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Abstract

This research focuses on developing a self-learning, rational-based trajectory design frame-
work for swarms of unmanned aerial vehicles (UAVs). The proposed framework enables
autonomous, effective, safe, and energy-efficient trajectory planning, particularly in dy-
namic and uncertain environments where real-time adaptation, inter-UAV coordination, and
collision avoidance are simultaneously required.

The study begins with a comprehensive and critical review of existing approaches to
UAV navigation and trajectory planning, comparing traditional, biologically inspired, and
artificial intelligence–based algorithms. Through this comparative analysis, key factors such
as computational efficiency, scalability, energy consumption, robustness under uncertainty,
and the balance between centralized and decentralized control are systematically evaluated.
The review also identifies significant research gaps, particularly in real-time adaptation and
explainable decision-making, highlighting the need for more flexible, safety-critical, and
generalizable strategies in future UAV swarm systems.

Subsequently, the research introduces a novel GA–RF framework, which integrates ge-
netic algorithms (GA) and repulsion forces (RF) to optimize the paths of multiple UAVs,
minimizing collisions, overlaps, and interference. Coordination at the cluster level is en-
hanced through improved task selection and visiting order classification, particularly within
the context of the Multi-Traveling Salesman Problem (MTSP). Simulation experiments
demonstrate that this approach achieves shorter travel distances, better interference avoid-
ance, and more efficient navigation compared to traditional heuristic and metaheuristic
algorithms such as PSO, ACO, SA, and 2-OPT.

The third part of the research presents a novel Active Inference–driven World Modeling
for an adaptive UAV swarm Trajectory Design. The proposed framework enables UAVs to
autonomously perform mission distribution, route ordering, and motion planning through
probabilistic reasoning and self-learning. In the offline phase, expert trajectories are generated
using a GA–RF optimizer and used to train a World Model that captures UAV swarm
behavior across mission, route, and motion abstraction levels. During online operation,
each UAV infers optimal actions by continuously minimizing divergence between current
beliefs and reference states encoded in the world model, allowing the swarm to adapt to new



xiv

targets and environmental changes in real time. The results demonstrate faster convergence,
improved stability, and safer navigation compared to Q-Learning, establishing the proposed
framework emerge as a scalable and knowledge-based solution for future intelligent UAV
swarm networks. Moreover, the proposed model also performed effectively when tested on
real-time simulated data, further strengthening its generalization ability and applicability to
real-world scenarios.

Overall, this research presents a scalable, secure, and domain knowledge–driven frame-
work for UAV swarm control, offering an effective and promising direction for the advance-
ment of AI-powered autonomous aerial networks.
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Chapter 1

Introduction

1.1 Motivation and Scope of the Research

Research on unmanned aerial vehicles (UAVs) has made significant progress in recent
years, primarily due to their autonomy, flexibility, and multi-agent collaboration capabilities.
Initially, these systems were limited to remote-controlled or partially autonomous flights
[27]. However, with the increasing complexity of missions, such as long-range surveillance,
automated decision-making, and mission distribution research has shifted toward fully
autonomous and collective intelligence-based systems.

A single UAV cannot perform large-scale missions due to limitations in energy, coverage,
and computational resources. Consequently, the concept of multi-UAV systems emerged,
in which overall performance can be enhanced through cooperation and distributed task
execution. With the increasing number of UAVs, new challenges such as coordination,
collision avoidance, and collective decision-making have arisen, forming the foundation of
UAV swarm systems. These systems are based on the principles of Swarm Intelligence and
play a key role in future autonomous aerial networks [4, 66].

However, this increasing complexity introduces a crucial question: How can UAV swarm
flight speed and trajectory be effectively managed?

The accurate design of speed and trajectory is essential for the efficient operation of
autonomous UAV swarms, ensuring system stability, energy efficiency, and timely mission
completion [176]. The primary objective of trajectory design is to ensure that a UAV travels
from its initial location to the target within defined constraints, completing the mission with
minimal time and energy consumption.

This problem is considered NP-hard because, as the number of UAVs and mission
objectives increases, the number of possible paths grows exponentially. Typically, this
problem is solved in three stages: (1) creating a grid map based on environmental and target
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information, (2) updating the map with time-dependent features, and (3) selecting the optimal
path from the updated map [154, 57].

Classical optimization techniques such as Newton’s method [189, 99], gradient descent
[168], interior point methods [136], and linear programming [144] have been applied to solve
this problem. Although effective for small or well-defined problems, these methods often
become trapped in local optima in large or uncertain environments.

To overcome these limitations, researchers introduced metaheuristic and bio-inspired
algorithms modeled after natural phenomena, such as Simulated Annealing (SA) [237, 122],
Tunicate Swarm Algorithm (TSA) [131], Harris Hawks Optimization (HHO) [49], Grey Wolf
Optimizer (GWO) [156], Differential Evolution (DE) [17], Particle Swarm Optimization
(PSO) [91], and Genetic Algorithm (GA) [198, 94, 217]. These algorithms provide global
optimization in complex search spaces. However, their high computational cost limits their
suitability for real-time applications.

As a further development, researchers have proposed multi-objective optimization models
that simultaneously minimize multiple objectives such as path length and flight time [172].
For example, [26] introduced an adaptive genetic algorithm for UAV swarms that improved
performance by optimizing crossover and mutation operators. Similarly, [223] combined
the Multi-Travelling Salesman Problem (MTSP) with a two-dimensional coverage model to
enhance target identification, while [193] presented a joint routing and trajectory optimization
model that accounted for dynamic constraints. Although these methods are effective, they
generally lack real-time updating and contextual learning capabilities.

Considering these challenges, we propose a Genetic Algorithm–Repulsion Force (GA–RF)-
based approach for UAV swarm trajectory design. This approach minimizes distance and time
while ensuring collision avoidance, velocity interference mitigation, and overlap prevention
between UAVs operating in close proximity. Although GA–RF is suitable for global optimal
estimation, its computational cost and lack of experiential learning restrict it mainly to offline
optimization.

To address these limitations, modern approaches such as Model Predictive Control (MPC)
[182] and game-theoretic frameworks [123] have been explored. MPC can predict local
trajectories but suffers from rapidly increasing computational complexity as the number
of UAVs grows. Similarly, game-theoretic methods achieve local convergence but often
compromise global stability.

More recently, Artificial Intelligence (AI) particularly Deep Reinforcement Learning
(DRL) [174]—has emerged as a promising paradigm for UAV trajectory design. DRL models
such as DQN [195], DDPG [72], TD3 [56], and SAC [201] are capable of learning optimal
policies in complex environments. However, they require large datasets, long training times,
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and frequent retraining, making them unsuitable for uncertain, real-time scenarios. Similarly,
Multi-Agent Reinforcement Learning (MARL) [111] encourages cooperation but suffers
from policy instability and scalability issues. Approaches such as Imitation Learning (IL)
[221] and Inverse Reinforcement Learning (IRL) [151] can learn from expert demonstrations,
yet fail to generalize under unpredictable conditions.

In recent years, Graph Neural Networks (GNNs) [13] have been employed to model
relational dependencies among UAVs, improving distributed coordination. However, due to
their lack of probabilistic reasoning, GNNs perform poorly in uncertain or noisy environments.
Similarly, hybrid models, which combine methods such as GA [35] or PSO [120] with other
optimization techniques, improve performance but remain unsuitable for real-time trajectory
updates because of their high computational complexity.

All these approaches share a common limitation: they are either entirely data-driven but
lack reasoning depth, or model-driven but weak in probabilistic adaptation. These models
fail to clearly represent UAVs’ beliefs, prediction errors, and decision-making mechanisms
under uncertainty, leading to unstable and limited performance.

In this context, a recent study [89] attempted to address this gap by proposing an active
and explainable model for a single UAV. The model combined a 2-OPT Traveling Salesman
with Profits (TSPWP) optimizer with an Active Inference (AIn)-based reasoning framework.
It introduced a concept for learning a comprehensive world model for UAVs, derived from
offline-optimized demonstrations. The model is organized as a global dictionary representing
the decision-making structure of the Traveling Salesman Problem with Profits (TSPWP) and
included hotspots, local paths, and full flight trajectories. This world model enabled the UAV
to analyze real-time situations, predict the consequences of actions, and classify policies
based on expected surprise, facilitating adaptive online planning. However, the framework is
limited to individual UAVs and did not consider collective decision-making, synchronous
cooperation, or swarm-level coordination.

This limitation serves as the primary motivation for the present research, which extends
the concept of active reasoning to UAV swarms. The goal is to enable multiple UAVs to
work collaboratively to make collective, autonomous, and adaptive decisions in uncertain
environments.

This intellectual continuum leads to Causal Probabilistic Graphical Modeling (CPGM),
which provides a systematic and theoretical foundation for active learning and reasoning
[207]. The CPGM framework uncovers latent dependencies in sensory data and organizes
relationships between various inputs into a probabilistic structure. It enables reasoning under
uncertainty through probabilistic inference, integrating information from multiple sources.
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By organizing data systematically, CPGM supports reasoning at different levels of
abstraction. This process is analogous to human language learning, where sounds form
letters, letters form words, and words form sentences. Similarly, a UAV swarm can be trained
at multiple levels, such as global planning, trajectory planning, and belief–observation
learning, to make more logical, systematic, and flexible decisions in uncertain environments.

This intellectual foundation naturally evolves into the concept of Active Inference, which
provides a unified Bayesian framework wherein a generative model establishes the rela-
tionships among observations, beliefs, and actions. Active Inference offers an explainable,
self-adaptive, and real-time decision-making mechanism [98]. It provides a more comprehen-
sive, theoretically coherent, and practically effective solution than both classical and modern
AI techniques, establishing a new scientific direction for UAV swarm trajectory design.

Building on this foundation, the present study proposes an Active Inference–based, goal-
oriented UAV swarm trajectory design framework, which is theoretically inspired by Causal
Probabilistic Graphical Models [97] and practically supported by the GA–RF optimizer [19]
and expert knowledge. This framework enables UAVs to learn probabilistic relationships
between observations and beliefs, empowering them to make rational, self-adaptive, and
collectively coordinated decisions in uncertain environments.

1.2 Objective and Research Contributions

The primary objective of this research is to develop a comprehensive, self-learning, and
rational framework for swarming UAVs that can effectively, safely, and adaptively manage
speed and trajectory in real-time. To this end, this research comprises three interconnected
phases, with each chapter advancing a specific research goal and making a distinct scientific
contribution.

Chapter II provides a comprehensive, systematic, and critical review of current approaches
to UAV swarm trajectory planning. The purpose of this chapter is to clarify the comparative
links and fundamental differences among various strategies, traditional, biological, and mod-
ern AI-based approaches. This section analyzes the structure of centralized and decentralized
control architectures, their practical implications, and highlights the fundamental differences
in trajectory design and path planning. It introduces the MTSP as a basic mathematical
framework for designing UAV swarm trajectories. Furthermore, this chapter discusses online
and offline training methods and explains how biologically inspired method based optimizer
can be used for the training and real-time adaptation of artificial intelligence–based meth-
ods. This chapter highlights fundamental challenges, such as decision-making and collision
avoidance. It provides a comparative analysis of the advantages and limitations of various
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geometric, physical, and APF-based techniques, laying the foundation for future directions
in UAV swarm research.

Chapter III, continuing from the research gaps identified in Chapter II, presents a new
GA–RF based trajectory optimisation framework that combines genetic algorithms with
repulsion forces. The primary objective of this framework is to enhance UAV swarm tra-
jectory design, minimize collisions, overlaps, and interference, and improve coordination
among UAVs in multi-town scenarios. For this purpose, an improved GA–RF algorithm
is developed that minimizes both travel time and distance while maintaining appropriate
separation between UAVs. Furthermore, the GA–RF mechanism is used for efficient routing
between nearby cities, which significantly reduces the overall mission distance. A systematic
analysis is conducted to determine the optimal size and distribution of UAV swarms, thereby
improving both efficiency and coverage, which significantly enhances the system’s effec-
tiveness. Comprehensive simulations based on a 2D environmental model are conducted to
demonstrate the practical utility and feasibility of the framework. The results show that the
GA–RF framework provides more effective navigation, minimizes time, distance, collisions,
and interference, and achievies better coverage than traditional metaheuristic algorithms,
such as PSO, ACO, SA, and 2-OPT.

