between the points. The generated connections are then evaluated in
terms of collision. The created connections form a graph that can be solved using graph-search methods
[30]. Rapidly exploring random tree method (RRT) is another sampling-based method commonly used in
path planning. The algorithm incrementally builds a tree by creating paths from the root node to randomly
sampled points, and only the collision-free connections and nodes are added. The algorithm has been
proven successful in autonomous vehicle applications in complex environments [31]. The RRT has been
extended in several algorithms in an attempt to improve the issue of generating suboptimal solutions. The
extension algorithm RRT*, shown in Figure 2.3, improves the quality of the generated path over time. As
more nodes are added, the solution asymptotically converges towards the optimal path [32].
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Figure 2.3: Examples of applications of the potential field method and RRT* algorithm

Soft-computing methods

The term ’soft-computing’ encompasses machine learning, fuzzy approaches and metaheuristic algo-
rithms. The methods are categorised together due to their shared characteristics in uncertainty handling,
mimicking human reasoning and decision-making [1].

The machine learning methods comprise neural networks, supervised learning, unsupervised learning
and reinforcement learning. Neural networks mimic the biological neural networks, creating connections
between processing units. The Atrtificial Neural Network (ANN) application allows for fast convergence
and reduced computational complexity due to parallel processing. The Deep Neural Networks (DNN)
are deep architectures comprising of multiple layers ANNs and are able to handle more complex data
patterns, allowing for applications in more complex scenarios [35]. The neural networks are suitable
for dynamic environments, can handle multi-objective path planning and exhibit fast convergence but
have a high computational complexity for complex environments. Both the ANNs and DNNs have been
applied successfully in UAV path generation and collision avoidance [8]. In reinforcement learning (RL)
the UAV learns by interacting with the environment, receiving feedback and rewards and updating its
strategies accordingly. The model effectively learns through trial and error. Reinforcement learning has
been applied to the UAV path planning problem in applications focusing on improving path optimization,
collision avoidance, real-time decision-making, and energy efficiency. RL-based methods have proven
efficient in handling manoeuvrability but are computationally extensive and yield suboptimal results [8].
In supervised learning, the UAV learns based on labelled training input, allowing the model to recreate
learned patterns. In unsupervised learning, the algorithm identifies patterns without supervision, meaning
that the labelled training data is not required [35].

The fuzzy inference system utilises a non-binary truth/false logic. A decision is made based on the de-
gree of truth or falsity [36]. A ’fuzzy’ variable is non-binary, accounting for the uncertainty. A solution is
determined based on applying a defined if-then ruleset to the 'fuzzy’ input. Relevant terminology includes
fuzzification, a process of converting the input variable by the membership function, inference outputting
based on the fuzzy rules, crisp value a definite numerical value, and defuzzification, the conversion of
fuzzy output to crisp values. The basic fuzzy logic is presented in Figure 2.4. The fuzzy inference sys-
tem is particularly advantageous in dealing with undefined environments, showing potential in obstacle
avoidance in navigation. The requirement for a predefined ruleset can pose a significant challenge in
high-dimensional scenarios [1].
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Figure 2.4: Visualisation of the fuzzy inference system

The metaheuristic algorithms are a group of algorithms used for optimisation problems that are challeng-
ing for the exact methods. In navigation tasks, metaheuristic algorithms input the mapped environment
and generate initially random solutions. The paths are evaluated until a path is found to reach the goals
and constraints defined in the objective function. Simulated Annealing (SA) is a common metaheuristic
algorithm. The SA algorithm performs random adjustments to randomly generated paths, upon which
each variation is evaluated based on a probability function. The design of the probability function aims to
ensure extensive exploration of the problem space and allow for escaping the local minima [38]. The UAV
applications of the algorithm have been extensively proven to be feasible and advantageous, allowing for
optimisation in terms of multiple objectives [1]. The simplified logic of the algorithm is presented in Fig-
ure 2.5. The Genetic Algorithm (GA) is a metaheuristic algorithm that emulates the survival of the fittest
mechanism as seen in nature. A population of solutions is generated and evaluated using an objective
function. The best-performing solutions undergo either individual mutation or part combination, ultimately
resulting in a new improved set of solutions [39]. The process has been shown to be applicable to UAV
applications[1]. The principle of the algorithm is visualised in Figure 2.5. The Differential Evolution algo-
rithm is an evolutionary algorithm. The algorithm, similarly to the GA algorithm, modifies the best-scoring
solutions. As opposed to the random changes to the solutions in the GA algorithm, the alterations in the
DE algorithm are based on other solutions [40]. The DE algorithm is applicable to UAV applications in
both defined and undefined environments. The DE algorithm is advantageous due to the ease of imple-
mentation, fast and efficient computation and the quality of the proposed solution[1]. Other metaheuristic
algorithms can be applied to the problem of UAV path planning, such as Teaching-Learning-Based Opti-
mization, Grey Wolf Optimization or Fruit-fly optimisation [7].

Begin
I Initial population ‘
[
v
D@ - I Calculate the fitness value ‘
iteration? ¥
Yes
| Selection |
3 ¥ ¥
Bt Solution | Crossover |
v
Change Control l Mutation I
Parameter
[ ReducingP Comal |
4 s termination criteria
satisfied?
A
End
(a) Simulated Annealing algorithm simplified [41] (b) Genetic algorithm [42]

Figure 2.5: The basic logic of the different metaheuristic algorithms
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Hybrid methods

The hybrid methods combine multiple algorithms to achieve improved performance, unattainable for the
individual algorithms. The fusion of algorithms with different logic and characteristics can mitigate the
limitations of the algorithms while benefitting from the advantageous characteristics. Numerous recently
developed hybrid algorithms are applicable for the UAV path planning problem. The hybridised meth-
ods tend to outperform the base algorithms in terms of path length, energy consumption or computa-
tional time [8]. The soft-computing methods are integrated with both the classical methods and other
soft-computing methods. Metaheuristic algorithms have been successfully integrated with both classical
methods (Multi-frequency Vibrational Genetic Algorithm and Hybrid Genetic Algorithm), machine learning
methods (Reinforcement Learning-based Grey Wolf Optimizer) and other metaheuristic algorithms (Ant
Colony Optimization-DE algorithm) [8][7]. Hybrid solutions based on classical methods can be developed
as well, such as the fused artificial potential field method and RRT-Connect algorithm [1]. The hybridi-
sation of the path planning algorithms offers significant potential for optimisation of the path planning in
dynamic environments [8].

Global path planning algorithms are often not feasible for real-time local replanning to the high computation
time. The algorithms applicable for online replanning are discussed in Section 2.4.

2.4. Local path planning algorithms

Local path planning algorithms generate a path near the current location, allowing for the traversal of dy-
namic environments and real-time decision making. The local path planning algorithms are implemented
alongside the global path planning algorithms. The goal of the local path planning algorithms is to react
to the sensed changes in the environment and avoid potential collisions. The computational performance
is thus a priority over the optimality [5]. The commonly used local path planning algorithms are presented
below.

The Rapidly-Exploring Random Tree (RRT) algorithm discussed in Section 2.3 is also applicable for local
path planning. To improve the performance of the RRT algorithm, RRT* and RRT-Connect extensions
have been developed. The improved algorithm RRT* improves the performance by analysing nearby
nodes for lower cost and rewiring the tree at each step. The RRT-Connect improves the computation time
by generating two trees from the start and end nodes, resulting in faster convergence. The performance
can be further improved by implementing fuzzy control for random node generation. [5] The algorithm
can be applied to cluttered and dynamic environments. Real-time replanning is challenging due to the
algorithm’s complexity.

The artificial potential field method, as discussed in Section 2.3, utilises artificial forces that repel the
drone from obstacles and attract it toward the desired end point. The algorithm can be further improved
by optimising the repulsive force function definitions. The algorithm can encounter difficulties in complex
environments with high obstacle density. The method can be improved in terms of avoiding oscillations
and escaping local minima by incorporating potential field guide points at the cost of increased algorithm
complexity. The algorithm’s capability may be limited in highly dynamic environments [5].

The dynamic window approach algorithm (DWA) evaluates discrete sampled velocities within the allow-
able range. The feasible velocity commands and their effect on immediate movement are evaluated
based on the defined cost function, allowing for flexibility in the desired behaviour definition. The direct
evaluation of the velocity control inputs is highly beneficial for dynamic environment applications. The
algorithm is advantageous in terms of efficiency and real-time capability. The dynamic window approach
has been successfully integrated with the A* algorithm, resulting in promising smooth path generation [43].
The computational effort significantly increases with the dimensionality of the velocity search space. The
dynamic window approach velocity search space is visualised in Figure 2.6. There has been a successful
DWA implementation capable of real-time replanning in 3D environments [44].

Fuzzy logic, as discussed in Section 2.3, is a decision-making framework that utilises a non-binary
truth/false logic. The fuzzy logic allows for navigation and decision-making in uncertain and dynamic
environments. The fuzzy logic itself is unsuitable for real-time dynamic obstacle avoidance. To improve
local path planning application performance, the method has been integrated with other path planning al-
gorithms, such as the genetic algorithm or ant colony optimisation algorithm. The hybrid approaches yield
improved performance at the cost of high computational effort, which can cause difficulties in real-time
applications [43].
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The Vector Field Histogram (VFH) method is a local path planning method primarily used for obstacle
avoidance. The algorithm represents the environment with a vector field histogram generated from the
sensor data. The histogram, as presented in Figure 2.6, represents the density of obstacles in the given
direction. The decision on the direction of the movement is based on the generated histogram, the heading
direction of the UAV and the direction toward the end point. The VFH* method, an extension to the
algorithm, has been successfully applied for local path planning [45]. The algorithm is computationally
efficient, applicable for dynamic environments and real-time applications but can exhibit difficulties in
cluttered environments.

As detailed in Section 2.3, the neural networks are a machine learning method. In local path planning al-
gorithms, neural networks offer high optimisation capabilities, adaptability, and effectiveness in complex
environments [5]. For example, a residual convolutional neural network (RCNN) has been successfully
applied to the local path planning problem, resulting in good performance in terms of path accuracy and
collision avoidance [46]. The computational challenges are relevant in real-time applications. The rein-
forcement learning is a learning method utilising trial-and-error for cumulative reward optimisation. The
deep reinforcement learning (DRL) frameworks have been researched for UAV applications to enhance
the clarity and efficiency of decision-making[5]. The multi-layer reinforcement learning method has been
applied for UAV traversal of a complex environment. The complexity of the method impedes its appli-
cability in real-time applications [47]. The reinforcement learning methods allow for path optimisation in
large-scale and complex environments but require high processing effort.
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Figure 2.6: Visualisations of the DWA and VFH algorithms

2.5. Sensor-based Obstacle Detection and Avoidance

Autonomous systems require measures of collision avoidance to facilitate the traversal of dynamic envi-
ronments. The environment perception, obstacle identification and collision avoidance approaches are
addressed in this section.

The UAV must possess the capability to perform a diversion based on the detection of an obstacle on
the UAV’s course. The obstacle avoidance control algorithms utilise the sensor inputs and a combination
of rule-based and optimisation-based control methods [5]. The generalised flow of the obstacle decision
and avoidance process is presented in Figure 2.7.
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The detection of obstacles within the UAV’s immediate environment is crucial for collision-free dynamic
space traversal. Environment perception utilises the available sensor data. The most commonly used
sensing methods for multicopter UAVs are addressed in Figure 2.7. The perception characteristics de-
pend on the type, number and configuration of the available sensors. Single sensor configurations limit
the data available to the planner to a singular data type and, in cases such as fixed monocular vision or
depth-camera configurations, limited Field of View (FOV). Remarkably, omnicopter UAVs have the abil-
ity to decouple attitude from lateral movement, thus possibly maintaining obstacle pointing orientations
regardless of the movement direction. The omnidirectionality enables the mitigation of the FOV limitations.