Building upon the optimization results presented in Chapter III, Chapter IV introduces a
novel Active Inference–based framework for trajectory design in UAV swarms. The proposed
approach enables UAVs to autonomously perform mission allocation, path sequencing, and
motion planning through a combination of probabilistic reasoning and self-learning. In
the offline phase, expert trajectories are generated using the GA–RF optimizer proposed in
Chapter III, which are used to train a World Model. This model learns and stores UAV swarm
behavior at the abstract levels of mission, route order, and motion. During online operation,
each UAV infers the best actions by minimizing the difference between its current beliefs
and the reference states encoded in the World Model. This process allows the UAV swarm
to adapt to new goals and environmental changes in real time. The results show that the
proposed framework achieves faster convergence, better stability, and safer navigation than
Modified Q-Learning. Furthermore, experiments were conducted using real drone flights to
collect real-time data, which were later used in simulation testing. When the framework is
tested on real-time simulated data obtained from these actual drone flights, it also demonstrate
effective and generalized performance, which further demonstrates its potential for real-world
deployment.
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Overview and Research Implications

Overall, this research presents a coherent and progressive strategy that establishes a logical
sequence from knowledge-driven optimization to self-learning active reasoning. The second
chapter provides the theoretical foundations, the third chapter develops practical optimization
models, and the fourth chapter transforms these models into self-learning intelligence through
active inference. This unified framework presents a new theoretical and practical approach to
UAV swarm control, addressing current limitations while proposing a sustainable, secure,
and Bayesian-based direction for the development of future autonomous aerial networks.

Fig. 1.1 Structure of the thesis

1.3 Outline of the Thesis

The overall structure of the thesis is depicted in Fig.1.1, and organized as follows:

• Chapter 1 introduces the motivation, problem formulation, and overall objectives of
this research. It explains the need for autonomous UAV swarm trajectory design under
uncertain environments and highlights the limitations of existing optimization and
AI-based approaches.

• Chapter 2 provides a comprehensive and critical review of the literature related
to UAV swarm trajectory planning. It categorizes existing approaches into three
main groups, Traditional Algorithms, Biologically Inspired Metaheuristics, and AI-
based Methods, and compares them in terms of computational efficiency, scalability,
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inter-UAV coordination, and robustness in uncertain environments. The chapter also
identifies key challenges and research gaps that motivate the proposed framework.

• Chapter 3 presents the proposed GA–RF optimization framework, designed to mini-
mize time and distance while ensuring collision-free and energy-efficient UAV swarm
operation. It integrates a RF mechanism into the GA to enhance spatial separation
among UAVs. The chapter also provides extensive simulations and comparative analy-
ses against standard algorithms such as PSO, ACO, and SA to validate the performance
of the proposed method.

• Chapter 4 This chapter presents a self-learning active inference-based framework
for goal-directed UAV swarm trajectory design, which builds a causal probabilistic
world model from GA–RF optimizer. The model is extended with bayesian decision
making, kalman, and particle filters for real-time collision avoidance and adaptation.
Experiments on simulated and real flight data show that this framework exhibits
faster convergence, better stability, and generalizability than Q-Learning. Overall, this
framework provides a scalable, secure, and knowledge-based robust solution for UAV
swarms.

• Chapter 5 summarizes the major findings and contributions of this thesis. It dis-
cusses the limitations of the current framework and suggests promising future research
directions, including real-world deployment, swarm communication reliability, and
reinforcement of Active Inference for distributed intelligence.





Chapter 2

Toward Autonomous UAV Swarm
Navigation: A Review of Trajectory
Design Paradigms

This chapter presents a comprehensive and critical review of effective and reliable path
and trajectory planning strategies for swarms of UAVs. The research classifies existing
approaches into three major categories: traditional algorithms, biologically inspired / meta-
heuristics, and modern methods based on artificial intelligence (AI). The review provides
a comparative analysis of these methods in terms of computational efficiency, scalability,
energy consumption, inter-UAV coordination, and robustness in uncertain environments.

In addition, the chapter discusses the strengths and limitations of each algorithm, particu-
larly with respect to collision avoidance, adaptive decision-making, and the balance between
centralized and decentralized control. Furthermore, the study highlights hybrid frameworks
that combine the global optimization capability of bio-inspired methods with the real-time
adaptability of AI-based techniques to achieve a balanced exploration–exploitation trade-off
in multi-agent systems.

Finally, the chapter outlines major challenges, such as nonlinear dynamics, multidimen-
sional trajectory spaces, and real-time adaptation, and identifies promising directions for
future research. This study serves as a valuable reference for researchers and engineers
developing autonomous, intelligent, and integrated UAV swarm systems. The structure of
the chapter is depicted in Fig. 2.1.
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2.1 Introduction

The basic requirement for the safe and efficient operation of UAV swarms is that each UAV not
only plans its trajectory autonomously but also flies in coordination with other UAVs to avoid
collisions, resource wastage, and communication bottlenecks [11, 47]. This coordination can
depend on both centralized and decentralized control architectures. Centralized systems rely
on a central controller that manages the planning of all UAVs, while decentralized systems
have each UAV relying on local information and communicating with neighbouring UAVs.
Understanding this distinction is crucial for planning the trajectories of UAV swarms.

Moreover, it is essential to differentiate between trajectory planning/design and path
planning: path planning primarily focuses on finding the shortest route, while trajectory
planning incorporates time, velocity, acceleration, and the physical constraints of the UAV
[176]. Trajectory planning in swarm missions is often modelled as a Multiple Travelling
Salesman Problem (MTSP), where multiple UAVs must cover different targets while consid-
ering mission time, energy constraints, and inter-UAV safety. To address these challenges,
the research community has proposed various approaches to trajectory planning. Three major
paradigms stand out:

Traditional Algorithms (TA): Deterministic methods such as Dijkstra [43], A [234],
and Dubins Curves [110], which rely on complete environmental information and provide
optimal or near-optimal paths in well-structured scenarios [55, 100, 188].

Biologically Inspired Algorithms (BIA): Approaches inspired by natural phenomena,
such as bird flocking or the pheromone trails of ants, including PSO [175], ACO [7], GA
[198], and ABC [6], which provide global optimization in large and complex search spaces
[21].

Modern AI-based Algorithms (AI-A): Machine learning [31], deep learning [148],
reinforcement learning (RL) [133], multi-agent RL (MARL) [85], and graph neural networks
enable UAV swarms to perform adaptive decision-making, collaborative coordination, and
intelligent behavior in dynamic, uncertain environments [53, 142]. In particular, modern
approaches such as Active Inference [96], based on Bayesian foundations, are introducing
new directions in trajectory planning through predictive processing [98].

These approaches are interconnected and form a continuum. TAs provide a foundational
structure, BIAs offer global exploration and diversity, and AI-based techniques enable real-
time adaptability and intelligent decision-making. In modern research, these methods are
being integrated into hybrid frameworks to simultaneously address complex aspects of
trajectory design, such as scalability, collision avoidance, and mission-level optimisation.
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The main objective of this chapter is to present a systematic, comprehensive, and analyti-
cal review of all the essential aspects of UAV swarm trajectory planning, highlighting the
clear connections and differences between various approaches.

• This study outlines the fundamental concepts of centralized and decentralized control
architectures and their practical applications.

• The fundamental difference between trajectory design and path planning is clarified,
and MTSP is introduced as a central mathematical framework that has been effectively
adopted in UAV swarm trajectory planning.

• The study discusses online and offline training/testing approaches, detailing how
AI-based methods can be trained using an offline-generated BIA-based dataset and
subsequently enhanced through online testing and minor adaptations in real-world
missions.

• The study clarifies decision-making and collision avoidance as core challenges of UAV
swarm trajectory planning and analyses various scientific approaches to solving these
problems using geometric, physics-based, and AI-driven techniques.

• This investigation provides a comparative analysis and critically evaluates the strengths
and limitations of each approach, ultimately outlining future directions for UAV swarm
research.

2.2 Method

This study adopted a formal methodology for conducting systematic reviews following
the PRISMA guidelines [146]. The methodology consists of several steps, which are detailed
in Fig. 2.2 and explained below:

A systematic search for relevant research articles for this review was conducted in two
reliable electronic databases: Web of Science and Scopus. The search process included
keywords with "OR" and "AND" operators, incorporating terms such as: ("UAV swarm" OR
"drone swarm" OR "multi-UAV") AND ("trajectory design" OR "path planning" OR "tra-
jectory optimisation") AND ("algorithm" OR "control" OR "strategy"), to comprehensively
identify all possible and relevant research articles.

A total of 1,743 research articles were retrieved during this phase of the search. The
authors then independently screened and selected these articles. Using Zotero software, 832
articles were excluded as duplicate records, while 661 articles were excluded because they
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Fig. 2.1 Structure of the chapter.

Fig. 2.2 Flowchart of the methodology adopted for selecting papers included in this work,
following PRISMA guidelines.
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provided only a general overview and did not meet the study’s objectives. Therefore, only
those articles that met the inclusion criteria were considered for review.

2.2.1 Screening of Articles

One author initially screened the research articles identified through the keyword search
based on their titles and abstracts. A total of 911 studies were critically reviewed during this
phase. All articles relevant to the topic of this study were included, while irrelevant studies
were excluded.

If there was no consensus between the two authors regarding the selection or exclusion
of a particular article, the entire article was carefully reviewed. If disagreement persisted, the
final decision was made by a third, impartial reviewer to ensure transparency and objectivity.

2.2.2 Eligibility Criteria for Selection of Articles

This review included research articles that met the following criteria:

• The article used keywords such as “UAV swarm”, “drone swarm” or “multi-UAV”.

• The article included research related to “trajectory design”, “path planning” or “trajec-
tory optimisation”.

• The article proposed a practical method or technique related to “algorithm”, “control”
or “strategy”.

• The research focused on issues such as collision avoidance, path optimisation, overlap-
ping and interference.

• The study should cover topics that are relevant to the practical application of UAV
swarms.

This criterion is established to include only articles that focus on solving the problems of
effective, safe, and practical UAV swarm trajectory design and control in real-world contexts.

2.2.3 Data Extraction Process

The extraction of information from the selected research articles is carried out in a systematic
and standardised manner. For this purpose, a pre-prepared data extraction form is used, in
which the following points are compiled from each study:

Name of the author(s), Year of publication, Objective of the study, Method or algorithm
used, Platform or simulator used, Key findings and recommendations of the study, and
Research limitations.
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Data extraction is performed independently by two authors to minimise bias and ensure
the accuracy of the results. In the event of any disagreement, the final decision is made after
consulting with a third author. All the extracted information is compiled into a systematic
table, which facilitates comparative analysis later.

2.2.4 Results and Analysis

A total of 250 research articles are ultimately included in this systematic review, as per
our selection criteria of these 15 are review articles that helped us identify other research
studies related to the topic [224, 157, 167, 202, 173, 187, 9, 75, 219, 83, 194, 3, 40, 118, 2].
Additionally, 75 articles are excluded because they do not meet the exclusion criteria.

The selected articles are divided into three main categories based on their research
orientation: TA, BIAs and Modern AI-based approaches

The performance of the algorithms presented in each category is evaluated based on sev-
eral standard metrics, including: Overlapping and Interference of Paths, Obstacle Avoidance,
and Optimisation Quality.

The study utilises various tables to present the performance of each algorithm or hybrid
approach visually. In these tables, the performance of each approach is presented, allowing
for easy comparison of different techniques.

Fig. 2.3 depicts the time distribution of selected citations (2015–2025), showing the
number of papers published per year. The graph shows that research on this topic was limited
in the early years, but there has been a significant increase in publications since 2020. This
trend indicates that UAV swarm trajectory planning has become a rapidly emerging and
important research area in recent years.

2.3 Centralized Swarm vs Decentralized Swarm

A swarm is a concept derived from nature, such as a flock of birds, a school of fish, or a
colony of ants. It involves several autonomous units (agents) working both in a coordinated
and uncoordinated manner, without any central control, and using only local information
[222].

In the field of UAVs, a swarm refers to multiple drones or UAVs working together,
communicating with each other, and operating under a collective goal, such as surveillance,
search and rescue, or enemy identification [84]. There are two basic methods of controlling a
swarm:
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Fig. 2.3 The temporal distribution of selected studies (2015–2025), showing the number of
papers published per year in the field of UAV swarm trajectory planning.

2.3.1 Centralized Swarm

A swarm of centrally controlled UAVs is a system in which all drones or UAV subunits are
controlled by a single central system, such as a ground control station or a cloud server, as
depicted in Fig. 2.4. This central station holds full responsibility for observation, control,
and decision-making. Each UAV receives specific instructions, tasks are distributed from this
central unit, and each drone follows its defined flight plan or direction. Equation 2.1 presents
the states of the centralized swarm.

xi(t +1) = xi(t)+uc(t), (2.1)

where:

• xi(t) is the position of UAV i at time t.

• uc(t) is the control signal sent to all UAVs by the centralized controller.

Examples of controlled centralisation have also emerged in both research and practical
applications. The authors in [78, 14] presented a comparative analysis of the performance
of centralized control in a study, in which a cloud-based control system guided 12 drones
cooperatively. The results showed that centralized control excels in decision-making; how-
ever, scalability remains a significant challenge. Similarly, [15] introduced a centralized
control-based hybrid AI system for ground surveillance. This system utilises Proximal Policy
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Fig. 2.4 Illustration of a centralized controller.

Fig. 2.5 Illustration of a decentralized controller.

Optimisation (PPO)-based reinforcement learning models, where the centralized controller
assigns specific search and tracking tasks to different UAVs. The results demonstrate that
this centralized structure is effective for both search and continuous tracking.

A study in [159] highlighted that the centralized task assignment mode is the most widely
used, in which the Ground Control Station distributes tasks, and each UAV completes its
flight. Although this improves the quality of decision-making and ensures that the system
follows a coherent strategy, as the number of UAVs increases, challenges such as network
communication, real-time response capability, and computational scalability arise. Ultimately,
the researchers in [15, 78] agree that centralized control has its advantages, but its challenges
cannot be ignored.
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2.3.2 Decentralized Swarm

A decentralized UAV swarm is a model in which each UAV makes decisions based on its
local information and signals received from neighbouring UAVs, as shown in Fig. 2.5. In
this approach, there is no "single point of failure," meaning that if a single UAV fails, the
rest of the system continues to function. Various studies have highlighted the robustness
and resilience of decentralized models. For example, studies in [159, 69] present UAV
coordination models based on decentralized algorithms, which demonstrate the advantages
of efficient, low-latency control using local information. This proves that decentralized
structures are more suitable for UAV swarms where the communication network is limited or
uncertain [36]. Equation 2.2 presents the coordination of the decentralized swarm:

xi(t +1) = xi(t)+ ∑
j∈N (i)

ai j(x j(t)− xi(t)), (2.2)

where:

• xi(t) denotes the position of UAV i at time t.

• N (i) is the set of UAVs neighboring UAVs of UAV i.

• ai j is the magnitude of the influence that UAV j has on UAVi.

2.4 Trajectory Design Vs Path Planning

Although these two terms seem similar, there are several fundamental differences between
them and their different uses have been repeatedly highlighted in research. For example,
[102, 117, 105] define path planning as a method that focuses primarily on finding the
shortest path from a starting point to a target, while [170, 238, 164, 16] define trajectory
design as the planning of a complete and safe flight path with time, velocity, and acceleration.

2.4.1 Path Planning

The goal of path planning is to find a path from a starting point to a destination with the
shortest distance, as shown in Fig. 2.6. This method is primarily used in static environments.
It focuses on finding the shortest path based on local or global maps. Simple yet effective
algorithms, such as Dijkstra [215] or A* [234], are used to obtain a path with the shortest
distance.

The cost function, which is used to minimise the total length of the path, is given below:
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Fig. 2.6 Illustration of path planning.

min
n−1

∑
i=1
∥pi+1− pi∥, (2.3)

where:

• pi represents the waypoints of the path;

• |pi+1− pi| is the distance between two consecutive points;

• n is the total number of points the path passes through.

Fig. 2.7 Illustration of trajectory planning/designing.
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Table 2.1 A comparative review of path planning and trajectory design.

Aspect Path Planning Trajectory Designing

Goal Minimum safe path Smooth and timely path
Time included? No Yes
Speed/acceleration in-
cluded?

No Yes

Place of use Map navigation Autonomous flight, drones, robotics
Nature of environment Static Dynamic/uncertain
Complexity Low High

2.4.2 Trajectory Designing

Trajectory design involves planning a fully dynamic flight path, including speed, time, angle,
and acceleration as shown in Fig. 2.7. This method is commonly used in autonomous drones
and robots, where the flight must be not only accurate but also smooth and energy-efficient.
For this purpose, a cost function is commonly used to minimise the flight speed and its
change (acceleration) [224]. The function given below is based on this principle:

J =
∫ T

0

(
∥ṗ(t)∥2 +∥p̈(t)∥2)dt, (2.4)

where:

• ṗ(t) is the velocity.

• p̈(t) is the acceleration.

• T is the mission duration.

Table 2.1 provides a comparative overview of the main differences, application areas, and
key technical aspects between path planning and trajectory designing. This comparison
reveals that path planning is typically employed to find a safe path in a static environment. In
contrast, trajectory design provides a smoother and more time-efficient path in a dynamic and
uncertain environment, making it more flexible and better suited to modern UAV missions.
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2.5 UAV Trajectory Design Issues and Use of MTSP

2.5.1 Nature of Problems and Solution Sequence

Trajectory design by UAV is a complex problem, especially when the target has to be reached
at multiple locations, and the mission duration or energy is limited [161]. The following
logical sequence is adopted to solve this problem:

1. Mission Definition: Target points, time limit, and objectives are specified.

2. Modelling: Targets are modelled as nodes, paths as edges, and distance/time as weights
[44, 235].

3. Problem Classification:

• If there is one UAV,→ TSP [106, 125]

• If there are multiple UAVs→MTSP [24, 141]

4. Trajectory Optimisation: A solution is derived using an appropriate heuristic or AI
algorithm, which includes collision avoidance, energy limits, and other practical
requirements [24, 141].

5. Simulation or Practical Testing: the performance of the obtained solution is tested.

2.5.2 TSP and its Application to UAVs

If there is only one UAV and it has to visit n destinations, the problem becomes the Travelling
Salesman Problem (TSP) [106, 125].

The objective of TSP is to visit all the destinations in the shortest distance or time and
finally return to the starting point. The UAV path shown in Fig. 2.6 is a practical example of
solving the same TSP problem, where the UAV visits all the targets (waypoints) in a specific
order to minimise the total distance.

min
n

∑
i=1

n

∑
j=1

ci j · xi j, (2.5)

where:

• ci j is the cost of travelling, i.e time and distance from location i to j.

• xi j = 1 if the path is chosen.
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2.5.3 When it Comes to Congestion: the Need for MTSP

TSP becomes inadequate in the presence of more than one UAV. Therefore, we use the MTSP,
which assigns paths to multiple UAVs such that they collectively visit all the destinations in
the shortest distance or time, and each UAV eventually returns to its starting point (Dpot)
[24, 141]. The UAV trajectory shown in Fig. 2.7 is a practical example of solving the same
MTSP problem, where each UAV visits a certain number of targets to minimise the total cost.

Definition and Mathematical Model of MTSP

MTSP is an extended model in which:

• m UAVs (salesmen)

• n targets (tasks or cities)

• Each target is assigned to only one UAV.

• All UAVs start and return from a depot.

Objective of MTSP:

min
m

∑
k=1

n

∑
i=1

n

∑
j=1

ci j · xi jk, (2.6)

where:

• xi jk = 1 if UAV k goes from location i to j.

• ci j is the distance or time value.

• m is the total number of UAVs.

Application of MTSP to UAV Swarms

The use of MTSP in UAV swarms provides the following benefits:

• Parallelism: All UAVs perform separate missions simultaneously.

• Load Balancing: Fair distribution of targets is possible.

• Time Efficiency: The total mission time is reduced.

• Collision Avoidance: Obstacles are detected and avoided to ensure safe navigation.
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While TSP is a suitable solution for UAVs, MTSP provides a very efficient, appropriate
and workable framework for UAV swarms [44, 235]. It not only improves speed but also
enables missions to be completed in less time and with greater efficiency.

2.6 Different Trajectory Design Methods

Trajectory design is a complex problem, especially when it comes to UAVs or multi-agent
systems. There are different strategies to solve this problem, which can be divided into three
basic types.

2.6.1 Traditional Algorithms Used in UAV Swarms (in the Context of
MTSP)

These TAs are usually used in static or known environments.

Famous Algorithms:

• Dijkstra Algorithm [43]

• A* Algorithm [67]

• Rapid Random Tree Search (RRT) [104]

• Dynamic Window Approach (DWA) [216]

• Dubins Path [110]

UAV swarm-based trajectory design leverages TAs to identify optimal and safe paths to
targets. In MTSP scenarios, these algorithms efficiently generate individual UAV trajectories,
as illustrated in Algorithm 1, which depicts TAs’ operations.

Dijkstra Algorithm and Its Role in UAV Swarms

Dijkstra’s algorithm is a classic graph search technique that finds the least-cost or shortest
path from one point to all other points. It is beneficial in UAV trajectory design once the
MTSP has been solved, as it provides an efficient and shortest path for each UAV to reach its
assigned targets [43]. Thus, this algorithm helps to reduce both the time and total cost of
mission completion. This concept can be expressed mathematically as:
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Algorithm 1 UAV Swarm Trajectory Design using MTSP
1: Input:

• V = {v0,v1, . . . ,vn} (locations, with v0 as the base station)

• U = {u1,u2, . . . ,um} (set of UAVs)

• C(vi,v j) (cost between locations)

2: Output: Paths Pk for each UAV such that:

min
m

∑
k=1

∑
(i, j)∈Pk

C(vi,v j), Pi∩Pj = {v0},∀i ̸= j

3: Initial Step: Set starting location v0 for each UAV, and mark all vi ∈V as unvisited
(except v0).

4: while Unvisited nodes exist in V do
5: for each UAV uk do
6: Select the nearest unvisited node:

vnext = arg min
v j∈Vunvisited

C(current(uk),v j)

7: Add vnext to path Pk and mark it as visited
8: end for
9: end while

10: Return: UAVs return to base v0, with final paths Pk.

min ∑
(i, j)∈Pk

ci j, (2.7)

where:

• Pk: path of UAV k;

• ci j: cost of traveling from node i to node j.

Research on UAV path planning has proposed basic algorithms that typically determine
the optimal path from a cost map in a static 2D or 3D grid environment, yielding effective
results in simple scenarios. However, these methods are generally limited to single UAV
operations and cannot coordinate large-scale UAV swarms [200]. In the same vein, another
study designed a pathfinding model for a group of 3–10 UAVs, taking into account battery
limits, charging stations and coverage constraints, which provides more effective coverage
and better mission completion. However, path overlap remains a key challenge [114]. In an-
other study, the initial paths obtained from classical Dijkstra are improved by PSO to enhance
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collision avoidance and path selection, resulting in better performance in complex scenarios
with reduced path overlap and outperforming classical Dijkstra [215]. Additionally, dynamic
planning-based methods, which utilise local replanning with the Bresenham algorithm, have
been proposed to avoid unknown obstacles in both static and dynamic environments. They
are mainly effective for single UAVs and are capable of handling sudden changes and new
obstacles [43]. Although Dijkstra-based method provides reliable routing for UAVs, classical
Dijkstra has problems such as synchronization and lack of coordination of large-scale UAV
swarms, which make it inadequate for large systems; however, its modern variants such as
Multi-UAV Dijkstra and Dijkstra+PSO [215] overcome these weaknesses and provide more
reliable solutions within UAV swarms with better coverage, effective collision avoidance,
and less interference.

A* Algorithm

The A* algorithm is a heuristic-guided version of Dijkstra, which uses the heuristic
function h(n) to speed up the search process [45]. It considers the least-cost path, as well as
the estimated remaining distance, in the graph-based search, making it more computationally
efficient than the classical Dijkstra algorithm. The cost function in A* algorithm can be
expressed as:

f (n) = g(n)+h(n), (2.8)

where:

• g(n): actual cost of reaching node n;

• h(n): heuristic estimate of remaining distance.

The TA grid-based A* algorithm is utilised for UAV scheduling and routing, providing
efficient coordination of 3–10 UAVs while minimising mission overlap through temporal
offset batching. To improve upon this, Jump Point Search (JPS)-Enhanced A is introduced,
which finds faster paths by skipping unnecessary nodes and gives better results in environ-
ments with static obstacles. However, some path overlap is reported during Moving Window
Search [150]. As a further development, the 3D A algorithm provided efficient navigation in
complex three-dimensional environments using octree-based space partitioning and reduced
collisions through per-UAV deflection layers. Still, its performance remained relatively
limited in unpredictable dynamic scenarios [108]. In the same sequence, Classification A
implemented local A on each UAV by dividing the workspace into sectors, which reduced
the computing time and achieved better results [134]. Overall, A* and its variants provide
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fast, reliable, and effective solutions for UAV trajectory design; however, challenges such as
scalability and limited replanning capacity in large-scale UAV swarms and highly dynamic
environments remain, which require more hybrid and adaptive approaches to overcome.

Rapidly-Exploring Random Trees (RRT)

RRT is a sampling-based path planning algorithm that rapidly grows new branches
through random sampling in a given configuration space, to explore as much accessible space
as possible [103, 109]. The following function is used to select the nearest node and extend
it in a randomly chosen direction:

xnew = xnear + ε · xrand− xnear

∥xrand− xnear∥
, (2.9)

where:

• xnear: current node in the tree that is closest to xrand;

• xrand: randomly chosen point in the direction in which the tree is expanded;

• ε: step size that determines the extent of the expansion;

• ∥xrand− xnear∥: Euclidean distance between the two points, which normalises the
direction.

The initial research utilises Multi-platform Space-Time RRT, which enables UAVs to
operate in static and cluttered 3D environments with space and time constraints. This model
provides smooth and flyable paths, where path overlap is significantly reduced by strictly
enforcing the time and separation of each UAV. Another study [227] adopted Multi-RRT
with kinodynamic constraints and Bézier curves, which not only provided smoother and
shorter paths for 3–10 UAVs but also improved upon methods such as classical RRT and
Theta-RRT [92], while ensuring collision avoidance. Meanwhile, RRT is utilised for single
UAV scenarios in photogrammetry and aerial survey, where real-time obstacle avoidance is
possible with the aid of stereo cameras, and safe navigation at speeds of 6 m/s is demonstrated
in practical missions [33]. Furthermore, a hybrid method is introduced that combines iterative
RRT with the Salp Swarm Algorithm (SSA), in which SSA intelligently guides the expansion
of nodes. This approach reduces path length, decreases the number of iterations and nodes
used, improves computational efficiency, and further minimises overlap between UAV paths
[139]. Overall, RRT-based algorithms are highly effective in UAV trajectory planning,
particularly in complex, dynamic, or partially known environments. Their main strength
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is fast search; however, the randomness and non-smooth nature of classical RRT often
create limitations, which is why modern research is integrating these techniques with Bézier
smoothing or SSA-guided approaches to enable smoother, collision-free, and computationally
efficient trajectories for UAV swarms.