Notably, multi-sensor integration can mitigate the perceptual limitations of individual sensors. There are
multiple successful sensor integrations of different sensor types, such as stereo vision and IMUs [50],
stereo vision and radar [51] or vision and laser fusion [52]. A multi-sensor strategy combining ultrasonic,
infrared, and laser data was proposed to improve the performance in dynamic environments [53]. Multi-
sensor solutions can be unfeasible in systems with weight and computation limitations [5]. The obstacle
state estimation can additionally be augmented by estimation algorithms, such as the Kalman filtering
[54].

Local path planning algorithms require preprocessed sensing data, aligned with the specific environment
representation. The classical local path planning algorithms addressed in Section 2.4 utilise the pre-
processed obstacle information in trajectory generation. Such solutions can facilitate real-time obstacle
detection and avoidance, at the cost of requiring intensive raw sensor data processing [5]. The Simul-
taneous Location and Mapping (SLAM) based methods enable obstacle avoidance by providing an esti-
mated environment map based on the sensing data [55]. SLAM-based methods have been successfully
integrated in multi-sensor and hybrid algorithm applications[5]. The Visual-SLAM implementations can
become unfeasible for limited-computation platforms [55].

Soft-computing methods can facilitate the integration of obstacle avoidance and detection as well. There
have been successful real-time-feasible implementations of real-time obstacle avoidance using CNN [56].
Notably, some CNN-based applications are limited to environments with predefined obstacles[5]. A deep
Q-learning network DQN-based algorithm was applied successfully facilitating real-time obstacle avoid-
ance [57]. Deep learning algorithms can exhibit high computational complexity in dynamic environments.

The task of real-time obstacle avoidance poses a challenge to individual methods. Multi-sensor solutions
and data filtering allow for the mitigation of some of the challenges at the cost of computational complexity.
There is a noticeable need for further research into computationally-efficient hybrid methods, integrating
the different sensing methods and algorithms.

2.6. Summary and Knowledge Gap

Numerous studies investigated the multicopter path planning problem, applying and evaluating the afore-
mentioned classical, soft computing and hybrid methods. There is a noticeable need for further devel-
opment of path planning algorithms facilitating traversal of highly dynamic environments [7]. As seen in
Figure 2.8, hybrid path planning approaches have not been the primary focus of path planning research
efforts. Hybrid methods can facilitate good performance in terms of global path planning, as well as
enabling traversal of dynamic environments. The hybrid methods are currently often considered compu-
tationally demanding. Furthermore, the algorithm’s feasibility declines with the increased dimensionality of
the search-space. Multicopter hardware limitations require further research into computationally efficient
strategies [1].

Local path planning algorithms are integrated with global path planning algorithms, enabling local on-
route adjustments. While essential for traversal of cluttered spaces, current online methods frequently
exhibit performance limitations in dense environments [1]. The currently applied algorithms fail to maintain
real-time performance in dynamic and complex environments with imposed computational limitations[5].
Obstacle detection and avoidance methods utilise sensor data to detect and predict the trajectories of
dynamic obstacles, facilitating collision-free traversal of the dynamic environments. Obstacle avoidance
methods perform inefficiently for applications with limited computational capabilities in highly dynamic
scenarios. These limitations highlight the need for further investigation into the integration of local path
planning, sensing and obstacle avoidance [5].
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Figure 2.8: Breakdown of approaches assessed in 150 research studies in the time period of
2000-2022 showing limited research into algorithm hybridisation [8].

In conclusion, a clear research gap can be identified. The algorithm limitations are particularly relevant
for omnicopter applications due to the significantly increased complexity of the 6D search-space. The
current state of UAV path planning research necessitates a focus on hybrid algorithms enabling offline
global path planning and online local path planning in dynamic cluttered environments. The integration
of sensing, adaptable obstacle avoidance methods and local path planning algorithms facilitating the
traversal of dynamic environments requires further research. Lastly, there is a need for the algorithm to be
computationally efficient, allowing for real-time implementation. The high dimensionality of the omnicopter
applications imposes a significant challenge on the real-time performance of the algorithm.



System Architecture and Implementation

This chapter contextualises the developed local path planner within the greater framework of the omni-
copter project of New York University Abu Dhabi in Section 3.1. Subsequently, the section presents the
developed architecture and implementation of the local path planner, to address the research questions
defined in Section 1.2. The description of the local path planning algorithm implementation in Section 3.2
precedes the explanation of the unmapped obstacle detection and avoidance strategy in Section 3.3. Fi-
nally, the computational optimisation steps taken to achieve real time performance and the implemented
state machine are addressed in Section 3.4.

3.1. Omnicopter and Simulation

New York University Abu Dhabi (NYUAD) has developed a novel omnidirectional octocopter [58]. The
purpose of the omnicopter project is to deepen academic research in the area of omnidirectional UAVs.
To enable the omnicopter to autonomously traverse the cluttered environment, NYUAD has implemented
an RRT* based global path planner [9]. The global path planner inputs the defined STL map of the testing
environment and outputs a list of waypoints defining the desired 6D poses. The algorithm implementation
has been successfully tested by commanding the omnicopter through the offline-generated 6D waypoints
in simulation. Due to the significant computational overhead the RRT* algorithm cannot be used for online
local replanning.

Strict adherence to the global path poses threats, such as potential collision with the environment due
to the presence of unmapped obstacles in the environment space or unfeasible global path definitions.
Implementation of a collision-aware local path planner would allow for autonomous traversal of dynamic
environments. There is a need for a real-time feasible local path planner integrated within the omnicopter’s
framework.

The implementation of the Local Path Planner must be compatible with the previous developments within
the NYUAD'’s project. The local path planner testing is thus performed in the Gazebo simulation environ-
ment developed by NYUAD for global path planner testing[9]. The simulation environment is widely used
within the area of UAV development and academic research. Gazebo facilitates realistic physics simula-
tion, as well as the integration of simulated sensing [11]. The simulated omnicopter is commanded within
the Gazebo environment via the Robot Operating System (ROS) [59]. The Robot Operating System is an
open-source framework facilitating the node communication within the simulation. ROS is widely used in
robotics and is highly compatible with the Gazebo simulation environment.

13
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(a) Omnicopter developed by NYUAD [58] (b) Omnicopter flying in the Gazebo simulation
environment

Figure 3.1: The NYUAD-developed omnicopter and the model within the simulation

3.2. Local Path Planner

The local path planner autonomously determines optimal pose and velocity commands leading to efficient
collision-free following of the global path and ultimately reaching the global goal. The following section
presents the measures taken by the path planning’s core algorithm to determine feasible and efficient
commands.

3.2.1. Path Planning Algorithm

The core path planning algorithm must facilitate real-time replanning. The selected local path planning al-
gorithm utilises the Dynamic Window Approach [10]. At each time cycle, the Dynamic Window Approach
algorithm evaluates sampled velocities that are physically reachable at the given state. Each resulting
pose is assessed for potential collision with the environment, with the collision-free poses being scored
based on the defined metrics. The algorithm limits the evaluation to only the feasible trajectories, im-
proving computational performance. The trajectory deemed the most favourable is commanded to the
controller. The scoring is determined by a multi-objective cost function, allowing for adjustable definition
of desired behaviour. As aforementioned in Chapter 2, the DWA is primarily applied in 2D cases, due to
the computational effort increasing for higher dimension search spaces.

Adapting the algorithm for the needs of an omnicopter requires consideration of the 6 velocity components,
namely V,, V,, V; and w,,w,,w.. The 6D-DWA exploits the omnicopter’s ability to decouple attitude from
translation, facilitating simultaneous path progression and sensor-pointing manoeuvres. A crucial chal-
lenge is developing a real-time feasible implementation given the highly increased computational com-
plexity in a 6 dimensional search space. The computational limitations impose a limit on the sampling of
the search space, as well as require a computationally efficient collision evaluation. A crucial considera-
tion in the selection of the algorithm is the requirement of real-time performance. The target processing
time is 5 Hz or 0.2 s for each planning cycle.

The DWA algorithm is relatively short-sighted, the planner provides only the current best found command
with no information on future commands. That characteristic constrains the exploration capabilities of the
algorithm. The algorithm must be expanded to improve the obstacle avoidance performance. Computa-
tional constraints pose a significant challenge in expanding the replanning capabilities of the planner. The
algorithm expansion is further addressed in Section 3.3.

3.2.2. Velocity Sampling

The 6D-DWA evaluates the sampled velocities within the Dynamic Window. The Dynamic Window de-
scribes velocities that are achievable given a particular state of the omnicopter. The achievable linear
and angular velocities are determined by the current state, hardware-dictated limitations on the linear and
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angular velocities and accelerations, as well as the defined time step (At), as presented in Equation 3.1
and Equation 3.2.

min max
max{ Ulimit,; } < v; < min { Vlimit, s } . Vie{xy, 2} (3.1)

max max
Veurr,i — @ At Veurr,i 1 @; At

max max
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wm j ; Wit 5 .
max 2 <wj <min imit.J , Vje{x,y, z} (3.2)

In Equation 3.1, " corresponds to the defined hardware linear acceleration limitations. Similarly,
in Equation 3.2, o' represents the limits of angular acceleration. The dynamic window is visualised in

Figure 3.2.
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Figure 3.2: Visualisation of the 6-DOF Dynamic Window, only the velocities achievable at the current
state that are within the global hardware velocity limits are sampled.

A significant challenge in adapting DWA to 6D-DWA is the vastly increased complexity of the velocity
search space. In order for the 6D-DWA to yield satisfactory results, the velocity space must be explored
thoroughly and efficiently. The number of samples determines the computational effort required at each
6D-DWA loop, as 6D-DWA has to evaluate and score each velocity sample. To limit the number of samples
that need to be evaluated, Adaptive Sampling is implemented. Adaptive Sampling is designed to optimise
sampling by performing focused sampling on a part of the total sampling. This ensures sampling in areas
with a higher likelihood of high-scoring velocity inputs.

Sampling thus comprises three separate sampling stages determined by configurable ratios that must
sum up to 1.0. The first stage is the Exploration, in which a fraction (Exploration ratio ¢,.) is allocated
to uniform random distribution sampling. Setting the Exploration ratio to 1.0 thus equates to disabling
adaptive sampling. The Exploration stage yields the generation of vastly different samples, allowing for

an unbiased coverage of the velocity space.

The second stage is the Focused-Search. The Focused-Search ratio (f,.) determines what portion of
the total samples is generated around the best-scoring velocity determined in the previous 6D-DWA cycle.
This is particularly beneficial for maintaining smooth trajectories. The samples are generated using normal
distribution, the standard deviation (o) of the distribution is scaled relative to the size of the Dynamic
Window. This stage is skipped at first iteration, the samples are allocated to the Exploration stage.
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Lastly, the Boundary-Search stage forces sample generation at the limits of the dynamic window. The
Boundary-Search ratio (b,.) determines the number of samples used in the Boundary-Search stage. The
samples are first uniformly randomly generated, upon which either one, two or three velocity components
are shifted to the nearest Dynamic Window boundary value. This results in forced search of respectively
faces, edges and corners of the dynamic window. Boundary Search aims to improve performance in cases
in which the most beneficial behaviour is achieving velocity limits. The Adaptive Sampling is visualised
in Figure 3.3. The computational impact of the number of samples, as well as the evaluation of the

implementation and impact of adaptive sampling is presented in Section 4.2.
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Figure 3.3: Visualisation of the effect of different search ratios in Adaptive Sampling; The chosen
sampling ratios impact the sampled velocity values. For high-dimensional search spaces and limited
number of samples this can impact the sample quality.