Dynamic Window Approach (DWA)

DWA is a real-time spatial planning algorithm that selects a safe and feasible path within
the UAV’s current velocity v and angular velocity (ω). This method is effective because it
enables the UAV to avoid collisions even in rapidly changing conditions and complex or
partially unknown environments. It analyses possible movements based on velocity and
angle, assesses the safety and feasibility of each path, and instantly selects the path that
provides the least risk and the most efficiency [50, 29]. In DWA, the objective function is
used to select the optimal path, considering various factors such as target alignment, obstacle
distance, and speed. Its mathematical expression is as follows:

G(v,ω) = α ·heading+β ·distance+ γ · speed, (2.10)

where:

• v: velocity, ω: angular velocity;

• heading: target alignment;

• distance: distance from the obstacle;

• speed: current speed of the UAV;

• α,β ,γ : weights that describe the relative influence of heading, clearance, and speed in
decision-making.

This function (Equation 2.10) combines these parameters to produce a score for each
possible move, based on which the most suitable move is selected.

DWA has been adopted in various scenarios in UAV swarms to enable quick response
and collision avoidance. Several studies have shown that DWA-based approaches not only
make the routes safer during missions but also significantly improve the overall efficiency
of UAVs. For example, authors in [32] combined DWA with ORCA (Optimal Reciprocal
Collision Avoidance), resulting in a 17% reduction in mission time and a 27.9% reduction in
path length. A study [183] utilised DWA with gradient-field costs to enable UAVs to navigate
more effectively around non-convex obstacles, although gradient sensitivity occasionally led
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to local minima. Similarly, work [230] combined DWA with global planners such as Jump
Point Search (JPS), where the combination of local collision avoidance and global route
guidance provided smoother paths. Overall, DWA is a reliable method for real-time local
motion planning, enabling UAVs to make swift decisions in dynamic and partially known
environments. It provides collision-free trajectories in a short time and improves mission
duration. However, for large-scale coordination and nonlinear interactions in complex UAV
swarms, DWA typically requires integration with global planners or AI-based intelligence to
provide more scalable and adaptive solutions.

Dubins Path

Dubin’s path is a classical geometric trajectory planning model designed for vehicles with
limited turning radius, and is particularly suitable for fixed-wing UAVs where zero-radius
turns are not possible [46, 110]. The model searches for a minimum path that consists of only
three basic movements: straight ahead (S), left turn (L), or right turn (R). The combinations
of these movements create different possible paths, which can be expressed mathematically
as:

Path = {LSL, LSR, RSL, RSR, RLR, LRL}, (2.11)

This set represents all the basic possible paths that the model evaluates for minimum distance
or cost. In this way, the model compares the performance of each combination and selects the
most efficient route, which saves both time and energy in UAV navigation and path planning.

The Dubins path model has been adopted in several studies in UAV trajectory planning.
Authors in [137] developed a Dubins-based motion planning framework for fixed-wing UAVs,
which is found to be effective for constrained turns and short-path planning. Another study
in [208] designed minimum-turn paths for UAVs, which improve trajectory smoothness and
mission efficiency in different environments. Furthermore, a work [220] integrated Dubins
paths into cooperative UAV swarms, providing collision-free trajectories in a multi-agent
path planning scenario despite the turning constraints.

Dubin’s path model is a crucial technique for fixed-wing UAV swarms because it in-
corporates physical constraints, like turning radius, directly into the trajectory planning
process. However, this model has limitations; it can only handle straight, constant-radius
turns, making it less suitable for dynamic replanning. Therefore, it is often integrated with
advanced methods or hybrid approaches in more complex scenarios.

Table 2.2 presents a comparative overview of different TAs in MTSP, showing that each
algorithm plays a unique role in specific environments and scenarios. Observations indicate
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that a combination of different algorithms yields more effective, flexible, and situationally
superior results in UAV swarm missions.
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2.6.2 Bio-Inspired Methods Used in UAV Swarm

BIAs are inspired by simple yet effective behaviours found in nature. These heuristic-based
methods are highly effective in solving NP-hard problems, such as the MTSP, particularly
when designing trajectories for UAV swarms. As demonstrated in Algorithm 2, this illustrates
the operational framework of TAs. Some famous algorithms are the following:

• Pigeon Inspired Optimisation (PIO) [199]

• Salp Swarm Algorithm (SSA) [132]

• Artificial Bee Colony (ABC) [6]

• Ant Colony Optimisation (ACO) [7]

• Particle Swarm Optimisation (PSO) [175]

• Genetic Algorithm (GA) [198]

Pigeon-Inspired Optimisation (PIO)

PIO is a BIA based on the navigation abilities, memory, and tendency of pigeons to use
the Earth’s magnetic field. PIO can be used to navigate UAVs in the right direction toward
the global target, providing speed and accuracy in path planning. The algorithm was first
introduced by the authors in [199], who described it in two main steps: the map and compass
operator, inspired by pigeons’ direction recognition and magnetic sensing, and the landmark
operator, which reflects pigeons’ memory and ability to fly to a target.

In recent research, PIO has been applied to various engineering and optimisation problems.
A study in [58] applied PIO to UAV path planning and showed that it can derive paths to
the target in less time than TAs. Similarly, Sharma and Panda [160] used PIO in multi-
objective trajectory design, where PIO struck a balance between collision avoidance and
energy efficiency. Furthermore, Authors in [121] adapted PIO for UAV swarms to provide
effective navigation toward the global target even in dynamic and uncertain environments.
In the UAV swarm MTSP scenario, the compass-based formula in PIO is used to guide
each UAV to the global best position (xg). This enables coordinated movement of UAVs
and efficient multi-target allocation. This method minimises the total travel distance while
maintaining swarm coordination and ensuring the avoidance of unnecessary or redundant
paths. This compass-based update formula is mathematically expressed as:

xt+1
i = xt

i · e−Rt + xg, (2.12)
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Algorithm 2 General Flow of BIAs for UAV Swarm and MTSP
1: Input:

• V = {v0,v1, . . . ,vn}: Hotspots (where v0 is the base station)

• U = {u1,u2, . . . ,um}: Set of UAVs

• C(vi,v j): Cost (distance, time, or energy) between locations

• Algorithm-specific parameters (e.g., pheromone τ for ACO, velocity v for PSO,
etc.)

2: Output: Optimal paths {P1,P2, . . . ,Pm} that minimize the total cost:

min
m

∑
k=1

∑
(i, j)∈Pk

C(vi,v j),

with each city visited by only one UAV (except the base station).
3: Initial step:
4: Create an initial population/colony/cluster for each BIA:

Pop = {Sol1,Sol2, . . . ,Solp},

Where each solution is a set of possible paths for the UAVs.
5: Set initial algorithm parameters (pheromone level, inertia weight, learning coefficients,

etc.).
6: while termination criterion is not met (e.g., max iterations or convergence) do
7: for each solution Soli ∈ Pop do
8: Calculate fitness:

f (Soli) =
m

∑
k=1

∑
(i, j)∈Pk

C(vi,v j)

9: Update pheromone (for ACO):

τi j← (1−ρ)τi j +∆τi j

10: Update velocity and position (for PSO):

vi(t +1) = ωvi(t)+ c1r1(pbest− xi)+ c2r2(gbest− xi)

11: Apply selection, crossover, mutation (for GA).
12: end for
13: Update best solution (global best or optimal).
14: end while
15: Output: Extract best solution {P1,P2, . . . ,Pm}, providing optimal or near-optimal MTSP

paths for UAVs.
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where:

• xg: global best position;

• R: learning rate that reduces the intensity of the movement over time.

This Equation 2.12 ensures that over time, each UAV gradually moves from its current
position to the global optimal position, allowing the entire swarm to complete the MTSP
mission in a coordinated and efficient manner.

Salp Swarm Algorithm (SSA)

The salp swarm algorithm (SSA) is a bio-inspired optimisation method inspired by the
movement of a swarm of salps in the ocean, where a leader salp moves towards a target
and the rest of the salps follow it. SSA is first introduced by the [132], and consists of two
stages: the movement of the leader salp that controls the exploration, and the movement of
the follower salp that fine-tunes the exploitation.

SSA has demonstrated its effectiveness in various engineering applications over the past
few years. For example, [12] utilised SSA for UAV path planning and showed that it can
identify the most efficient paths even in complex and dynamic environments. Similarly, au-
thors in [180] implemented SSA in multi-objective optimisation, where energy consumption
and path length are optimised simultaneously. Furthermore, the study in [225] extended SSA
to complex problems, such as UAV swarm coordination and MTSP, and demonstrated its
flexibility.

Leader swarm update equation:

x j
1 =

Fj + c1
(
(ub j− lb j)c2 + lb j

)
, c3 ≥ 0.5

Fj− c1
(
(ub j− lb j)c2 + lb j

)
, c3 < 0.5

(2.13)

Leader swarm update equation components:

• x j
1: new position of the leader swarm in dimension j;

• Fj: position of the target (food source) in dimension;

• ub j: upper bound in the given dimension;

• lb j: lower bound in the given dimension;

• c1: exploration coefficient, which decreases with time;
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• c2, c3: random numbers between 0 and 1.

• If c3 ≥ 0.5, the swarm moves towards the target.

• If c3 < 0.5, the swarm moves away from the target, which maintains diversity.

In SSA, the movement of the leader swarm controls the overall direction and behaviour
of the entire swarm. In the context of a UAV swarm, the leader swarm can be a UAV that
determines the general movement of the swarm towards the target, while the rest of the UAVs
follow it. This mechanism is considered ideal for maintaining a balance between exploration
and exploitation in complex path planning problems, such as MTSP.

Artificial Bee Colony (ABC)

ABC is a popular bio-inspired optimisation algorithm inspired by the natural foraging
behaviour of honeybees. Authors in [86] introduced ABC, which consists of three types of
bees employed: onlooker, scout, and worker bees. Each bee plays a role in the process of
finding new food (solutions), exchanging information, and making better choices. The ABC
algorithm has been successfully applied to various complex problems in engineering and
robotics. For example, [6] uses it for numerical optimisation, while [112] shows in UAV path
planning that crowd-based cooperation accelerates the search for better paths. In the same
vein, [166] applied the ABC approach to multi-objective optimisation in UAV swarms, where
the optimal speed and path are determined while considering constraints such as energy, time,
and distance.

These studies present the current state of the problem and possible search paths, illus-
trating that each UAV requires both local and global information to determine the optimal
direction. This concept is mathematically represented in the following equation, which is the
basic formula for generating a new solution:

vi j = xi j +φi j(xi j− xk j), (2.14)

where:

• xi j: current solution (the current path or speed of the UAV),

• xk j: neighbouring solutions (other UAVs or alternative paths),

• φi j: a random value that diversifies the search
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This update mechanism, as explained in equation 2.14, describes how each UAV combines
its current state with neighbouring information to generate a new solution. By applying this
equation, improved paths and speeds are achieved, providing fast and effective solutions to
complex problems, such as the MTSP. This enables each UAV to determine the optimal path
or trajectory in a cooperative manner. The collective intelligence of the UAVs yields faster
and more efficient solutions to complex problems.

Ant Colony Optimisation (ACO)

ACO is another important BIA inspired by the natural path-finding behaviour of ants,
where ants leave pheromone trails and use them to find the best path. Authors in [38] founded
ACO, and it remains a benchmark method for many optimisation problems today.

Study [140] utilised ACO for cooperative search and surveillance missions in UAVs,
demonstrating that pheromone-based learning enables effective navigation for UAVs even in
dynamic environments. Furthermore, the study in [203] modified ACO to solve UAV-based
MTSP and observed that it provides better scalability in parallel UAV coordination.

In MTSP, each UAV is considered as an "ant" searching for the best possible path to
reach its target. The initial state of the problem, including all possible paths, as each UAV
explores different paths. In this search process, each UAV learns from its own and other
UAVs’ previous movements to choose the best path for the future. The following probability
equation decides this selection:

Pi j =
[τi j]

α [ηi j]
β

∑k∈allowed[τik]α [ηik]β
, (2.15)

where:

• τi j: pheromone level, which indicates the previous success of a path;

• ηi j: approximate information (1/distance), which gives the immediate availability of
the route.

Equation 2.15 helps each UAV calculate which of the following cities or targets is most
suitable to choose. The probability of selecting a route with a higher pheromone level and
shorter distance increases, while the probability of choosing a path with a lower pheromone
level and longer distance decreases.

ACO’s pheromone trails provide UAVs with a "collective memory", which is updated after
each iteration. This means that when a UAV passes a good route, it leaves pheromones along
that route, which other UAVs sense and incorporate into their decisions. This collaboration
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results in the emergence of optimal routes in the final graph, where each UAV reaches its
assigned targets in the shortest distance, time, and energy.

This sequence, initial state→ decision-making through equations→ pheromone update
→ optimised paths, helps solve complex problems like MTSP efficiently and consistently.

Particle Swarm Optimisation (PSO)

PSO is a popular bio-inspired meta-heuristic algorithm inspired by the collective be-
haviour of flocks of birds and schools of fish. Authors in [87, 41] introduced PSO, in
which each possible solution is considered a “particle” that explores the solution space by
continuously updating its velocity and position.

In recent years, PSO has been widely adopted in UAV path planning and swarm co-
ordination problems. Study in [228] utilised PSO in the trajectory optimisation of UAVs
and demonstrated that the algorithm quickly finds near-optimal paths, even in dynamic
environments. Similarly, researchers in [218] implemented PSO in UAV-based multi-target
assignment (MTSP) and observed that this approach provides better load balancing while
maintaining a low computational cost. Furthermore, authors in [155] used an improved
version of PSO in UAV swarm collision avoidance, and the results showed that PSO-based
coordination is effective in both safety and efficiency.

In MTSP, each particle represents a possible path or velocity and learns from its personal
best and the group’s global best. The following equation controls the velocity update:

vt+1
i = ωvt

i + c1r1(pi− xt
i)+ c2r2(g− xt

i), (2.16)

where:

• ωvt
i: inertial component — maintains the current direction and velocity;

• c1r1(pi− xt
i): cognitive component — movement towards the personal best position

pi;

• c2r2(g− xt
i): social component — movement towards the collective best solution g;

• c1, c2: learning coefficients;

• r1, r2: random factors that diversify the search.

The following equation then updates the position:

xt+1
i = xt

i + vt+1
i , (2.17)
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where:

• xt
i: current position;

• vt+1
i : newly updated velocity.

Together, these two equations 2.16 and 2.17 show a process in which each UAV contin-
uously improves its position and velocity, first by taking advantage of its own experience
and then by taking advantage of the collective experience of the group. Thus, the collective
intelligence of PSO facilitates the identification of optimal paths in MTSP, utilising the
minimum distance, time, and energy, and enables real-time swarm coordination.

Genetic Algorithm (GA)

GA are a popular evolutionary optimisation technique based on the principles of natural
evolution, such as selection, crossover, and mutation. Goldberg [31, 198] introduced GA as
a general framework for complex optimisation problems. Since then, GA has been widely
used in various fields, including robotics and UAV path planning.

GA has repeatedly proven its usefulness in UAVs and swarm operations. The authors in
[25, 35] utilised GA for UAV mission planning and demonstrated how chromosome-based
encoding reduces the total cost (in terms of time and distance) by optimising multiple paths.
Furthermore, the researchers in [209] utilised GA for UAV trajectory optimisation in the
context of the MTSP, which demonstrated significant improvements in load balancing and
mission completion time among UAVs. Similarly, the studies [42, 68] implemented GA in
UAV-based collision-free path planning, and the results showed that GA-based approaches
remain efficient and scalable even in large search spaces.

In MTSP, the GA represents each possible UAV path as a chromosome, where genes
represent the sequence of cities or targets that the UAV can visit. The goal of the GA is
to find the solution among these paths that provides the least cost (distance or time). The
following fitness function is used to measure this performance:

Fitness(x) =
1

Cost(x)
, (2.18)

where:

• Cost(x): total cost of the UAV path, measured in terms of distance or time.

Equation 2.18 ensures that the lower the cost of the path, the higher its fitness. As a result,
the GA naturally prefers low-cost and high-fitness paths.

The GA iteratively generates new solutions:
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1. Crossover: creates a new path by combining two existing paths.

2. Mutation: creates diversity by making minor changes to the path.

3. Selection: selects paths with better fitness for the next generation.

With each iteration, weaker solutions are eliminated and stronger solutions become more
dominant, until all UAVs agree on an optimal or closest solution. The final part presents the
results of this evolutionary process, where non-conflicting and low-cost paths for the UAVs
emerge. Thus, GA’s evolutionary search enables the solution of complex problems, such
as MTSP, quickly and efficiently, whether the problem involves trajectory planning, path
allocation, or real-time swarm coordination.



38Toward Autonomous UAV Swarm Navigation: A Review of Trajectory Design Paradigms

Ta
bl

e
2.

3
R

ol
e

of
B

IA
s

in
U

AV
sw

ar
m

an
d

co
m

pa
ri

so
n.

A
lg

or
ith

m
A

dv
an

ta
ge

s&
L

im
ita

-
tio

ns
R

ol
e

in
M

T
SP

T
im

e
to

co
m

pl
et

e
a

m
is

si
on

Sc
al

ab
ili

ty
E

ne
rg

y
E

ffi
-

ci
en

cy
C

ol
lis

io
n

R
at

es

PI
O

Si
m

pl
e,

ef
fe

ct
iv

e
fo

rb
a-

si
c

na
vi

ga
tio

n;
lim

ite
d

ad
ap

ta
bi

lit
y.

G
PS

-l
ik

e
or

i-
en

ta
tio

n.
M

od
er

at
e,

st
ru

g-
gl

es
w

ith
co

m
pl

ex
-

ity
.

L
ow

in
dy

-
na

m
ic

ta
sk

s.
M

od
er

at
e.

L
ow

in
co

nt
ro

lle
d

se
tti

ng
s.

SS
A

E
as

y
to

im
pl

em
en

t;
po

or
in

dy
na

m
ic

en
vi

ro
nm

en
ts

.

L
ea

de
r-

fo
llo

w
er

co
or

di
na

tio
n.

M
od

er
at

e,
sl

ow
in

co
m

pl
ex

ta
sk

s.
M

od
er

at
e

fo
r

sm
al

ls
w

ar
m

s.
L

ow
to

m
od

er
at

e.
L

ow
in

si
m

pl
e

en
vi

ro
nm

en
ts

,
hi

gh
er

in
dy

-
na

m
ic

.
A

B
C

B
al

an
ce

d
ex

pl
or

at
io

n
an

d
ex

pl
oi

ta
tio

n;
sl

ow
co

nv
er

ge
nc

e.

W
or

ke
rs

fin
d

so
lu

tio
ns

an
d

sh
ar

e
in

fo
.

Sl
ow

du
e

to
co

nv
er

-
ge

nc
e.

M
od

er
at

e
in

la
rg

e
sp

ac
es

.
M

od
er

at
e.

M
od

er
at

e,
va

ri
es

w
ith

ex
pl

or
at

io
n.

A
C

O
E

ff
ec

tiv
e

pa
th

fin
di

ng
;

su
ff

er
s

fr
om

ph
er

om
on

e
im

ba
la

nc
e.

C
ol

le
ct

iv
e

m
em

or
y

vi
a

ph
er

om
on

es
.

M
od

er
at

e,
sl

ow
in

la
rg

e
en

vi
ro

n-
m

en
ts

.

H
ig

h
in

dy
na

m
ic

ta
sk

s.
H

ig
h

du
e

to
ph

er
om

on
e

up
da

te
s.

M
od

er
at

e,
de

pe
nd

s
on

ph
er

om
on

e
st

re
ng

th
.

PS
O

Fa
st

co
nv

er
ge

nc
e;

ca
n

st
ag

na
te

in
lo

ca
lo

pt
im

a.
Fa

st
,

op
tim

al
so

lu
tio

ns
.

Fa
st

fo
rc

on
tin

uo
us

ta
sk

s.
H

ig
h

in
co

nt
in

-
uo

us
op

tim
is

a-
tio

n.

H
ig

h
in

co
nt

ro
lle

d
se

tti
ng

s.
L

ow
,

m
ay

in
-

cr
ea

se
w

ith
st

ag
na

tio
n.

G
A

H
ig

h
di

ve
rs

ity
;

sl
ow

co
nv

er
ge

nc
e,

hi
gh

co
m

-
pu

ta
tio

na
lc

os
t.

G
lo

ba
l

so
-

lu
tio

ns
vi

a
m

ut
at

io
n

an
d

cr
os

so
ve

r.

M
od

er
at

e,
sl

ow
in

co
m

pl
ex

sp
ac

es
.

H
ig

h
in

la
rg

e
so

lu
tio

n
sp

ac
es

.

M
od

er
at

e.
L

ow
w

ith
m

ai
n-

ta
in

ed
di

ve
rs

ity
.



2.6 Different Trajectory Design Methods 39

2.6.3 Challenges in Bio-Inspired Algorithms

In the context of UAV swarms, several BIAs have been effectively adopted to solve
complex combinatorial problems such as the MTSP. A specific natural phenomenon or
organism inspires each algorithm, which then performs in UAV swarms with its unique
mechanisms and advantages. However, each algorithm also has some limitations, which
subsequent methods aim to address and improve. Table 2.3 summarises these algorithms,
describing the basic motivation of each algorithm, its role in UAV swarms/MTSP, and the
main challenges.

This evolutionary sequence illustrates that each new algorithm overcomes the weaknesses
of its predecessors to some extent. For example, PIO relies on basic GPS-like navigation
behaviour; however, it often fails to reach the global optimum. This shortcoming is partially
addressed by SSA, which introduced a simple leader–follower strategy; however, it also
proved to be limited in more complex and dynamic environments.

Then ABC improved exploration by modelling the foraging activity of worker bees;
however, it took longer in large search spaces due to slow convergence. ACO introduced
collective learning through cooperative pheromone trails; however, it suffered from problems
such as premature convergence and pheromone evaporation.

PSO provided an effective yet simple coordination mechanism by combining individual
and collective best (personal best and global best). Still, it often got stuck in local minima
due to the difficulty in maintaining diversity. Finally, GA emerged with an evolutionary
mechanism that provides substantial diversity through crossover and mutation, offering
a highly reliable and robust solution to complex combinatorial problems, such as MTSP
[31, 209].

However, a fundamental limitation of GA is that it is primarily suited for offline scenarios,
where all the data is already available. In online situations such as real-time UAV coordination,
the computational complexity and latency of GA can limit quick decision-making. Therefore,
while GA performs well in offline mission planning, either lightweight algorithms or hybrid
approaches may be more effective for online decision-making [228, 42].

2.6.4 AI-based and Innovative Methods

In recent years, artificial intelligence-based methods have emerged as a crucial alternative
for solving complex combinatorial problems, such as UAV swarm trajectory design and the
MTSP. These innovative approaches have provided more adaptive, scalable, and data-driven
solutions than TAs. AI-based algorithms enable UAVs to make autonomous decisions in
changing environments and derive optimal routes in complex situations [191, 8].
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Algorithm 3 AI Techniques for UAV Swarm and MTSP
1: Input:

• V = {v0,v1, . . . ,vn}: Hotspots (with v0 as the base station)

• U = {u1,u2, . . . ,um}: Set of UAVs

• C(vi,v j): Cost (distance, time, or energy) between locations

• AI-specific parameters (e.g., learning rate, neural network structure, etc.)

2: Output: Optimal paths {P1,P2, . . . ,Pm} that minimize the total cost:

min
m

∑
k=1

∑
(i, j)∈Pk

C(vi,v j),

with each city visited by only one UAV (except the base station).
3: Initial Step:
4: Initialise neural network weights, or reinforcement learning environment.
5: Set starting locations for each UAV v0.
6: while Not converged (e.g., max epochs, acceptable error) do
7: for each UAV uk do
8: Input current state (current location, previous path, etc.) into the AI model.
9: Output next location for UAV:

vnext = AI_model(state)

10: Add vnext to UAV path Pk.
11: Update model parameters based on the UAV’s decision (Reinforcement Learning:

update Q-value or loss function).
12: end for
13: end while
14: Return: Extract best solution {P1,P2, . . . ,Pm}, providing optimal or near-optimal MTSP

paths for UAVs.
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Popular AI-based methods:

• Multi-Agent Reinforcement Learning (MARL) [231]

• Deep Reinforcement Learning (DRL) [229]

• Q-Learning / Deep Q-Network (DQN) [70]

• Actor–Critic Methods [8]

• Imitation Learning [145]

• Active Inference [51]

These AI-based approaches have ushered in a new era for UAV-based MTSP and trajectory
planning, where UAVs not only operate according to pre-programmed rules but also adapt
and perform effectively in complex, real-world scenarios, with the ability to learn and make
autonomous decisions. As shown in Algorithm 3, this outlines the operational framework of
AI-based methods for UAV swarm.

Multi-Agent Reinforcement Learning (MARL)

MARL is an extension of traditional reinforcement learning in which multiple agents learn
and act together in the same environment [28, 231]. In MARL, each agent not only receives
rewards and observations from the environment, but is also influenced by the presence and
decisions of other agents. This feature is particularly suitable for UAV swarms because each
UAV acts as an agent that determines its trajectory and decisions by taking into account the
behaviour of other UAVs.