3.2.3. Static Collision Detection

The local path planner must be environment aware, forbidding any collision with the environment. The
term ’known environment’ is used throughout the paper to indicate static environment indicated in the STL
file. In 6D-DWA each trajectory must be evaluated for potential interactions with the environment surfaces.
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For large number of samples evaluating each point within the global map is not feasible in real-time. In this
implementation, computationally-efficient static environment collision detection is accomplished through
structure simplification, environment voxelisation and local map generation.

The omnicopter is simplified and covered by 10 spheres, 8 located at the centres of the rotors and 2 cover-
ing the base. Approximating the omnicopter’s geometry with spheres minimises computational overhead,
as the distance calculation becomes invariant under rotation. The 10-sphere approximation is visualised
in Figure 3.4. The centre placement and selected sphere radius () of 0.15 m ensures that the omnicopter’s
structure is encompassed.

% Drone Center (Origin)
Base (Body)

Drone Collision Spheres
Rotors (Arms)

(a) 10-sphere approximation visualisation (b) 10-sphere approximation, as seen in RViz [60]

Figure 3.4: Visualisation of the 10-sphere approximation encompassing the omnicopter’s structure; The
10-sphere approximation is sufficient encompassing the omnicopter’s structure, while maintaining the
approximate shape and minimising computational effort.

To guarantee a desired density of points within the obstacle surfaces the loaded STL mesh undergoes
densification. The mesh densification applies a recursive method, in which the triangles defined by the
vertices are evaluated for edge length. The triangles with edge length over the threshold are bisected by
creating a new vertex in the midpoint of the longest edge. The process continues until no triangle has an
edge over the defined mesh densification parameter value. To minimise the number of points having to
be processed by the algorithm the environment is voxelised. The environment space is partitioned into
identical cubic voxels in a regular grid pattern. If at least one vertex point is found within the voxel, the
voxel substitutes the points with a single new point (centroid). The location of the new point is an average
of the locations of all points found within the voxel. The effect of voxelisation on the environment points
is visualised in Figure 3.5. This step is performed prior to take-off.
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Figure 3.5: Visualisation of the voxelisation method; The voxel centroids substitute multiple points while
maintaining desired maximum distances.

To remove the possibility of contact between the defined omnicopter spheres and environment wall faces
the omnicopter sphere radius must be artificially increased. The inflated radius (r;, ) parameter defines
the size of a larger concentric sphere, as seen in Figure 3.7. The parameters of mesh densification and
voxel size shall be chosen so that no empty voxel can be generated between the densified points. Setting
the mesh densification parameter to less or equal to the voxel size ensures that two points will be in the
same or adjacent voxels. The maximum distance between centroids corresponds to the diagonal length
between the farthest corners of adjacent voxels. This worst-case centroid spread is defined in Figure 3.6.

Diagonal Distance across Adjacent Voxels
(Voxel Size: 0.15m) = Max Diagonal Gap
vk Farthest Corners

Figure 3.6: Visualisation of the worst-case voxel centroid spread for mesh densification of 0.15 m and
0.15 m voxel edge; This maximum spread must be accounted for in collision evaluation.
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For the selected parameters of 0.15 m voxel edge and mesh densification of 0.15 m that distance is 0.52 m,
resulting in a required inflated radius of 0.3 m, as shown in Figure 3.7.

2D Side View

3D View
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0.2 T T T T T
Voxel Centroids - -0.4 -0.4 -0.2 0.0 0.2 0.4

i Detected Collision Voxel Points 0.4 X (m)

(a) Visualisation of the worst-case voxel centroid spread (b) Effect of inflated radius in case of the worst-case voxel
centroid spread

Figure 3.7: Visualisation of the sphere-surface interaction in the worst-case voxel centroid spread for
mesh densification of 0.15 m and 0.15 m voxel edge; Increasing the maximum centroid spread
necessitates increasing the inflated radius.

The chosen parameters are a result of a trade-off between conflicting goals of minimising the number of
points and the minimising the omnicopter’s artificial dimensions. The current implementation parameters
limit the minimum gap width the omnicopter is able to pass through. The farthest body z-axis protruding
sphere centres and the used sphere radius result in @ minimum required width 0.98 m. This can be
minimised up to the physical limit of 0.68 m through higher environment refinement and lowering the
inflation radius. The aforementioned values are the theoretical minima resulting from geometric analysis
and do not account for controller overshoot or positional inaccuracies.

An edge case should be acknowledged. If a voxel includes two parallel outside faces of a wall, the
centroids will be created inside of the wall. The within-wall shift of the face points should be additionally
accounted for. This edge case is not possible given the used testing environment and can be easily
mitigated by increasing the inflation radius or lowering the voxel size.

To further limit the number of points having to be processed in each 6D-DWA cycle alocal map is generated.
The local map filters all the points available in the global map and creates a subset of points within the
radius around the centre of the omnicopter. Only the local subset of points is evaluated for collision. The
local map updates every time the omnicopter travels farther than the selected rebuild trigger distance. In all
tests presented in Chapter 4 the parameter is set to 0.1 m. In summary, the 6D-DWA algorithm evaluates
whether the velocity input results in a pose in which a voxel centroid within the local map coincides with
at least one of the 10 defined spheres.

3.2.4. Trajectory Propagation

Trajectory propagation entails simulating each velocity sample forward in time to evaluate its kinematic
feasibility and potential for collision. For each velocity sample the trajectory must be simulated forward in
time. The parameter (¢,,) defines the time prediction horizon, while the simulation step (Atstep) defines the
time steps taken in the simulation. The planner simulates discretised steps leading to the final pose of the
omnicopter. This measure ensures trajectory validity estimation by avoiding validating trajectories passing
through an obstacle. The prediction horizon exceeds the planner’s time step AT, allowing to enhance the
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planning foresight of the planner. Notably, in highly cluttered environments, high ¢, can potentially lead to
unnecessary invalidation of trajectories.

As the angular velocities are defined in the body frame, the resulting rotation must be transformed into the
world frame for trajectory evaluation. Let the state of the omnicopter at time step & be the position p;, € R3
in the world frame. The orientation is denoted by the unit world-frame state quaternion q; € H. Let wp
be the constant body-frame angular velocity vector in the interval Atsep,. The implementation assumes
constant velocity within the time horizon and instantaneous attainment the sampled velocities. For high
accelerations this can cause discrepancy between the predicted and actual trajectories. The rotation
magnitude Af and the rotation axis u are computed in Equation 3.3 and Equation 3.4 [61].

A = ||wbH . Atstep (3.3)
= “b (3.4)
[|ws|

If wp, = [0,0,0]7, an identity quaternion is used as there is no rotation. If wy is non-zero, the magni-
tude of rotation Af and the rotation axis u are used to compute the rotation quaternion, as presented in

Equation 3.5 [61].
T
qa = {cos (Aj) ., ul'sin (Ajﬂ (3.5)

The subsequent orientation quaternion q,.1 is calculated via quaternion multiplication of the current state
quaternion q; and the rotation quaternion gqa., as shown in Equation 3.6. The quaternion is normalised
to counteract numerical integration drift [61].

dr ® qa

3.6
l9: © 9al (3.6)

Qr+1 =

Similarly, the linear velocity samples are generated in the body-frame and must be transformed into the
world-frame. The body-frame velocity vy, is first rotated into the world frame using the current orientation
quaternion q. The subsequent positional vector py; is then calculated using the Euler method for com-
putational efficiency, as presented in Equation 3.7. The R(q,.) denotes the rotation matrix representation
corresponding to the orientation state quaternion q,, [61].

Pr+1 = Pr + (R(Ak) - Vb) - Atstep (3.7)

To perform collision checking, the world-frame positions of the centres of the collision approximation
spheres must be determined. At every simulation step k, the global position p; ; of each sphere cen-
tre, where i € {1,2,...,10}, is calculated by transforming the static body-frame offsets, as presented in
Equation 3.8. The o; represents the body-frame offset of the centre of a sphere.

Pix = Px +R(qx) - 0; (3.8)

A trajectory is then considered invalid if, for any time step k£ and any sphere i, the distance to the clos-
est local map obstacle point O Violates the condition presented in Equation 3.9. The parameter riy
represents the inflated radius.

i,k dist(pik, Oobs) < Tint (3.9)

The invalid trajectories are discarded. For computational efficiency an early-exit strategy is implemented,
if the trajectory is deemed as collision-inducing at a given time step, the trajectory is invalidated without the
need to compute further steps. The trajectories deemed valid are evaluated, as explained in Section 3.2.5.
Notably, if no trajectories are deemed valid, the omnicopter is commanded to hover at the previously
commanded pose, as valid trajectories can potentially be found in subsequent 6D-DWA cycles.
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3.2.5. Trajectory Evaluation
The valid trajectories must be evaluated, as the objective is to output solely the best-scoring velocity input.
The following section describes the chosen evaluation criteria and the scoring methodology.

The optimal trajectory is the trajectory with the lowest value of the defined cost function. The weighted
cost function used by the implemented 6D-DWA is as presented in Equation 3.10.

J = wgoalcgoal + wpathcpath + WheadChead + WiookClook + WelearCelear + Wrace Ctace (3.10)

The first term incentivises rewarding trajectories progressing the omnicopter towards the local goal. The
Cyoal is the distance-based cost function, as presented in Equation 3.11, while the wgo4 is the correspond-
ing weight of the cost.

Cgoal = \/(xsim - fgoal)z + (ysim - ygoal)2 + (Zsim - Zgoal)2 (3-11)

The Cyoal is calculated as a distance from the simulated world-frame end-position of the omnicopter’s
centre ((zsim, Ysim, Zsim)) to the position of the local goal (zgoal, Ygoal, 2goal). The local goal is selected based
on the current location of the omnicopter. The index of closest defined global path waypoint to the current
location is determined. The local goal is created by applying an index offset of Ny, to the closest index,
resulting in targeting points further down the global path. If there are not sufficient waypoints ahead of the
omnicopter, the local goal is set to be the global goal. Increasing the corresponding weight results in the
algorithm favouring progression towards the defined local goal.

The subsequent metric promotes trajectories maintaining the global path. The path-distance cost term
Chpath represents the cross-track error, defined as the minimum perpendicular distance between the pre-
dicted position and a local subset of the discretised global path. Consecutive waypoints create K path
segments denoted by S;. The predicted position psim is projected onto a line extending each segment. If
the projection is within a segment the Euclidean distance between the simulated position and the projec-
tion is calculated. If the projection is outside of the segment the closest segment point to the projection is
used in the distance calculation. The Cpat is thus the lowest calculated distance to a local segment, as
presented in Equation 3.12. Lowering the wpath Would result in lesser incentive to closely follow the path,
increasing the likelihood of path diversions.

C’path = 52'}? (diSt(psim7 Sz)) (312)

The following term of the weighted cost function J is the heading-error weight wheaq and cost Chegag- This
metric aims to penalise the orientation error between the simulated pose and the local goal pose. The
cost calculation is shown in Equation 3.13.

C’head = 2arccos (|qsim : qgoal|) (3-1 3)

The expression gsim - ggoal denotes the dot product of the components of the simulated orientation quater-
nion gsim and desired local goal quaternion qq.ai. The absolute value ensures the calculation accounts
for the double cover property of quaternions, thus ensuring the shortest angular distance 6§ € [0,7] is
computed [61]. If the omnicopter is to follow the orientation of the global waypoints more accurately, the
whead Should be increased.