In recent years, MARL has been widely used for UAV swarm trajectory planning, MTSP,
and cooperative decision-making. For example, the study [76] proposed a MARL-based
framework for UAV swarms, which enables UAVs to jointly find optimal routes and share
tasks (i.e., task allocation). Similarly, work [39] used a MARL model based on centralized
training and decentralized execution (CTDE) for UAV collision avoidance, which provides
better coordination in real-time decisions. Furthermore, authors in [211] demonstrated
that MARL enables UAVs to be cooperative and adaptive in dynamic MTSP scenarios,
particularly in environments where targets and routes change over time.

Fig. 2.8 illustrates the concept of MARL, where each UAV makes autonomous decisions
based on its local observations and the rewards it receives. Each UAV learns not only from
its own experience but also from the behaviour of other UAVs, allowing for better collective
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decision-making. This process can be described mathematically by the following objective
function:

π
∗
i = argmax

πi
E

[
T

∑
t=0

γ
tri,t

∣∣∣∣∣ π1,π2, ...,πn

]
, (2.19)

where:

• πi: policy of agent i, which chooses an action based on current observations;

• ri,t : reward received by agent i at time t;

• γ: discount factor, which maintains the importance of long-term rewards;

• π1,π2, ...,πn: policies of all other agents, which influence the environment and deci-
sions.

Equation 2.19 specifies that each UAV optimises its policy in such a way that the long-
term total reward is maximised, while also taking into account the behaviour of other UAVs.

The MARL’s frequently updated decisions enable UAVs to learn from each other, tak-
ing paths that avoid collisions, reduce time and distance, and successfully solve complex
problems, such as MTSP, in dynamic and uncertain environments.

Thus, MARL provides an effective solution for UAV swarms, enabling them to adapt in
real time and collectively adopt the best strategy [222, 212].

Fig. 2.8 Example of a MARL framework for UAV trajectory planning.



2.6 Different Trajectory Design Methods 43

Deep Reinforcement Learning (DRL)

DRL is a modern learning method where an agent observes the environment, performs
actions, and improves its policy based on rewards [133, 20]. DRL combines the principles of
classical reinforcement learning with deep neural networks, allowing it to learn efficiently
even on high-dimensional inputs such as images, sensor data, and complex state spaces.

DRL has been widely used in complex combinatorial optimisation problems such as UAV
trajectory design and MTSP. For example, the article [236] proposes a policy framework
based on DRL for UAV swarms, allowing UAVs to perform dynamic task allocation and
real-time trajectory adjustments. Similarly, the study [192] demonstrated that DRL enables
UAVs to make adaptive routing decisions in response to changing situations during mission
execution. Furthermore, the research [53] achieved significant improvements in both load
balancing and mission completion time by implementing DRL in an MTSP setting. This
process can be described mathematically by the following objective function:

π
∗ = argmax

π
E

[
T

∑
t=0

γ
trt

]
, (2.20)

where:

• π: policy that describes the strategy for choosing the action;

• rt : reward received at time t;

• γ: discount factor that balances long-term and short-term rewards.

Equation 2.20 explains that in DRL, the UAV optimises its policy π in such a way that
the long-term total reward is maximised. After each observation, the UAV estimates which
action in the current state will yield the most benefit in the future and updates its decisions
accordingly.

The result of this iterative process is that the UAVs have learned from the environment
and adopted better paths and target preferences for the MTSP. This has not only increased
mission performance but also reduced execution time. Thus, DRL enables UAV swarms to
operate effectively in dynamic and uncertain environments and automatically select the best
paths [229, 8].

Q-Learning / Deep Q-Network (DQN)

Q-Learning is a classical value-based reinforcement learning technique that learns the
expected reward for each state-action pair and ultimately produces an optimal policy [205].
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Fig. 2.9 demonstrates the fundamental framework of Q-learning and DQN. After receiving
State and Reward from the environment, agents update the Q-Table to learn which Action is
best in which state, and this knowledge helps to improve subsequent decisions. The principle
of this update is described in the following equation:

Q(st ,at)← Q(st ,at)+α

[
rt + γ max

a′
Q(st+1,a′)−Q(st ,at)

]
(2.21)

where:

• Q(st ,at): estimated value of action at in the current state st ;

• rt : reward received after executing the action at time t;

• st+1: next state;

• maxa′Q(st+1,a′): highest-valued possible action in the next state;

• α: learning rate, which determines the weight of new and old Q-values;

• γ: discount factor, which determines the importance of future rewards.

Equation 2.21 describes how Q-learning updates the Q-value by combining new informa-
tion with old information. The UAVs repeat this process repeatedly, learning which action
will provide the highest reward in each situation. The result of this learning process is that
the UAVs have adopted routes and task allocations that not only reduce distance and time but
also avoid collisions in a dynamic and uncertain environment. Thus, Q-learning enables both
real-time route optimisation and dynamic task allocation in MTSP, improving the overall
performance of the swarm [204, 229].

Q-Learning enhances the discrete decision-making capabilities of UAVs, whereas DQN
addresses large state spaces. The work in [204] proposes DQN-based trajectory planning
for UAVs and observes better performance in complex urban settings. DQN combines the
same principle with DQN to address high-dimensional state spaces, as demonstrated by the
authors in [133] for human-level decision-making.

Recent research has used Q-Learning and DQN for complex combinatorial optimisation
problems such as UAV trajectory planning and the MTSP. For example, the study [70] used
DQN in UAV swarms to improve real-time path selection and reduce mission completion
time in dynamic scenarios. Similarly, the work [53] presented a Q-learning-based task
allocation approach for multi-UAV MTSP, which significantly improved load balancing
among cooperative UAVs. Furthermore, the research [232] employed a DQN-based approach
for UAV collision avoidance and adaptive navigation, yielding promising results in complex
environments.
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Fig. 2.9 Illustrative example of Q-Learning / DQN approach for UAV-based MTSP

Actor–Critic Methods

Actor–Critic is one of the primary reinforcement learning methods that combines policy-
based and value-based approaches [95, 64]. These methods consist of two main parts, as
illustrated in Fig. 2.10:

Actor: which chooses an action and learns a policy π(a|s). Critic: which estimates the
value of the selected action (V (s) or Q(s,a)) and provides feedback to the actor.

These methods are particularly suitable for problems where the action space is continuous,
such as speed, angle, or throttle control, because they require precise and smooth control at
each step [65]. In the initial scenario, UAVs must not only decide which path to take but
also make smooth adjustments to speed and angle while following that path, so that mission
time is short and energy use is efficient. In such cases, the Policy Gradient update rule is
used, which adjusts the policy parameters in such a way that the expected total reward is
maximised:

∇θ J(θ) = Eπθ
[∇θ logπθ (a|s) ·A(s,a)] , (2.22)

where:

• θ : policy parameters;

• πθ (a|s): probability of choosing action a in state s;

• A(s,a): advantage function, which expresses the utility of an action relative to the
average.

Actor–critic methods have been used in UAV swarm research through several advanced
implementations:



46Toward Autonomous UAV Swarm Navigation: A Review of Trajectory Design Paradigms

• Proximal Policy Optimisation (PPO): The article [65] introduced PPO, which is a
stable and sample-efficient Actor–Critic algorithm. For UAVs, PPO-based frameworks
have been successfully adopted for dynamic mission planning and MTSP coordination
[8].

• Deep Deterministic Policy Gradient (DDPG): The authors in [213] proposed DDPG for
continuous control. In UAV swarms, DDPG is utilised to learn continuous parameters,
such as velocity and angle, resulting in smoother trajectories.

• Soft Actor–Critic (SAC): It is an Actor–Critic variant based on maximum entropy RL,
which provides a better balance between exploration and exploitation. SAC has shown
promising results in UAV collision avoidance and coverage scenarios [34].

• Hybrid Multi-Agent Actor–Critic Approaches: Huang et al. [79] used the Actor–Critic
architecture in the multi-agent counterfactual advantage (MACA) framework, which
reduced collisions in UAV swarms by 90% and improved cooperative behaviour.

Actor–critic methods enable UAV swarms to make adaptive decisions in complex and
continuous action domains. In the context of problems such as MTSP, these approaches
would allow UAVs to manage the trade-off between local observations and global mission
objectives; however, they also present challenges in terms of computational complexity and
scalability in large-scale swarms [64, 229].

Fig. 2.10 Representation of the Actor–Critic framework for UAV swarm trajectory optimisa-
tion.



2.6 Different Trajectory Design Methods 47

Imitation Learning

Imitation Learning is a learning method based on the principle that a model learns to
make better decisions by following the demonstrations of experts [145, 80]. As depicted in
Fig. 2.11, it uses data provided by human operators or expert agents to learn a new policy that
performs the same actions as the expert. This method is more efficient than reinforcement
learning, because it learns from expert demonstrations rather than “trial-and-error”.

Imitation learning is particularly effective in the context of UAV trajectory planning
and the MTSP. For example, Kim et al. [93] employed an imitation learning framework
for UAV swarms, enabling UAVs to replicate expert trajectories and enhance cooperative
formation flying. Similarly, Wan et al. [197] proposed the DAgger (Dataset Aggregation)
algorithm, which enhances learning robustness through iterative expert corrections in UAV
navigation and decision-making. Furthermore, Pan et al. [147] combined imitation learning
with deep neural networks in UAV-based MTSP missions to significantly reduce planning
time and increase mission efficiency. Imitation learning approaches have been combined
in multi-agent setups for UAV swarms, as in Zhang et al. [233], who developed a hybrid
imitation–reinforcement learning framework that initialises UAVs with expert data and then
further improves performance through reinforcement learning.

In behaviour cloning, the goal of the model is to replicate the behaviour of the expert
with maximum accuracy. To achieve this goal, a specialised loss function is used, which
measures the difference between the predicted action and the actual action of the expert. The
mathematical expression for this loss is as follows:

L(θ) = ∑
(s,a)∈D

∥a−πθ (s)∥2, (2.23)

where:

• D: training data set, consisting of pairs (s,a); where s is the state and a is the expert
action;

• πθ (s): action predicted by the policy network;

• a: actual action of the expert;

• ∥a−πθ (s)∥2: squared error between the prediction and the actual action.

This loss function teaches the policy to replicate the expert’s actions as accurately as
possible. The higher this error, the greater the loss, and the model will reduce this difference
by updating its parameters θ .
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Imitation learning not only enables UAVs to learn rapidly from expert demonstrations
but also provides data-efficient and low-cost training for complex multi-target missions such
as MTSP. However, expert data collection and domain shift can be a challenge in large-scale
UAV swarms [145, 80].

Fig. 2.11 Representation of imitation learning in UAV trajectory planning.

Active Inference

In active inference, decisions are based on the principles of free energy or surprise minimisa-
tion, which are inspired by theoretical models of the human brain and have been adapted to
machines. It is an emerging probabilistic decision-making framework based on Bayesian
theory, integrating prediction, planning, and action under a unified framework [51, 52]. In
this approach, illustrated in Fig. 2.12, the agent constructs a generative model that captures
the world’s model. Through this model, the agent minimises the gap between the expectations
of sensory input and the actual observations. This gap is called free energy, and minimising
it allows the agent to make more adaptive decisions. This function measures the deviation
between the agent’s belief and the model, expressed mathematically as:

F = Eq(s)[logq(s)− log p(s,o)], (2.24)

where:

• q(s): posterior belief of the agent about a state s;
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• p(s,o): generative model, which represents the joint probability of state s and observa-
tion o.

This function forces UAVs to learn in such a way that the difference between their belief
and the actual model is minimised.

Fig. 2.12 Representation of the active inference framework for UAV trajectory planning.

In the context of MTSP, this method enables UAVs to design a trajectory and path based
on predictions, thereby enhancing adaptation and facilitating real-time adjustments during the
mission. As a result, UAV swarms reach their targets with greater precision and coordination,
using minimal energy, regardless of the uncertain environment.

Applications of active inference have emerged in UAV research in recent years. For exam-
ple, a goal-directed approach includes the TSPWP world model, which provides dictionary-
based planning for effective flight by minimising surprises to a UAV in areas with wireless
coverage. This model shows better results than Q-learning in terms of decision-making
speed and stability, although further experiments are needed for full integration at the swarm
level. [97]. In the same vein, Active-MGDBN (a hybrid of Gaussian Dynamic Bayesian
Network) is introduced, which provides autonomous path planning and self-supervision,
and increases flight flexibility and speed by suggesting optimal paths based on assumptions
in an unknown network environment. At the same time, it does not require training on
specific datasets, as it is capable of learning autonomously [98]. Another model is inspired
by the decision-making style of human drivers, where decisions are made based on Bayesian
cognition and free-energy minimisation. Although this model has not yet been directly
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applied to UAVs, its theoretical relevance makes it readily extensible to challenges such as
UAV collision avoidance [171]. Smith et al. [181] showed that Active Inference enables
UAVs to make successful decisions even in partially observable and dynamic environments.
In contrast, Pezzulo et al. [153] provided predictive awareness to UAVs during missions
through Bayesian active inference models. Furthermore, Millidge et al. [130] proposed a
deep Active Inference framework that combines generative models with deep neural networks
for UAVs, showing encouraging results in complex scenarios such as multi-target planning.
Overall, Active Inference enable adaptive and prediction-driven decision-making capabilities
to a UAV swarm. It provides a strong theoretical foundation through which UAVs can learn
stable navigation in uncertain environments and effectively achieve speed, coordination, and
continuously updated strategies during complex missions.

2.6.5 Challenges in AI-based Algorithms

In the context of UAV swarms, various AI-based methods are employed to solve complex
problems, such as the MTSP, effectively. Each algorithm solves a problem more effectively
based on its learning style and neural processing; however, it also has some weaknesses. In
recent years, several research works have demonstrated how one method succeeds another
and overcomes its shortcomings, ultimately leading to the emergence of a generative and
explainable short language model as a robust and unified framework [229, 231, 181].

Table 2.4 presents a comparison of the basic concepts and roles of different AI-based
methods in UAV swarms and MTSP. It shows that each method is effective in specific
situations but has its limitations; therefore, a combination of different AI techniques can be
more flexible, scalable, and provide better results in uncertain environments.

This study begins with MARL, which is designed for multi-agent coordination and
cooperative task allocation in UAV swarms [28, 76, 211]. MARL gave UAVs the ability
to learn and cooperate; however, it still had problems such as scalability, communication
overhead, and multi-agent credit assignment.

Then came DRL, which is capable of learning whole mission-level policies [133, 236].
However, DRL requires large amounts of data, time, and computational resources. This
limitation is alleviated by value-based methods such as Q-Learning/DQN, which are effective
for small and discrete action spaces. However, they are not suitable for continuous UAV
control [204].



2.6 Different Trajectory Design Methods 51

Ta
bl

e
2.

4
U

si
ng

A
I-

ba
se

d
m

et
ho

ds
in

U
AV

sw
ar

m
an

d
co

m
pa

ri
so

n.

M
et

ho
d

A
dv

an
ta

ge
s&

L
im

-
ita

tio
ns

R
ol

e
an

d
C

ha
l-

le
ng

es
in

U
AV

Sw
ar

m

T
im

e
to

co
m

-
pl

et
e

a
se

tm
is

-
si

on

Sc
al

ab
ili

ty
E

ne
rg

y
E

f-
fic

ie
nc

y
C

ol
lis

io
n

R
at

es

M
A

R
L

C
oo

pe
ra

tiv
e.

Po
or

sc
al

ab
ili

ty
.

L
ea

rn
s

po
lic

ie
s,

bu
t

sc
al

ab
ili

ty
is

ch
al

-
le

ng
in

g.

M
od

er
at

e,
de

-
pe

nd
s

on
co

or
-

di
na

tio
n.

M
od

er
at

e
fo

r
la

rg
e

sw
ar

m
s.

M
od

er
at

e.
M

od
er

at
e,

co
m

pl
ex

-
ity

im
pa

ct
s

co
or

di
na

-
tio

n.
D

ee
p

R
L

Fu
ll

le
ar

ni
ng

.
H

ig
h

da
ta

an
d

tr
ai

ni
ng

co
st

s.

L
ea

rn
s

co
m

pl
ex

ta
sk

s,
bu

t
sl

ow
du

e
to

da
ta

ne
ed

s.

Sl
ow

du
e

to
tr

ai
ni

ng
.

L
ow

sc
al

-
ab

ili
ty

fo
r

dy
na

m
ic

ta
sk

s.

H
ig

h
co

m
-

pu
ta

tio
na

l
co

st
.

Lo
w

,b
ut

in
cr

ea
se

s
in

dy
na

m
ic

se
tti

ng
s.

Q
-le

ar
ni

ng
/D

Q
N

Fa
st

fo
r

sm
al

l
ta

sk
s.

St
ru

gg
le

s
w

ith
la

rg
e

sp
ac

es
.

E
ff

ec
tiv

e
in

sm
al

l
sp

ac
es

,
bu

t
po

or
in

co
m

pl
ex

on
es

.

Fa
st

fo
r

sm
al

l,
di

sc
re

te
ta

sk
s.

Po
or

fo
r

co
n-

tin
uo

us
sp

ac
es

.
M

od
er

at
e.

H
ig

h
in

sm
al

l
ta

sk
s,

hi
gh

er
in

co
m

pl
ex

on
es

.
A

ct
or

–C
ri

tic
C

on
tin

uo
us

co
nt

ro
l.

U
ns

ta
bl

e
w

ith
ou

tt
un

-
in

g.

E
ff

ec
tiv

e
fo

r
co

nt
in

-
uo

us
ta

sk
s

bu
tn

ee
ds

tu
ni

ng
.

M
od

er
at

e,
de

-
pe

nd
s

on
tu

n-
in

g.

M
od

er
at

e
fo

r
co

m
pl

ex
ta

sk
s.

M
od

er
at

e.
M

od
er

at
e,

in
st

ab
ili

ty
in

cr
ea

se
s

ri
sk

.

Im
ita

tio
n

le
ar

ni
ng

Fa
st

le
ar

ni
ng

.
Po

or
ge

ne
ra

lis
at

io
n.

Le
ar

ns
fa

st
,s

tru
gg

le
s

w
ith

ne
w

sc
en

ar
io

s.
Fa

st
,b

ut
w

ea
k

in
ne

w
en

vi
ro

n-
m

en
ts

.

L
ow

sc
al

ab
il-

ity
in

dy
na

m
ic

ta
sk

s.

L
ow

en
-

er
gy

.
H

ig
h

in
co

nt
ro

lle
d,

lo
w

in
ne

w
en

vi
ro

n-
m

en
ts

.
A

ct
iv

e
In

-
fe

re
nc

e
A

da
pt

s
w

ith
lim

ite
d

da
ta

.
N

ee
ds

ro
bu

st
m

od
el

s.

A
da

pt
s

w
el

l
w

ith
m

in
im

al
da

ta
,

bu
t

ne
ed

s
ef

fic
ie

nt
m

od
el

s.

Fa
st

w
ith

m
in

i-
m

al
da

ta
.

H
ig

h
sc

al
ab

il-
ity

w
ith

tu
ni

ng
.

H
ig

h
du

e
to

co
m

-
pu

ta
tio

na
l

co
st

.

L
ow

,
ad

ap
tiv

e
na

-
tu

re
he

lp
s

av
oi

d
co

l-
lis

io
ns

.



52Toward Autonomous UAV Swarm Navigation: A Review of Trajectory Design Paradigms

The next is Actor–Critic methods, which combine policy and value learning and are
effective for continuous actions, such as speed and angle [65, 213]. However, these methods
can be unstable without hyperparameter tuning. Imitation Learning took a step further,
enabling UAVs to learn rapidly based on expert data [93, 197]. However, when new or
unforeseen situations arise, it demonstrates limited adaptability.

After addressing these problems, Active Inference emerged as a promising solution,
based on Bayesian generative models that combine observation, prediction, and action into
a unified framework [51, 181]. Active Inference works effectively even with limited data,
providing UAVs with adaptive decision-making capabilities in uncertain environments and
enabling real-time mission execution.

Overall, this progressive evolution demonstrates how each approach addresses the weak-
nesses of the previous one, and ultimately, Active Inference emerges as a state-of-the-art,
adaptable, and computationally efficient method for complex multi-agent problems, such as
UAV swarm trajectory planning and MTSP.

Table 2.5 Comparison of different methods for trajectory planning review.

Method Examples Scope of Use Skill Require-
ment

TA Dijkstra, A*, RRT,
DWA, Dubin’s Path

Known or static environments,
pathfinding, and trajectory plan-
ning for individual UAVs or fixed-
wing UAVs

Beginner to In-
termediate

BIA PIO, SSA, ABC, ACO,
PSO, GA

Complex or large search spaces,
swarm coordination, and optimi-
sation in UAV swarms

Intermediate

AI-A MARL, Deep RL, Q-
learning, Actor–Critic,
Imitation Learning, Ac-
tive Inference

Dynamic, stochastic, and uncer-
tain environments, multi-agent
cooperation, learning from expe-
rience

Advanced

Table 2.5 illustrates when and where different approaches are used to solve complex
problems such as UAV trajectory planning and MTSP. While TAs are simple and computa-
tionally efficient, they are limited to static situations. BIAs are helpful for more complex
and large-scale optimisation; however, they require parameter tuning and computational
resources. AI-based approaches, particularly DRL and Active Inference, are most promising
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in high-dimensional and uncertain scenarios; however, they require specialised expertise,
advanced computational setups, and often large training datasets.

2.6.6 Hybrid Methods

Efficient trajectory design for UAV networks can be achieved using hybrid techniques such
as 2-OPT, GA, and active inference. Initially, the 2-OPT algorithm is employed to generate
offline training examples, where UAV paths are optimised based on minimum distance and
time. This data is then used to train a world model, enabling the UAV to self-supervise
its environment and select an online policy through active inference [98]. Another study
proposed a GA-based hybrid approach to generate repulsion forces in UAV swarm paths,
thereby reducing collisions, overlaps, and interference among UAVs while producing optimal
paths under the challenges of MTSP [19]. The data generated by 2-OPT is fed into an active
inference model, allowing UAVs to analyse online situations, adapt their policies accordingly,
and perform fast, stable, and reliable path planning. This hybrid framework enables UAVs
not only to learn from offline training but also to make optimal decisions in real time through
online active inference, resulting in significant improvements in network performance, overall
capacity, and the sustainability of route planning [97].

2.7 Online and Offline Training and Testing: In the Context
of UAV Swarms

Offline Training

The UAV swarm trajectory planning model is trained on previously collected data (trajectory
sets, mission requirements, obstacle maps). This process is often conducted in a simulator or
controlled environment to enable UAVs to learn effective policies before they are deployed
on a mission. Once the model has completed training, it is deployed in the field [71, 97].

Online Training

The model receives new observations in real-time and continuously updates its policy. This
method is essential in dynamic and uncertain environments because it enables UAVs to make
adaptive decisions during the mission [240, 97].

Table 2.6 illustrates a comparative overview of key aspects of offline and online learning
in UAV swarms. The comparison reveals that offline training offers a safer and less complex
approach, while also having room for improvement in terms of flexibility. In contrast, online
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training provides real-time adaptation, albeit at the expense of requiring more computational
resources and increasing the risk of field errors.

Table 2.6 Comparative aspects of offline and online learning in UAV swarm.

Aspects Offline training Online training

Learning time Before mission During mission
Data source Pre-existing data Real-time field data
Computational complexity Low High
Model flexibility Limited High (adaptive)
Risk Low (safe environment) High (potential for error

in field)

2.7.1 Integration of Offline Training with Online Testing

An effective strategy for UAV swarm missions is to utilise offline training for initial
learning, followed by validation and fine-tuning of the model in the field through online
testing.

Offline Phase: BIA’s Generated Data with Supervised / Unsupervised Learning

In the offline phase, the goal is to train an AI policy using data generated from BIAs
(such as GA, PSO, or ACO) to learn expert-level performance [60]. To do this, a dataset
definition is first defined, which consists of states and their corresponding actions:

D = {(si,ai)}N
i=1, (2.25)

where D is the trajectory plan generated by the BIAs, and each pair (si,ai) represents a
particular state and its corresponding expert action.

Based on this dataset, a loss function is defined so that the AI policy πθ (s) can accurately
replicate the expert’s actions. The following optimisation problem is solved to minimise this
loss:

θ
∗ = argmin

θ
∑

(s,a)∈D
∥a−πθ (s)∥2, (2.26)

where:

• D: dataset generated by algorithms such as GA, PSO, or ACO;
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• s: state of the environment (e.g., location of the UAV or remaining targets);

• a: action (trajectory segment or assignment) recommended by the BIAs;

• πθ (s): AI-based policy that is learning to predict actions for these states.

Through this process, the AI policy can learn from the expert algorithm’s decisions to
enhance path planning and task allocation in the MTSP, enabling effective and autonomous
decision-making without requiring expert assistance in the future.

Online phase (AI-based Fine-tuning)

During the online phase, the model learns from the environment in real-time to further
refine the policy it has previously learned. This process is achieved through RL-based
fine-tuning, where the UAV updates its policy based on its observations and the rewards it
receives, thereby improving mission performance [10]. The following policy update equation
is used for this purpose:

θt+1 = θt +α ·∇θ logπθ (at |st) · rt , (2.27)

where:

• θ : parameters of the AI model, which are updated during the learning process;

• st ,at : current state and currently selected action;

• rt : reward received after the action, which reflects the effectiveness of the action;

• α: learning rate, which determines how much impact each update will have

Equation 2.27 ensures that the UAV updates its policy toward actions with higher expected
rewards.

In MTSP scenarios, this update mechanism enables real-time path and speed optimisation,
rapid adaptation to new targets, and improved inter-UAV coordination, enhancing overall
mission success.