The subsequent metric within the weighted cost function is a soft-constraint measure implemented due to
the single front-facing depth camera setup of the omnicopter. As further described in Section 3.3.1, the
current sensing capabilities are limited. For true omnidirectionality in a dynamic environment the planner
should have complete sensing coverage of the local environment. To enable obtaining sensing information
needed for dynamic obstacle detection the single-camera omnicopter should be facing the desired path
segment. This is further addressed in Section 3.3. A ’lookahead’ point is identified analogously to the
local goal identification, using an independent index offset.

To calculate the ’lookahead’ cost Cioek, the normalized unit vector A, defining the pointing of the depth
camera is first computed. The computation requires world-frame orientation of the simulated end-pose.
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As the camera is pointing towards the omnicopter’s positive x-axis, the x-axis is selected, as shown in
Equation 3.14. The normalised unit vector ipath pointing toward the ’lookahead’ point is then computed.
The Epath is calculated based on the positions of the end-pose psim and the ’lookahead point’ pigok, as
presented in Equation 3.14.

p|00k - psim (314)

Atwa = R(Qsim) - 0], tan = T
00 sim

0

The cost is thus derived using the dot product of the normalised unit vectors Epath and Afyg. The Clook
calculation is presented in Equation 3.15. The perfect alignment of the camera axis with the ’lookahead’
results in zero cost. Increasing the w0k prioritises poses where the camera is aligned with the 'lookahead’
point, ensuring continuous environmental perception.

Clook = 1.0 — (Rtwg - tpath) (3.15)

The last two metrics are implemented to aid path diversion caused by unmapped static obstacles. The
welear @Nd Cgegar CcOrrespond to the obstacle clearance weight and cost, respectively. The goal of the
metric is to reward trajectories farther from obstacle points. The wsace and Ciaee relate to respectively the
unmapped obstacle facing weight and cost. This metric is implemented to ensure sufficient environment
awareness during diversion manoeuvres. Those two metrics are only applied in a separate context-aware
mode, as further described Section 3.3. In presence of only static points, the obstacle clearance weights
are set to zero.

Notably, the individual cost terms in Equation 3.10 are calculated using raw physical values with disparate
units, such as meters for distance and radians for heading orientation. Consequently, the weights both
define the relative priority of each objective and act as scaling factors to account for the different orders
of magnitude between the cost terms. The appropriate weight tuning is thus crucial for the 6D-DWA
performance. The tuning of the weights is performed empirically. Increasing one metric’'s weight will
subsequently decrease the impact of other metrics on the selection of the optimal command. The weight
tuning is presented in Chapter 4. The cost function relies on the relative ratios of the weights rather than
their absolute values. The weights are evaluated as percentages of the total weight sum.

The valid velocity sample leading to the lowest weighted cost J is commanded by the planner finalising
the core 6D-DWA cycle. Further evaluation metrics could be included depending on the desired behaviour
of the system. The inclusion of additional metrics ,such as rewarding velocity consistency or high linear
velocity, was considered not relevant for the goals of this particular implementation. Additional metrics
can significantly improve algorithm’s performance in particular applications, at the cost of increased com-
putational effort.

3.3. Obstacle Detection and Avoidance

The following section describes the measures taken to ensure the local path planner allows collision-free
traversal of an environment differing from the STL definition. Static obstacles not defined in the used STL
map are further referred to as unknown.

3.3.1. Perception

To account for the unmapped obstacles in the planning cycle, the local planner has to integrate sensing
data into the 6D-DWA pipeline. The following section describes the sensing setup and sensing data
processing.

As of the time of development, the configuration of the NYUAD’s omnicopter consisted of a single front-
facing depth camera setup. This implementation uses a Gazebo simulated depth camera [60]. The cam-
era is mounted at a body-frame offset of [0.15, 0, 0] m, resulting in the alignment of the depth camera with
the positive z-axis direction. The offset from the omnicopter centre is accounted for in the transformations
discussed in this section. The camera output point cloud feed is limited to data from the range 0.4 m and



3.3. Obstacle Detection and Avoidance 23

12 m from the camera, allowing to avoid self-detection and minimise the number of points to be processed.
The simulation applies Gaussian noise with a standard deviation of 0.007 m to the depth measurements.
The inclusion of simulated noise improves the fidelity of the perception pipeline.

The raw output of the simulated depth camera is a point cloud in the camera-reference frame. The point
cloud is visualised in Figure 3.8. To facilitate unmapped obstacle detection, the point cloud must be
transformed from camera-reference frame to the body frame, and then into the world frame. The rotation
matrix R._,;, describes the transformation from the standard optical frame into the omnicopter’s body frame.
The vector t._,;, accounts for the mounting offset, as shown in Equation 3.16.

0 0 1 0.15
Rc~>b = (-1 0 0], tey = 0 (316)
0 -1 0 0

The world-frame positions of the points within the point cloud are thus calculated. In Equation 3.17, the p.
is the raw input points position in the camera-frame, and p., is the output position of a point in the world
reference frame. The terms p,, ., and q, ., refer to the omnicopter’s position and orientation, respectively,
in the world frame.

Pw = Po,w + R(qo,w) (Rc—>bpc + tc—)b) (317)

Figure 3.8: RViz view of the generated depth camera point cloud; The excessive number of data points
necessitates downsampling.

This transformation framework ensures that all detected environmental features are represented in a uni-
fied coordinate system, enabling the local planner to execute accurate avoidance manoeuvres.

3.3.2. Unmapped Obstacle Avoidance

The static-obstacle processing pipeline first utilises a range filter to only include the points within the
specified range of interest. The filtered points are then randomly downsampled to a desired total number of
points. The downsampled point cloud is then voxelised, analogously to the voxelisation method described
in Section 3.2.3, to further minimise the computational effort. The new voxel centroids are added to
the local static point map, as described in Section 3.2.3. The inclusion of the processed depth-camera
points allows the 6D-DWA to evaluate the trajectories based on a more accurate environment definition.
The static-obstacle pipeline outputs obstacle points that are either a part of the map-defined obstacles,
unknown static obstacles or moving obstacles. Due to the foresight and computational limitations of
the 6D-DWA the moving obstacle points are treated as static at each processing cycle. The 6D-DWA
implementation does not facilitate moving obstacle point simulation in the collision evaluation.

The behaviour of the 6D-DWA local path planner is highly dependent on the defined weighted cost function,
as discussed in Section 3.2.5. Context-aware Agile Mode is introduced to enhance the planners ability to
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find trajectories around path-interfering unknown obstacles. The core 6D-DWA weights are referred to as
Standard Mode.

The context-aware Agile Mode activates when an unknown obstacle is detected. An obstacle point is
categorised as an unknown if the distance from the obstacle point to the closest point within the STL-
defined obstacle map exceeds a defined threshold. This implementation limits the unknown obstacle
recognition to obstacles placed farther than the defined threshold from the mapped obstacles. In cases
of the unknown obstacle not protruding beyond the threshold, the collision will still be avoided, as the
detected obstacle points are included in the static collision checking pipeline. The detection of an unknown
obstacle is visualised in Figure 3.9.

Figure 3.9: RViz view of the identified unknown obstacle points; As the obstacle is placed away from
mapped obstacles the planner classifies the obstacle as unknown.

To facilitate the unknown obstacle avoidance two metrics uninitialised in the Standard Mode are present
in the 6D-DWA weighted cost function .J, as described in Section 3.2.5. The first metric is the obstacle
clearance cost Cgeqr. Let the unknown obstacle points be denoted by Oyninown- FOr a simulated position
Psim, the cost is the sum of inverse-square distances to all & obstacle points’ positions o, within a defined
radius rselq. The method is inspired by the Artificial Potential Fields algorithms [62]. The expression for
the cumulative clearance cost is presented in Equation 3.18.

Colear = Z Cclear,k(psim, o) (3.18)

04 € Ounknown

The individual cost term Cgeqr, i is defined in Equation 3.19.

if || Psim — Ok || < Tfield

] (3.19)
otherwise

1
Cclear,k(psim; ok) = {Olps"nokHZ
The second metric is the incentive to point the camera towards the unknown obstacle, as defined by the
Crace COst term. The unknown obstacle ‘facing’ cost is calculated analogously to the ’lookahead’ cost
component Ciyox described in Section 3.2.5. Let o, be the distance to the nearest point in Oynknown- The
Psim @and gsim are respectively the simulated position and orientation of the omnicopter. The calculation of
the camera pointing vector Ngyq tace @and the relative obstacle vector Vops face iS presented in Equation 3.20.

1

. R o . —_ .
Nfwd,face = R(qsim) 101, Vobs,face = M (3-20)
0 Homin - psim”
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The cost is derived from the dot product, as shown in Equation 3.21

Cface =1.0- (ﬁfwd,face . Vobs,face) (3-21)

While in the Standard Mode the planner does not include the clearance and obstacle facing costs in the
scoring, weights weear and wisce are set to zero. Additionally, to allow for the planner to prioritise unknown
obstacle clearance over strict global path following, the other metric weights can be adjusted as well. The
context-aware Agile Mode allows for lowering metrics constraining the exploration of the space, such as
path adherence. The defined weights consist thus of two sets, standard weights and Agile Mode weights,
as shown in Equation 3.22. In Chapter 4, the path adherence weight wgggle is minimised to enable path

deviation. The evaluation of the effect of adjusting the 6D-DWA weights is presented in Chapter 4.

agile  agile  agile agile agile agile :
J = J(wgoal » Wpath » Whead> Wiook » Welear» Wace ) if [Ounknown| > 0 (3.22)
J(wgoah Wpath , Wheads Wiook 0, 0) if |Ounknown| =0

3.3.3. Evasion of Moving Obstacles

The point cloud processing pipeline described in Section 3.3.1 is not suitable for the identification and state
estimation of fast-moving obstacles. A separate point cloud processing pipeline must be implemented to
facilitate the detection of fast-moving obstacles. The processing should allow for high-frequency clustering
of the depth-camera data, tracking of the obstacle clusters and estimation of the obstacles’ state. Such
estimation can be achieved through state-estimation algorithms allowing for noise handling, such as the
Kalman Filtering [54]. The detection of a moving obstacle should be communicated to the planner via
a threat message. The threat message should contain information on the identified threat's estimated
position and velocity at a specific timestamp. Throughout testing of the static-aware evasion, artificially
generated threat messages are received by the planner node.

The trajectory estimation calculation accounts for the latency in communication between the perception
node and the planner node. The latency Atjaency iS calculated as the time difference of the time stamp of
the received message and the current time. The node structure and communication is further explained
in Section 3.4. Let pest denote the estimated current position of the moving obstacle, and the pmsg and
Vmsg b€ respectively the received obstacle position and velocity. The calculation of pes; is shown in Equa-
tion 3.23. Due to the real-time state estimation limitations, obstacle velocity is assumed to be constant,
potentially limiting the estimation accuracy. Higher-order motion models can be employed given sufficient
confidence in obstacle acceleration estimation at the cost of additional computational load.

Pest = Pmsg + (Vmsg : Atlatency) (3.23)

In order to evaluate whether an evasion manoeuvre should be initiated, the time to the closest point of
approach t¢pa is determined. If the time determined exceeds the defined threshold, evasion is not initiated.
This measure forbids premature evasion. The t¢p, is calculated using the relative position vector r and
the received position and velocity vectors, as shown in Equation 3.26. The relative position vector r and
relative velocity vector v, are defined in Equation 3.24 and Equation 3.25 respectively.

I = Pest — Pomnicopter (324)
Vygl = Vmsg - Vomnicopter (325)

The time to closest point of approach is calculated as presented in Equation 3.26.

_ _ I Ve
tepa = Max (0, ||Vrel||2> (3.26)

In order to evaluate whether a detected moving obstacle will collide with the omnicopter, the shortest
distance between the obstacle and the omnicopter to happen throughout the obstacle’s movement must be
determined. The shortest distance calculation is presented in Equation 3.27. The omnicopter’s structure
is encompassed by a single sphere of radius 7pounding-sphere fOr collision detection. The moving obstacle
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radius ropstacle IS @ set estimate of the moving obstacle. If the shortest determined distance is lower than
the sum of defined radii collision is detected.

dmiss = |||' + Vel - tcpa” (327)

A detected collision activates a planning pipeline separate to the 6D-DWA. The implemented 6D-DWA is
not suitable for fast evasion of moving obstacles. A fast evasion command must be generated, accounting
for the static environment to ensure collision-free evasion. The optimal evasion vector €, is found based
on the received estimated fast-moving obstacle velocity vector.

. Vimsg X I
€opt Vomsg X (3.28)
This cross-product formulation ensures that the primary evasion direction is perpendicular to the threat’s
velocity and the relative position vector. As the optimal evasion might result in a collision, a set of candidate
evasion vectors £ is generated by rotating the optimal evasion vector e, around threat velocity unit vector
Vmsg- The rotation angle 6; is determined based on the desired number of evasion candidates nyeciors, @s
shown in Equation 3.29

21

&= {R(eiyvmsg)éopt 91‘ =

, ©=0,..., Nvectors — 1} (3-29)

Tlvectors

Increasing the number of candidate vectors nyectors increases the likelihood of finding a feasible evasion
trajectory in cluttered environments, at the cost of computational time due to potential evaluation of more
unfeasible trajectories. The resulting set of candidate evasion vectors is evaluated for collision with the
local static map points, using the 10-sphere body approximation as described in Section 3.2.3. The trajec-
tory is simulated as a movement along the evasion vector with the set evasion velocity. A defined number
of steps is evaluated for each vector to ensure a trajectory passing through an obstacle is not validated.
The first found evasion vector resulting in a collision-free trajectory is commanded. If no candidate vector
results in a collision-free trajectory the omnicopter does not perform the evasion manoeuvre. The planner
prioritises mapped static environment collision avoidance over evasion due to a potential collision with a
fast-moving obstacle.

As the evasion manoeuvre finishes, the 6D-DWA activates, facilitating the identification of a collision-free
trajectory leading back to the global path waypoints. The transition logic is facilitated through the state
machine. The state machine logic is explained in Section 3.4.1.

3.4. Code Architecture

The following section includes specification on the used computational measures as well as the outline
of the established node communication. The local path planner with sensing processing is implemented
within the Robot Operating System using C++17. The implemented system comprises two nodes, the
planner node and the perception node.

The perception node performs the frame transformation and clustering, as described in Section 3.3. The
perception node subscribes to the Gazebo-published raw depth point cloud and the state topics. The node
outputs the processed point cloud to be integrated with the local static map, as well as a threat messages
containing the ID, position, and velocity of tracked moving obstacles.

The planner node encapsulates the 6D-DWA algorithm, static environment processing and the state ma-
chine. Three separate C++ classes are established. The 6D-DWA Simulator class performs the trajectory
simulation and scoring. The Map Manager class processes the static environment data. The state ma-
chine and node communication are facilitated through the Planner class. The implemented state machine
is further discussed in Section 3.4.1. The planner node outputs a message to the flight controller, contain-
ing the desired pose and velocities of the omnicopter.

In order to achieve high computational efficiency several computational optimisations are implemented.
Both the static map management and the clustering algorithms utilise k-dimensional trees (KD-Trees)
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via the Point Cloud Library (PCL [63]). The KD-trees implementation reduces the complexity of nearest-
neighbour searches from linear time O(N) to logarithmic time O(log N). The implementation utilises C++
multi-threading for parallelisation of the simulation loop across available CPU cores. All transformations,
quaternion and matrix operations are performed using the highly optimised Eigen3 library [64]. Eigen
utilises Single Instruction, Multiple Data (SIMD) vectorisation instructions, which offer significant improve-
ments in computational efficiency compared to standard array operations.

3.4.1. Finite State Machine

The implemented finite state machine acts as a robustness and safety layer, managing high-level mission
logic and compensating for the limitations of the planner. The finite state machine facilitates the transition
between the following operational states.

Initialisation and Stabilisation: Upon initialisation, the omnicopter awaits the completion of re-
quired preprocessing steps and the reception of the Gazebo-published state messages. The state
transitions into the Take-off state.

Take-off: The omnicopter is commanded to ascend to a defined altitude and enter hover. That
measure is implemented as the implemented omnicopter structure overestimation in collision check-
ing would result in detected collision with ground surface, invalidating any trajectory. The state
transitions into the Running (DWA Loop) state.

Running (6D-DWA Loop): The 6D-DWA operating state. The planner performs steps described in
Section 3.2. It is to be noted that if the 6D-DWA does not find a valid command or the processing
time exceeds a defined time threshold the omnicopter is commanded to maintain hover at previously
validated pose, transitioning into the Post Failure Hover state.

Post-Failure Hover: A hover state is defaulted to in case the 6D-DWA fails to complete the cycle
and find a valid trajectory within the specified time. It transitions back into the 6D-DWA operating
state

Evading: High-priority state initiated by collision detection of a moving obstacle on a collision-track.
The state performs the evasion manoeuvre as described in Section 3.3.3. The Evading state over-
rides the Running state and transitions into the Post-Evasion Hover state.

Post-Evasion Hover: After the evasion manoeuvre is completed the omnicopter enters a hover
state in order to stabilise the omnicopter. The state transitions into the Running (6D-DWA) state.

Landing / Goal Reached: If the omnicopter is within a defined radius of the global goal, the Running
(6D-DWA) state is overridden and landing is initiated, upon which completion the run is finalised.

Stuck: If the omnicopter fails to travel a minimal distance within a given time frame the omnicopter
is considered to be stuck and lands. This measure is necessary to account for the omnicopter being
trapped in local minima.

The flowchart of the finite state machine is presented in Figure 3.10, with the colour red indicating the
priority of the evasion pipeline over the Running (6D-DWA) state.
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Figure 3.10: Flowchart of the finite state machine; The moving obstacle evasion takes priority over the
6D-DWA. The planner transitions between states based on the defined criteria.




Experimental Results

The following chapter describes the testing frameworks and presents the results of the performed simu-
lation experiments. As discussed in Section 3.1, the high fidelity of the Gazebo simulation environment
allows for accurate verification and validation of the developed planner. These experiments are structured
to systematically address the research questions defined in Section 1.2, specifically evaluating computa-
tional feasibility (RQ1) and the robustness of obstacle avoidance (RQ2).

The chapter first presents the evaluation of the computational performance in Section 4.1, followed by an
assessment of the implemented sampling strategy in Section 4.2. The weight tuning of the core 6D-DWA
and Agile Mode 6D-DWA is then presented in Section 4.3 and Section 4.6, respectively. The path-following
performance is discussed in Section 4.4. Lastly, the implemented moving obstacle evasion strategy is
evaluated in Section 4.7.

Throughout the chapter, tables are used to highlight parameters relevant to a given testing scenario. If a
parameter used in a testing scenario differs from a set baseline parameter configuration, this parameter
is presented in a corresponding table. The set baseline parameter values are presented in Appendix A.

4.1. Computational Performance

This section evaluates the computational performance of the core 6D-DWA planner. To ensure real-time
feasibility the effect of variation of relevant parameters on the computation time needs to be examined. The
computational performance is evaluated for different numbers of samples in an environment with varying
number of static obstacle points. The testing scenario 1.1 is established using parameters described in
Table 4.1.

Table 4.1: Computational evaluation testing scenario parameters

Test: Testing Scenario Trl_a Is per Number of samples
configuration
1.1 Static floor, varying altitude 5 1000, 5000, 10000, 20000

The testing scenario 1.1 yielded results plotted in Figure 4.1. As expected, increasing the number of
samples results in an increase of the average computation time of the 6D-DWA loop. Additionally, the
number of obstacle points in the local map has a direct effect on the computation time. For 20000 samples
the average computation time exceeds the defined threshold if more than 54 obstacle points are present.

29
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Figure 4.1: Average computation time vs a number of obstacles for varying number of samples; The

computational effort increases for higher number of obstacle points in the local map and for higher

number of samples.

Linear regression has been applied to estimate the allowable number of obstacles for each sampling
configuration. The resulting regression lines are shown in Figure 4.2. The relationship between the
computation time and number of obstacles is linear for all sets, allowing for the estimation of the maximum
allowable number of obstacle points for given number of samples. The estimated allowable number of
obstacle points processed at each 6D-DWA loop is 142 for 10000 samples, 332 for 5000 samples and
1704 for 1000 samples.
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Figure 4.2: Average computation time vs a number of obstacles for varying number of samples with

regression lines; All configurations exhibit linear relationship between the number of obstacles and

computation time.
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The path-following performance of each configuration must be evaluated to determine a desired number
of samples to be used. The evaluation of the average cross-track error and the heading orientation er-
ror is presented in Figure 4.3. The cross-track error and the orientation error calculations follow from
Section 3.2.5.

Performance Comparison for Varying Number of Samples
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Figure 4.3: Averaged path-following performance for varying number of samples; The errors decrease
for higher sample numbers only if the computation time is consistently below the defined threshold.

As expected, the errors decrease with the increasing number of samples for both the heading orientation
error and the cross-track error. The performance degradation for the configuration of 20000 samples,
as compared to the 10000 sample configuration, can be attributed to the computation time performance.
As the 20000 sample configuration yields times above the desired threshold, as seen in Figure 4.1, the
planner fails to establish a favourable command thus degrading the performance. Performance can thus
be optimised by increasing the number of samples, only if the resulting computation time falls consistently
below the time threshold.

The number of static points to be processed is dependent on the parameters defined in Section 3.2.3.
Increasing the local map radius or lowering the voxel dimension results in a higher number of points in the
static map. The real-time feasibility can then be maintained by reducing the number of samples, this can
however degrade the performance. In further testing, the number of samples used is 5000, as presented
in Appendix A, unless otherwise specified.

The 6D-DWA architecture attains the required real-time performance by consistently operating below the
loop-time threshold. Exceeding that threshold results in degradation of the quality of the generated path,
requiring limitation of the computational load. The computational load is governed by the number of
velocity samples and the number of obstacle points. Consequently, the algorithm necessitates a trade-
off between the accuracy of the environment representation and the number of velocity samples. While
the computational performance can potentially differ in real-world hardware implementations, real-time
feasibility can be preserved through parameter adjustment, at the potential expense of path optimality.

4.2. Velocity Sampling Evaluation

The following section assesses the implemented adaptive sampling. The parameter configurations used in
testing are presented in Table 4.2. Only the configurations in which the sum of Exploration ratio, Focused-
Search ratio and Boundary-Search ratio is equal to 1.0 are used in testing.

The outcomes of the aforementioned testing configurations are presented in Figure 4.4. As expected, the
random sampling shows lower errors for higher number of samples. All configurations with the adaptive
sampling implemented perform better in both metrics than the purely randomly sampled 1000-sample
configuration. The implementation of adaptive sampling successfully augments the performance of the
planner given a set number of velocity samples. High performance differences are a direct result of a 6D
velocity search space. Due to the high-dimensionality of the space, random sampling is less likely to yield
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Table 4.2: Velocity sampling evaluation testing scenarios

. . Trials Number Explor. Focus. Bound. Std.
Test Testing Scenario . - . .
per config. of samples ratio ratio ratio dev.
2.1 Random sampling 5 1000, 5000 1.0 N/A N/A N/A
2.2 Adaptive sampling 5 1000 0.1,0.5 0.9,0.5 N/A 0.1,0.2

° Adaptive sampling  with

0.1,0.25, 0.1, 0.45,
boundary search

5 1000 0.1,0.5 04 08

0.1,0.2

well-performing velocity samples. The impact of adaptive sampling should decrease for lower velocity
limits, as well as for higher numbers of samples.
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Figure 4.4: Average cross-track and orientation performance of the Adaptive Sampling without
Boundary-Search, Adaptive Sampling with Boundary-Search, and random sampling configurations; The
Adaptive Sampling strategy enables the planner to achieve comparable or superior accuracy with only

20% of the samples required for the same performance using random distribution.

The observed performance degradation of adaptive sampling for Exploration ratio of 0.1 and o of 0.1 can
be attributed to insufficient exploration of the velocity search space. As 90% of the samples are focused
closely around the previous best solution, the exploration of other velocities is limited. The variations
of Focused-Search and Boundary-Search ratios yielded no clear trend. It is possible that the sampling
parameters would have a higher variation in performance given higher velocity limits. The configurations
with the Exploration ratio of 0.5 and standard deviation of 0.1 consistently exhibit performance on-par with
or superior to the random 5000-sample configuration. The baseline sampling parameters are thus set
to Exploration ratio of 0.5, Focused-Search ratio of 0.25, Focused-Search sampling deviation of 0.1 and
Boundary-Search ratio of 0.25. The baseline parameters are presented in Appendix A.

The significantly increased search-space dimensionality and limited computational capabilities limit the
possible coverage necessitating an improvement in sample quality. The adaptive sampling implementa-
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tion facilitates this improvement, yielding consistently higher performance over the purely random sam-
pling for the same number of samples. The variation in sampling ratios demonstrated negligible impact
on performance for Adaptive Sampling with Boundary-Search.

4.3. 6D-DWA Weight Tuning

The following section describes the weight tuning of the core 6D-DWA weights, as defined in Section 3.2.5.
To find the best performing weight distribution a grid search using weights presented in Table 4.3. In
each trial, the omnicopter follows the same curved global path of varying altitude in an empty simulation
environment.

Table 4.3: 6D-DWA weight tuning weight configurations

Trials per
Test: confiz. Wgoal Whead Wpath Wook
3.1 3 20, 30, 40, 50,60 10, 20, 30,40,50 O, 10, 20, 30,40 0,10, 20, 30, 40

To determine the best-performing 6D-DWA weight configurations a scoring function is defined. Each trial
is scored based on the average cross-track error, average orientation heading error, total covered distance
and average ’'lookahead’ error, as discussed in Section 3.2.5. The final score is calculated via a weighted
score function, with the corresponding metric weights presented in Table 4.4.

Table 4.4: Scoring weight configurations for the sensitivity analysis

CTE Metric Heading Metric Distance Metric Lookahead Metric

Scoring Scenario weeore wseore wseore weeore
Baseline 0.45 0.45 0.10 0.00
Slight-Facing 0.40 0.40 0.10 0.10
Strong-Facing 0.30 0.30 0.10 0.30
Facing-Focused 0.20 0.20 0.10 0.50

As presented in Table 4.3, each of the resulting configurations is evaluated in 3 trials. To ensure that
the number of trials is sufficient for accurate evaluation, the differences between scores of different trials
within each configuration are calculated. The run-to-run performance variation is plotted in Figure 4.5.
The scores are normalised to where 1.0 is the score obtained by the best scoring trial of Test 3.1.



4.3. 6D-DWA Weight Tuning 34

Distribution of Run-to-Run Performance Variation
(All Runs)

=== Mean Range: 0.0065
=== Median Range: 0.0032

Number of Parameter Configurations

0.02 0.03 0.04 0.05 0.06 0.07
Run-to-Run Score Variation (Max Score - Min Score)

Figure 4.5: 6D-DWA weight tuning run-to-run scoring variations; There are negligible differences
between the scores of trials within the same configuration.

As seen in Figure 4.5, the median scoring range between the trials is less than 0.1%. The trial scores are
consistent for each configuration, providing confidence in the configuration evaluation. The total score
distribution is presented in Figure 4.5. The top 2% best scoring configurations for each scoring scenario
are averaged. The averages, as well as the ranges of the best performing configurations are presented
in Figure 4.6. While the weights used in testing are as in Table 4.3, the weight relative distribution should
be evaluated. The weights are included in the 6D-DWA scoring function, as defined in Section 3.2.5. The
effective percentage of total weight sum determines each metric’s impact on the score, as opposed to the
weight value. The 6D-DWA weights are thus represented as the percentage of total weight sum. The low
run-to-run variation ensures that there is no bias towards over-represented or under-represented relative
weight distributions.

As shown in Figure 4.6, the best performing runs for all scoring scenarios result in the best performing
relative average wgyoa Of approximately 37%. The consistency across different scoring scenarios suggests
that the metric is less sensitive to specific behavioral trade-offs between path precision and environmental
perception. Similarly, the various scoring configurations exhibited negligible influence on the average best
performing relative wheaq, averaging approximately 31%. As expected, the scoring scenarios with higher
contribution of lookahead scoring metric favour the configurations of higher w0k On average. The relative
average wyook decreases for scoring configurations with lower score contribution of cross-track errors.
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Figure 4.6: Averaged best performing weight configurations for each scoring configuration. The
averaged weight values offer a good benchmark for the 6D-DWA. Increasing the importance of looking
ahead in the grading results in higher corresponding average weight. The weights must be thus adjusted
for the desired objective.

The weights should be tuned for the desired behaviour in a particular application. As shown in Figure 4.6,
different priorities and scoring metrics can yield different average weights. The weights used in further
testing are presented in Table 4.5. The evaluation of the path-following performance under the baseline
6D-DWA weights is presented in Section 4.4.

Table 4.5: 6D-DWA Baseline weights

Wgoal Whead Wpath  Wiook

40 30 20 10

4.4. Path Following Evaluation

The following section evaluates the path following of the core 6D-DWA using the baseline parameters, as
defined in Appendix A. To assess the ability of the planner to command the omnicopter through the empty
testing space, two distinct testing scenarios are established, as shown in Table 4.6. The test scenario 4.1
is performed to determine the path-following performance of the 6D-DWA given a waypoint-dense global
path plan, such as the paths output by the global RRT* path planning algorithm. The second testing
scenario 4.2 investigates the behaviour of the planner in scenarios with limited waypoint information.

Table 4.6: Path following evaluation testing scenarios

Test: Testing Scenario Trl_a Is per
configuration
4.1 Dense global path waypoints 5

4.2  Sparse global path waypoints (5 waypoints) 5
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The global path, as well as the resultant trajectories are shown in Figure 4.7.
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Figure 4.7: Resulting trajectories for a curved global path; The 6D-DWA is able to command the
omnicopter through free space for both RRT*-like global path definition and sparse waypoints.

As seenin Figure 4.7, given a waypoint-dense global path the omnicopter accurately follows the path. The
omnicopter manages to maintain an average cross-track distance to the global path of under 0.1 m. The
average orientation error is approximately 13°, and the average lookahead error is approximately 10°. The
orientation direction and lookahead direction can differ to varying degree. The difference is dependent
on the shape of the path, waypoint poses, omnicopter position, as well as the waypoint horizons. The
parameters used in the tests are shown in Appendix A.

To maintain the logic of lookahead and local-goal waypoints, the planner linearly interpolates the path,
ensuring that sufficient waypoint density is provided. Upon the path densification, the planner is able to
command the omnicopter through the test space. The resulting path following errors are calculated with
respect to the dense global path. The sparse-path following results in an average cross-track distance
to the global path of approximately 0.55 m. The average orientation error is approximately 27°, and the
average lookahead error is approximately 40°. The errors are significantly greater, which is to be expected
given the path estimation through interpolation. The total covered distance is however lower than for the
dense global path trajectories.

The evaluated implementation of 6D-DWA is designed to be integrated with the global path planner. If fea-
sible, the global path is assumed to be the optimal path through the environment. As shown in Figure 4.7,
the planner turns prematurely and undershoots the global waypoints. This behaviour is a direct result
of the local goal selection methodology, as explained in Section 3.2.5. The waypoint horizon was intro-
duced to smoothen the 6D-DWA trajectories, which can be seen in the resulting trajectories. The waypoint
undershooting can be mitigated by lowering the waypoint horizon, at the cost of trajectory smoothness.

The 6D-DWA with the baseline scoring function weights is able to facilitate highly accurate global path
following. The RRT*-like waypoints are utilised in determining favourable trajectories. If the global path
is sparsely defined, the planner is able to maintain its waypoint logic by linearly interpolating the provided
waypoints.

4.5. Static Obstacle Avoidance Evaluation

The following section assesses the detection and avoidance of mapped static obstacles. The goal is to
evaluate that the omnicopter is able to traverse an environment with mapped static obstacles without
collisions. The obstacles in the testing space are defined in the STL map but do not possess defined
collision in the Gazebo world. The poses of the omnicopter are thus limited not by the physical obstacles,
but solely by the planner’s understanding of the environment based on the defined STL map. This allows
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for the assessment of the collision based on the logged locations of the body-approximation spheres. The
testing scenarios used in the assessment of the static collision avoidance are presented in Table 4.7. The
number of samples has been decreased from the baseline value to ensure no performance degradation,
following the analysis in Section 4.1.

Table 4.7: Testing scenarios for the evaluation of static obstacle avoidance

Test Testing scenario Trials per  Number of

config. samples  Whead
5.1 Path fully blocked by a mapped static obstacle 5 1000 30
5.2 Path-obstructing mapped static obstacle 5 1000 30
5.3  Static mapped obstacles requiring orientation deviation 5 2000 15, 30

In the testing scenario, a static wall is positioned obstructing the path. As seen in Figure 4.8, the planner
correctly does not command positions that would result in collision. As the planner fails to find a feasible
collision-free command that would progress the omnicopter along the global path, the planner eventually
transitions into the 'Stuck’ state, as explained in Section 3.4.1.
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Figure 4.8: The side view of trajectories resultant from testing scenario 5.1; The planner correctly
recognises an infeasible path and does not command the omnicopter along the global path based on the
static map definition.

The testing scenario 5.2 is shown in the Figure 4.9. A path-obstructing obstacle is defined in the static
map, necessitating a deviation from the global path. As seen in Figure 4.9, all trajectories successfully
detected infeasibility of the global path and continued progressing along the path at a collision-free dis-
tance. Beyond the static obstacle, at 'y’ positions greater than 3.0 m, the omnicopter correctly returns to
the feasible global path.



4.5. Static Obstacle Avoidance Evaluation 38

Unfeasible Global Path

-~ Global Path
Trajectory
Static Obstacle

1.50 4

-
N
@

Z Position [m]
-
=
3

v AP ORREORG NP ol

o
J
a

A\
\

4 \i A £
1=\ PE R -

I
o
=)

0.00
-10.0 -75 -5.0 -2.5 0.0 25 5.0 7.5 10.0

Y Position [m]

Figure 4.9: The side view of trajectories resultant from testing scenario 5.2; The omnicopter correctly
deviates from the global path when the path becomes infeasible.

The following test 5.3 provides insight into the planner’s performance given an infeasible global path plan
requiring orientation diversion. Two static obstacle gaps of 1.3 m width are defined in the STL map, as
seen in Figure 4.10. The first gap is at a 45° angle, the second gap is at a 90° angle with respect to the
global waypoint orientations.
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Figure 4.10: Trajectories resulting from testing scenario 5.3; In all trials for wheag Of 15, the omnicopter
successfully reaches the global goal. In all trials for wheaq Of 30, none of the trials result in global path
completion. The wneaq cONstrains the possible deviation from the global waypoint orientations.

As seen in Figure 4.10, all configurations manage to command the omnicopter through the 45° gap. The
trials with the baseline wneqq Of 30 fail to reach the end goal, terminating at the 90° gap. Lowering the wheaq
results in the planner being more likely to select trajectories diverting from the waypoint orientations. The
Whead CONstrains the possible orientation deviation by favouring adherence to global waypoint orientations.
All trials with the lower wpeaq cONfigurations manage to command the omnicopter through the 90° gap.

The altitude and roll angle of the resultant trajectories are plotted in Figure 4.11. For the wneaq Of 15, the
planner correctly diverts from the waypoint orientation to enable collision-free traversal of the gaps. The
used gap width exceeds the geometrical minimum for the given parameters. The roll angle thus does not
need to reach exactly 45° and 90° for the corresponding gaps.
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Figure 4.11: Altitude and roll angle variation during gap traversal; For higher wgyoa the planner fails to
command orientations sufficiently deviating from the waypoint-defined 0°.

The proximity of each sphere centre for the configuration of wgoa Of 15 is determined for when the centre
falls within the defined obstacle gap. The proximity graph is shown in Figure 4.12. The spheres are
consistently farther than the sphere radius of 0.15 m, resulting in no collision. It is to be however noted,
that for the used inflated radius of 0.35 m the planner should only command positions farther than 0.235 m
from the obstacle surface, following the logic explained in Section 3.2.3. As seen in Figure 4.12, the
sphere centres exhibit closer proximity than the maximum allowed command distance. This is likely due
to the controller overshooting the commanded position. Consequently, an inflation radius greater than the
theoretical geometric minimum has to be used to ensure collision-free traversal.

08 Proximity Analysis for w_head=15

——- Collision Threshold
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Figure 4.12: Proximity to obstacles during gap traversal for wnheaq Of 15; The sphere centres
occasionally exhibit closer proximity to the obstacle surface than the maximum allowed command
distance, necessitating a safety margin.

The implemented environment simplification and omnicopter’s structure approximation facilitated the
avoidance of mapped static environments. The ability to deviate from the defined global path definition
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depends on the relative magnitude of the corresponding adherence metrics’ weights, necessitating a
trade-off between close global path adherence and deviation capabilities.

4.6. 6D-DWA Agile Mode Weight Tuning

To address the robustness of obstacle avoidance (RQ2), this section evaluates the planner’s ability to
avoid static unknown obstacles. This section entails the evaluation of the implemented unknown obstacle
detection strategy, as well as the weight tuning of the Agile Mode weights, as described in Section 3.3.2.

The testing pipeline comprises two distinct testing scenario environments. In both scenarios, the mapped
environment consists of only the STL-defined floor. The unknown cuboid is placed to interfere with the
global path. As the cuboid is farther than the detection threshold from a static mapped obstacle, it should
be recognised by the planner as an unknown obstacle. In the first scenario, the unknown obstacle is
adjacent to the global path, requiring diversion from the global path. In the second scenario, the obsta-
cle is placed centrally on the global path. The visualisation of the testing environment is presented in
Figure 4.13.

(a) Visualisation of the unknown obstacle detection testing (b) RViz visualisation of the detected unknown obstacle
scenario point clusters

Figure 4.13: Gazebo visualisation of the Agile Mode testing scenario; As the detected obstacle is
sufficiently far from mapped obstacles, the planner classifies it as an unknown obstacle.

The relevant parameters for the Agile Mode testing are presented in Table 4.8. The w;‘g{'he is set to zero,
as adherence to the global path is not desired during the diversion manoeuvre. The variations of wggfr,

wfa%if and wﬁgg‘z are applied and evaluated for their impact on the shape of generated trajectories and the

collision-free path completion 'success’ rate.

Table 4.8: Agile Mode testing parameters

. ] ! Number of trials il il il il
Test: Testing Scenario per configuration Wi wies odth  Whead
6.1 Off-centre unknown obstacle 3 1,2,3,45 10,20,30 0 0,10
6.2 Centred unknown obstacle 3 1,2,3,4,5 10,20,30 0 0,10

The resulting trajectories of test 6.1 are plotted in Figure 4.14. All trials resulted in collision-free traversal
of the space. In all trials, the unknown obstacle was correctly identified resulting in the activation of the

Agile Mode, causing repulsion away from the obstacle. The success rate decreases with the w;’g:; from

72.2% at w32 of 1.0 to 0% at w23 of 5.0. The trials with higher w32 result in trajectories farther away
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from the obstacle. Increasing the w?%ﬁ eventually forbids progressing along the global path. This is

particularly evident in testing scenario 6.2, as seen in Figure 4.15. For all configurations with successful

runs, the success rate is higher for w22 of 0.0. Considering only the trials with w32e of 1.0 and w2
of 0.0 , the success rate rises to 77.8%. For the wigf; of 3.0, all successful trials occur under no goal

heading incentive. The Cﬁggg soft-constrains the possible orientations, limiting the exploration ability of
the planner.

Impact of Obstacle Clearance Weight

Legend
= Obstacle Clearance Weight W=1
21 = Obstacle Clearance Weight W=2
= Obstacle Clearance Weight W=3
Obstacle Clearance Weight W=4
Obstacle Clearance Weight W=5
—— Reached Target
=~ = e - -++-+ Failure
S AN Global Path
T = — Unknown Obstacle

X Position [m]

-8 -6 -4 -2 0 2 4 6 8
Y Position [m]

Figure 4.14: The impact of unknown obstacle clearance weight wg‘g:; on trajectory with an off-centre
agile

placed unknown obstacle; The higher w_,., the higher the incentive to command trajectories away from
the unknown obstacle

The resulting trajectories of the testing scenario 6.2 are plotted in Figure 4.15. All trials resulted in collision-

free traversal of the testing space. Similarly to testing scenario 6.1, higher wigfr result in higher distance

from the unknown obstacle. The only weight allowing for finding a path around the unknown obstacle is
w?ﬁe'fr of 1.0, higher weights result in too strong of a repulsive field around the obstacle. In such cases,
the planner favours remaining on the global path at a distance from the unknown obstacle, resulting in

eventual transition into the "Stuck’ operational state. Consistent with the results of scenario 6.1, the only
successful trials occur for w29 of 0.0. The evaluation of the behaviour under w22 of 1.0 and w2 of

clear head
0.0 is enhanced by the additional testing scenarios 6.3 and 6.4.

Impact of Obstacle Clearance Weight

Legend
—— Obstacle Clearance Weight W=1
21 —— Obstacle Clearance Weight W=2
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Obstacle Clearance Weight W=4
Obstacle Clearance Weight W=5
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Global Path
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X Position [m]
o

Y Position [m]

Figure 4.15: The effect of unknown obstacle clearance weight w3 on the trajectory with a centrally

g clear
placed unknown obstacle; High w22 forbids exploration close to the centrally-placed obstacle.

To further evaluate the performance, additional trials were performed with a set w32e of 1.0 and w29
of 0.0. The used parameters for the tests are presented in Table 4.9. The testing data of 6.3 and 6.4 is

combined for analysis with the trials of the same wsg; from the testing scenarios 6.1 and 6.2 respectively.

The trajectories resulting from the combined trials are presented in Figure 4.16. The testing of configu-
rations with the w23 of 1.0 with an off-centre placed unknown obstacle yielded a success rate of 79.3%.
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Table 4.9: Agile Mode with w?'® of 1.0 testing parameters

clear

. , Trials - i i -

Test: Testing Scenario per configuration wily  wise wihy  whey
6.3 Off-centre unknown obstacle 10 1 10,30 0 0
6.4  Centred unknown obstacle 10 1 10,30 0 0

The success rate could potentially be higher given higher testing time. Unsuccessful runs were terminated
as a result of either the detection of lack of progress ('Stuck’ operational state) or testing timeout of 200 s.
Given a higher testing timeout it is possible that more trials could eventually become successful.

Impact of Obstacle Clearance (W=1.0)

—— Clearance W=1.0
—— Reached Target
----- Failure
Global Path
Unknown Obstacle

X Position [m]

Y Position [m]

Figure 4.16: The trajectories for wggfr of 1.0 with an off-centre placed unknown obstacle; The success
rate is 79.3%.

The trajectories of the trials with the centred unknown obstacles are plotted in Figure 4.17. The central
placement of the obstacle resulted in a significantly lower success rate of 41.4%. The difference between
the success rates demonstrates that centred obstacles pose a significantly higher risk of entrapment in
local minima, as the repulsive forces act against the goal-seeking incentive. Notably, the majority of
the successful trials result in diversion manoeuvres in the positive x coordinates. There is no algorithm
incentive to favour poses with positive x coordinates. This tendency can be a result of the common starting
orientation of the omnicopter. The 6D-DWA is initiated pointing towards the positive x-axis for all trials.
The trials are likely to follow a similar pattern of overshooting the global path and initiating the diversion
manoeuvres at poses with similar offsets from the global path. Due to the calculation of the simulated
repulsive force, as described in Section 3.3, the diversion manoeuvre starting pose is likely to determine
the direction of the diversion.
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Impact of Obstacle Clearance (W=1.0)

—— Clearance W=1.0
—— Reached Target
----- Failure

Global Path
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X Position [m]

-8 -6 -4 -2 0 2 4 6 8
Y Position [m]

Figure 4.17: The trajectories for wsf’e'; of 1.0 with a centred unknown obstacle; The success rate is

41.4%, significantly lower than for the off-centre obstacle.

As seen in Figure 4.18, the variation in the facing weight w22 does not impact the ability to avoid colli-

sion with the unknown obstacle. The facing weight wfa‘ﬂf of 10 is sufficient to forcing the camera pointing

towards the unknown obstacle throughout the diversion manoeuvre. The facing weight does, however, im-
pact how soon the omnicopter transitions from the diversion manoeuvre in Agile Mode back to the default
6D-DWA parameters. As the obstacle is being passed, the Agile Mode 6D-DWA begins to have conflicting

goals of the lookahead heading cost Ci%¢ and the unknown obstacle facing cost C22°. As the "looking

ahead’ is to be favoured, the camera starts pointing away from the obstacle. The omnicopter eventually

no longer perceives the unknown obstacle and exits the Agile Mode. The change of focus occurs sooner

when the C;%'f has less of an impact on the 6D-DWA scoring function. As seen in Figure 4.18, the lower
agile

tace Of 10 results in convergence onto the global path earlier than for trajectories with wfa%'ee of 30.

w.

Impact of Facing Weight

—— Face Weight=10
Face Weight=20
= Face Weight=30
—— Reached Target
----- Failure
Global Path
71 Unknown Obstacle

X Position [m]

Y Position [m]

Figure 4.18: The impact of unknown obstacle facing weight wfa‘-ﬂf on the trajectory with an off-centre

placed unknown obstacle; The w39 has no significant impact on the success rate. Lower w2 results

in faster convergence to the global path.

The introduction of context-aware weight adjustment allows for unknown obstacle avoidance, facilitating
close global path following and necessary path deviation using the different weight sets. The limited
foresight of the 6D-DWA significantly decreases the planner’s ability to command the omnicopter around
centrally placed unknown obstacles. The replanning performance is sensitive to initial conditions. The
reliance on fixed threshold for unknown obstacle recognition, while computationally efficient, limits the
capability to recognise unknown obstacles and thus dynamic environment adaptability.
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4.7. Evasion Evaluation

The following section evaluates the fast evasion strategy implemented to mitigate the 6D-DWA's foresight
limitations, aiming to answer the research question RQ2. The used testing scenarios are described in

Table 4.10. The evasions are triggered by simulated threat messages, with a simulated point-mass moving
obstacle.

Table 4.10: Testing scenarios for moving obstacle evasion evaluation.

. . Trials per Threat Offset . .
Test Testing Scenario Config. (m] Body Approximation
71 Evasion of an offset threat 5 05,15 10-sphere

Evasion of an offset threat
7.2 with static obstacles 5 0.1 1-sphere, 10-sphere

Evasion of an offset threat

73 4uring 6D-DWA path following 5 0.1 10-sphere

The testing scenario 7.1 evaluates the evasion triggering logic. Two threat messages are generated. The
threat message with an offset of 0.5 m results in a threat path going through the established in Section 3.3.3
approximation sphere. The second threat message with an offset of 1.5 m results in a threat path not
passing through the sphere. The 1.5 m offset messages correctly yield no reaction from the path planner.
The moving obstacle is determined to not cause collision with the omnicopter. The threat message with
an offset of 0.5 m results in evasion manoeuvre for all trials, as seen in Figure 4.19. The planner correctly

estimates the desired direction of evasion, based on the location of the closest point on the estimated
threat path to the omnicopter’s centre.

= = Threat Path

Trajectories

Hover Position

Closest Threat Path Point
Estimated Evasion: Feasible
—— Sphere Estimate

Evasion: 0.5[m] Threat Offset

ixe

[w] uoiysod Z

Figure 4.19: Evasion caused by a threat offset by 0.5 m; The evasion logic correctly identifies the
optimal evasion direction based on the simulated threat message.
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In testing scenario 7.2, the threat message uses an offset triggering an infeasible evasion direction, as
presented in Figure 4.20. As the first evasion direction is not possible, next evasions directions are evalu-

ated, according to the evasion logic explained in Section 3.3.3. As seen in Figure 4.20, each of the trials
results in a collision-free evasion.

== Threat Path
Trajectories Static-aware Evasion: 3D Trajectories
@ Hover Position
» Closest Threat Path Point
----- Estimated Evasion: Not Feasible
- Estimated Evasion: Feasible
Static Obstacle

_3rd Estimated Evasion Direction: Feasible

.2nd Estimated-Evasion Direction: Not Feasible

[w] uopisod Z

.. 1st|Estimated Evasion Direction: Not Feasible

Figure 4.20: Evasion manoeuvre in the presence of static obstacles; The planner correctly commands
the first feasible evasion direction found.

The 10-sphere approximation is used for the evasion. To showcase the computational feasibility of the
static-aware evasion, 1-sphere approximation encapsulating the entire omnicopter geometry was addition-
ally tested. The resulting evasion manoeuvre are compared in Figure 4.21. Notably, there is no significant
difference between the two evaluations. The negligible performance difference between the 1-sphere and
10-sphere models in Figure 4.21 indicates that the KD-Tree-based collision checking is highly optimised.
The reaction time is thus more dependent on the hardware limitations and the controller latency.
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Evasion Time Comparison
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Figure 4.21: Distance from the simulated threat path vs time for different body approximations; The
more accurate 10-sphere approximation exhibits similar reaction time to the 1-sphere approximation.

The last testing scenario evaluates the integration of the fast evasion and 6D-DWA. The evasion is trig-
gered during 6D-DWA straight path following. As shown in the Figure 4.22, all trials resulted in successful
evasion manoeuvres, upon which the omnicopter transitioned back into 6D-DWA and continued along the
global path. The state machine is implemented as intended.

== Global Path
Trajectories

3D Trajectories; 6D-DWA with Evasion
Y Evasion Triggered

Z Position [m]

-10.0

Figure 4.22: 3D trajectories for the 6D-DWA path following with an induced evasion manoeuvre; The
planner correctly transitions from the 6D-DWA to the evasion state, upon which completion the 6D-DWA
path following resumes.
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The fast evasion strategy attains high computational efficiency by leveraging the same environment sim-
plification and trajectory propagation methods as the core 6D-DWA. The evasion logic facilitates the ac-
curate identification of collision threats and the determination of optimal, collision-safe evasion directions.
Furthermore, the state machine ensures that safety-critical evasion manoeuvres are prioritised over stan-
dard path following. Notably, while the current evaluation relies on simulated messages, the integration
of the fast-moving obstacle detection pipeline is required for hardware deployment. Its subsequent anal-
ysis would define the operational constraints of the system, specifically the required time-to-impact and
velocity thresholds necessary for successful avoidance in real-world scenarios.



Conclusions & Recommendations

The following chapter contains the conclusions and recommendations resulting from the implementation
and testing of the autonomous local path planning algorithm.

5.1. Conclusions

Regarding RQ1, the 6D-DWA local path planning algorithm has been proven feasible in facilitating the
6D movement of the omnicopter. The local path planner is integrated with the offline global path planner,
facilitating environment-aware global path following. The DWA-based 6D-DWA allows for real-time local
path planning, performing consistently below the 0.2 s threshold. The implementation of adaptive sampling
significantly improved the performance of the planner, allowing for minimising the required number of
velocity samples in the 6D search space. The local path-planner performs collision evaluation for each
examined velocity sample. The computational feasibility of collision checking is achieved through space
voxelisation and omnicopter’s geometry sphere approximation. The planner augments the path-following
abilities by ensuring that the collisions will not occur for infeasible global paths.

In response to the research question RQ2, the planner can facilitate replanning based on the sensing input.
The depth-camera sensor data was successfully processed and integrated with the static map, facilitating
unknown obstacle identification and static avoidance enhancement. The 6D-DWA allows for high adapt-
ability to the desired behaviour. The weighted score function allows for the inclusion of advantageous
trajectory evaluation metrics, such as imposing a soft forward facing constraint. The implementation of
context-aware 6D-DWA demonstrated the ability of the 6D-DWA to achieve different behaviour character-
istics through variation of the 6D-DWA weights. The context-aware adjustment of the weights provided
the ability to closely follow the global path, as well as divert from the path given the detection of unmapped
obstacles.

The 6D-DWA implementation imposes certain limitations on the system. The computational limitations
result in the need for voxelisation of the search space, as well as body-approximation. Those approx-
imation methods, as well as the controller overshoot, limit the minimal gap width able to be traversed.
Additionally, 6D-DWA is not suitable for fast-moving obstacle avoidance. A separate processing pipeline
is suggested with the implemented static-obstacle-aware evasion strategy. The integration of the two
pipelines is successfully achieved through a state machine. The finite state machine serves as a safety
layer by accounting for the local planner’s limitations. The 6D-DWA utilises a single depth camera setup,
limiting the amount of information available to the planner. In order to facilitate a fully omnidirectional
movement, full field of view should be analysed in the sensing processing.

Notably, this 6D-DWA implementation suggests a computationally-feasible DWA-based framework. The
algorithm must be adapted for the intended real-world application. The behaviour of the planner depends
on the defined scoring function, which should be revised for the defined goals of a particular implemen-
tation. For example, for applications such as surveillance, motion smoothness can be critical. A relevant
metric should thus be devised and implemented within the algorithm. Conflicting objectives may limit the
planner’s capabilities. The inclusion of multiple metrics allows for inclusion of different objectives, at the
cost of increased computational complexity.

48
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5.2. Recommendations

Several recommendations for further research were derived from the implementation evaluation. Some of
the limitations of the current implementations can be mitigated by expanding the algorithm. The 6D-DWA
has limited exploration foresight, limiting the capability to find trajectories leading out of local minima obsta-
cle entrapments. An additional more computationally expensive algorithm could be integrated, activating
when the omnicopter enters hover due to lack of path-progressing trajectories. Such further hybridisation
could enhance the replanning capabilities of the system.

A beneficial strategy can be further expanding on the context-aware 6D-DWA. The inclusion of additional
metrics can facilitate achieving different desired planner behaviours. The autonomous identification of
other context scenarios would allow for additional weight adjustment and thus potentially performance im-
provement. Such a context scenario could be the identification of gap traversal. Upon identification, the
waypoint orientation adherence weight could be minimised to prioritise global path progression. Further-
more, the implementation of context-classification algorithms, such as neural networks, could significantly
enhance the context identification capabilities.

Notably, the implementation assumes all STL-defined obstacles are actually present in order to avoid
collision. A potential feature providing the ability to identify whether a ’known’ obstacle is actually in the
sensed environment, effectively updating the static map, would expand the replanning ability of the planner.
The current implementation is limited by the sensing capabilities. In order to ensure full awareness of the
omnicopter’s surroundings, the integration of data from multiple depth cameras should be investigated.
The depth-camera based detection of the fast-moving obstacles should be integrated into the system.
Lastly, real-world experiments would provide great insight into actual real-time performance of the planner.
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Appendix A: Baseline Parameters

This appendix provides the relevant parameters used in the implementation in Table A.1.

Table A.1: Baseline parameters of the 6D-DWA Planner

Parameter Symbol Value Unit  Description

6D-DWA Algorithm

Simulation Timestep Atstep 0.2 Internal prediction step duration
Prediction Horizon tp 0.5 Total time horizon for trajectories
Number of Samples Nsamples 5000 — Velocity samples per cycle

Max Linear Velocity vinax [0.3, 0.3, 0.3] m/s  Linear velocity limits [z, y, z]

Max Angular Velocity wynex [0.5, 0.5, 0.5] rad/s  Angular velocity limits [r, p, y]

Max Linear Accel. amax [3.0, 3.0, 3.0] m/s?  Linear acceleration limits

Max Angular Accel. omax [3.0, 3.0, 3.0] rad/s? Angular acceleration limits

Adaptive Sampling Ratios e, f-,b. 0.50, 0.25, 0.25 — Exploration / Focused / Boundary ratios
Focused Std. Dev. o 0.10 — Focused-search standard deviation
Stuck Distance dstuck 0.5 m Displacement threshold for 'Stuck’ state
Stuck Timeout tstuck 50.0 s Time period before 'Stuck’ state activation
6D-DWA Cost Function Weights (Baseline / Agile)

Goal Distance Weight Wgoal 40.0/40.0 — Weight for distance to the local goal
Path Distance Weight Wpath 20.0/0.0 — Weight for the cross-track error

Goal Heading Weight Whead 30.0/30.0 — Weight for waypoint orientation deviation
Lookahead Weight Wiook 10.0/20.0 — Reward for camera/path alignment
Clearance Weight Welear 0.0/1.0 — Unknown obstacle repulsive weight
Obstacle Facing Weight Wrace 0.0/10.0 — Incentive to face unknown obstacles
Perception & Evasion

Sphere Radius r 0.15 m Radius of the 10-sphere approximation
Static Inflation Radius Tinf 0.35 m Sphere inflation for collision avoidance
Local Map Radius Tlocal 1.5 m Radius of the local static map

Voxel Size (Static) — 0.15 m Resolution for global STL map

Voxel Size (Dynamic) — 0.4 m Resolution for depth point cloud
Detection Range — 0.3-35 m Dynamic obstacle sensing range
Unknown Threshold — 0.4 m Unknown obstacle classification distance
TTI Threshold ti 2.0 s Time-to-impact trigger for evasion
Evasion Velocity Vevade 5.0 m/s  Velocity used in the evasion manoeuvre
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