In this approach, BIAs (e.g., GA, PSO, ACO) are employed to generate initial datasets
and trajectories, which subsequently serve as training inputs for AI-based models. This dual
strategy not only provides UAV swarms with a robust initial policy but also enables them to
perform adaptive decision-making in real-time, significantly increasing both mission success
and safety [60, 10, 61].
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2.8 Decision-Making and Collision Avoidance in UAV Swarms

2.8.1 Decision-Making in Swarms

Decision-making is a fundamental challenge in UAV swarm systems, as each UAV must
not only focus on its mission (such as task execution or trajectory following) but also make
real-time decisions while cooperating with other UAVs. The accuracy of these decisions
is critical for mission success, collision avoidance, efficient energy use, and overall system
stability [165, 239].

Decision-making is typically described at two levels: Local Decision-Making, where each
UAV makes decisions based on its local information (such as sensor data and the positions of
nearby UAVs). Collective Decision-Making, where UAVs share data and act according to a
global strategy [177].

2.8.2 Online and Offline Decision Making

Offline decision-making: In offline decision making, UAVs rely on pre-trained policies or
role-based models, which are often trained on simulations or historical data. This approach is
computationally lightweight and suitable for predictable missions (such as mapping or fixed
survey paths) [184].

Online decision-making: Online decision-making is more dynamic, where UAVs contin-
uously observe the environment, share information, and make decisions in real-time based
on the current situation (such as sudden obstacles, changing weather conditions, or a new
mission target). This approach makes UAV swarms more adaptive and resilient, but it requires
more computational power and a robust communication structure [239].

Modern research is moving in the direction of using both methods in a hybrid manner,
that is, first providing UAVs with a basic decision policy through offline learning and then
continuously improving it through online decision-making during the mission [61].

Table 2.7 illustrates a comparison of offline and online decision-making in UAV swarms,
showing that offline methods have low computational demands and rely on pre-trained
policies. In contrast, online decision-making offers greater adaptability and flexibility in
real-time, but requires more computational resources.
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Table 2.7 Comparison of offline and online decision making in UAV swarms.

Aspect Offline decision mak-
ing

Online decision making

Decision time during mission Pre-trained Real-time
Adaptation Static Dynamic
Example Pre-trained policy, static

path
Real-time obstacle avoidance,
task redistribution

Computational demand Low High

2.8.3 A Challenge in Decision-Making: Collision Avoidance

When multiple UAVs fly together on close or shared paths, the risk of collision increases. This
is a fundamental challenge for UAV swarms, as a minor collision can not only damage one
UAV but also fail the entire mission. Therefore, collision avoidance strategies are considered
an integral part of decision-making. Modern research has shown that various approaches
are used to improve collision avoidance in UAV swarms, including geometric, potential
field-based, optimisation-driven and AI-assisted methods [162, 179].

Collision avoidance: Techniques by which UAVs avoid each other or obstacles to maintain
mission safety. Decision-making in UAV swarms is not limited to path selection, but is a
continuous, informative and protective process, involving real-time perception and mutual
coordination. Especially in dynamic and uncertain environments, online decision-making
and collision avoidance are inseparable [169].

2.9 Filters — Role in Goal-Directed Trajectory Design

directed trajectory designing in UAV swarms requires that each UAV accurately estimates
its position, velocity, and direction so that it can choose the optimal path to reach the target
[190, 97]. Since real observations are often noisy and uncertain, Filtering Techniques such as
KF [74, 127] and PF [48, 128] are used to improve the observations and achieve more stable
trajectories.

2.9.1 Kalman Filter (KF)

KF is a probabilistic estimation method used to find the hidden states of a system. It assumes
that the system is linear and the noise is Gaussian in nature [63]. It consists of two stages:
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Prediction and Update.
Suppose the state of the UAV at time k is described as follows:

xk = Fk−1xk−1 +Bk−1uk−1 +wk−1 (2.28)

zk = Hkxk + vk (2.29)

Where: - xk : State of the UAV (e.g. position, velocity, angle) - Fk−1 : State Transition
Matrix - Bk−1uk−1 : Control Input - wk−1 : Process Noise - zk : Measurement - Hk :
Observation Matrix - vk : Measurement Noise

Prediction Step:
x̂k|k−1 = Fk−1x̂k−1|k−1 +Bk−1uk−1 (2.30)

Pk|k−1 = Fk−1Pk−1|k−1FT
k−1 +Qk−1 (2.31)

Update Step:
Kk = Pk|k−1HT

k (HkPk|k−1HT
k +Rk)

−1 (2.32)

x̂k|k = x̂k|k−1 +Kk(zk−Hkx̂k|k−1) (2.33)

Pk|k = (I−KkHk)Pk|k−1 (2.34)

These equations enable continuous prediction and correction of the UAV trajectory. While
the UAV is moving towards the target, the KF updates its estimate every moment, which
makes the trajectory smooth and accurate. The following are the main types of KFs used in
Goal-Directed Trajectory Designing of UAVs.

Extended Kalman Filter (EKF): EKF is designed for nonlinear systems. Since the KF
only works on linear systems, the EKF linearizes the nonlinear functions of the system using
a Taylor Series Approximation [163]. The system is expressed as:

xk = f (xk−1,uk−1)+wk−1, zk = h(xk)+ vk (2.35)

Where f (·) and h(·) are nonlinear functions. The EKF linearizes these functions by a first-
order Taylor series and updates them using the Jacobian matrix. In UAV swarms, this filter
is suitable for attitude estimation, sensor fusion, and GPS/INS integration. However, if the
system is highly nonlinear, the error in the EKF can increase.

Unscented Kalman Filter (UKF): UKF is introduced to overcome the limitations of EKF.
This filter better represents nonlinear distributions rather than linearizing the system. In
UKF, "sigma points" are selected that represent the spread of the state distribution. These
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points are passed through a nonlinear function to obtain a more accurate estimate [196, 81].
Mathematically, it updates the mean and covariance of the estimates in a more realistic way:

x̂k =
L

∑
i=1

W (i)
m χ

(i)
k , Pk =

L

∑
i=1

W (i)
c (χ

(i)
k − x̂k)(χ

(i)
k − x̂k)

T +Qk (2.36)

Where χ
(i)
k are the sigma points and W (i)

m , W (i)
c are the weights. UKF for UAVs provides more

accurate sensor fusion, attitude estimation, and excellent results in flight control, especially
when the system is nonlinear but continuous.

Ensemble Kalman Filter (EnKF): EnKF is designed for large and complex systems with
high state dimension. It uses a statistical approach based on Monte Carlo simulations in
which particles (samples) or "ensemble members" are generated for the state of the system
[77, 101]. Each member represents a possible state, and the average estimate of all of them
is obtained as follows:

x̄k =
1
N

N

∑
i=1

x(i)k (2.37)

Pk =
1

N−1

N

∑
i=1

(x(i)k − x̄k)(x
(i)
k − x̄k)

T (2.38)

The advantage of EnKF is that it remains computationally feasible even in large-scale
nonlinear systems, and reduces noise sensitivity. In UAV swarms, this filter is used for
cooperative trajectory estimation and dynamic environment adaptation.

All types play a central role in Goal-Directed Trajectory Designing of UAVs, where
they enable accurate and smooth flight towards the target by estimating the true state of the
system.

2.9.2 Particle Filter (PF)

When the system is nonlinear or the noise is non-Gaussian, the PF is used. It is based
on Monte Carlo simulation and describes the state of the system in terms of a number of
particles, where each particle represents a possible state [48].

The general equation of the system is as follows:

xk = f (xk−1,uk−1)+wk−1 (2.39)

zk = h(xk)+ vk (2.40)

Here f (·) and h(·) are nonlinear functions.
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For each particle i, the following steps are performed at time k:
Prediction:

x(i)k ∼ p(xk|x
(i)
k−1,uk−1) (2.41)

Weighting:
w(i)

k ∝ w(i)
k−1 p(zk|x

(i)
k ) (2.42)

Normalization:

w(i)
k =

w(i)
k

∑
N
j=1 w( j)

k

(2.43)

Resampling: The particles with lower weights are removed and the more suitable particles
are retained to increase the accuracy of the estimation.

Trajectory Estimation: Finally, the estimated state of the UAV is obtained as follows:

x̂k =
N

∑
i=1

w(i)
k x(i)k (2.44)

This equation shows that the PF evaluates multiple paths based on probabilities and
selects the most suitable path that is, it provides the ability to accurately design the UAV’s
goal-directed trajectory even in uncertain environments. Below are some of the main types
of PFs that are commonly used in the context of Goal-Directed Trajectory Designing and
UAV swarms.

Auxiliary Particle Filter (APF): APF aims to improve the performance of the SIR filter.
This filter uses information from future observations during resampling to prioritize more
suitable particles for the next step [158, 206]. Mathematically, it introduces an additional
weighting function:

w(i)
k ∝ w(i)

k−1 p(zk|x̂
(i)
k )q(x̂(i)k |x

(i)
k−1,zk) (2.45)

Where q(·) is a proposed distribution. This method reduces the influence of less reliable
particles and increases the accuracy of resampling.

Rao-Blackwellized Particle Filter (RBPF): RBPF is a hybrid method that combines both
KF and PF [22]. In this, some states of the system, which are linear and Gaussian in nature,
are estimated by the KF, while the PF is used for nonlinear and uncertain states. In this way,
the overall accuracy and efficiency of the estimation are improved. The basic equation of
RBPF is as follows:

p(xk|z1:k) =
∫

p(xk|x
(i)
k )p(x(i)k |z1:k)dx(i)k (2.46)
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This method is particularly useful in complex problems such as Simultaneous Localization
and Mapping (SLAM) and Cooperative UAV Path Estimation.

Gaussian Particle Filter (GPF): In GPF, each particle is not just a point but represents a
complete Gaussian distribution [119]. That is, each particle represents both an estimate and
its covariance:

x(i)k ∼N (µ
(i)
k ,Σ

(i)
k ) (2.47)

This method produces smoothness in the estimates and reduces the excessive variation of the
weights. GPF is particularly suitable for UAV routing systems where there is minor noise in
the observations and the accuracy of the estimate is important.

Markov Chain Monte Carlo Particle Filter (MCMC-PF): MCMC-PF select particles
from a better predicted distribution [107]. This method is effective when the observation
model is complex or resampling reduces the diversity of particles. MCMC filters can be used
for cooperative path optimization in UAV swarms, where each UAV updates its state based
on the estimates of the others.

All of these filters can be used for Goal-Directed Trajectory Designing in UAV swarms
in such a way that the system analyzes the feasibility of possible paths, continually updates
the prediction and observation, and progresses towards the goal with greater confidence and
accuracy.

Both filters play a fundamental role in routing in UAV swarms. The KF provides fast and
accurate estimation in linear systems, while the PF provides a more flexible and effective
solution in nonlinear, uncertain, and variable environments. These filters reduce the gap
between prediction and observation by continuously updating the UAV’s beliefs within an
Active Inference framework, allowing the autonomous system to move towards the target
with greater confidence and accuracy.

2.9.3 Modern and Scientific Methods for Collision Avoidance

Several approaches have been developed for collision avoidance in UAV swarms, which can
be categorised into the following groups.

Geometric Methods:

These methods are based on the geometry of the velocity and position of UAVs. For
example, in the velocity obstacle method (VOM), each UAV predicts its future position based
on the current position and velocity of other UAVs, and adjusts its velocity to avoid potential
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Table 2.8 Comparative summary of KF and PF types for UAV trajectory designing

Filter
Type

Key Features Advantages Applications in UAV

EKF Linearizes nonlinear
systems via Taylor
series.

Accurate estimation in
constrained nonlinear
environments.

UAV attitude estimation,
localization.

UKF Better representation of
nonlinear distributions
through sigma points.

Higher accuracy than
EKF; lower linearity er-
ror.

Sensor fusion, GPS/INS
integration.

EnKF Based on Monte Carlo
simulation; suitable for
large systems.

Better stability in com-
plex systems.

Supported routing in
multiple UAVs.

APF Adds future observa-
tions to the weighting.

More accurate and sta-
ble estimation.

Complex navigation
and cooperative path
planning.

RBPF Combination of KF +
PF.

More accurate estima-
tion in hybrid systems.

UAV SLAM (Simulta-
neous Localization and
Mapping).

GPF Represents each particle
as a Gaussian distribu-
tion.

Smooth and noise-
resilient estimation.

UAV flight path smooth-
ing and uncertainty
modeling.

MCMC-
PF

Uses Markov Chain
Monte Carlo Sampling.

Maintains particle di-
versity; suitable for
complex environments.

Supported UAV trajec-
tory optimization.

collisions [115]. The basic concept in this method is to define a velocity obstacle set, which
is the set of all velocity vectors that could lead to a collision in the future. This set can be
expressed mathematically as:

VOi| j =
{

vi
∣∣ ∃ t > 0 : pi + vit = p j + v jt

}
, (2.48)

where:

• VOi| j is the set of all possible velocities of UAV i that can cause a collision with UAV
j.

• pi, p j are the current positions of UAV i and UAV j.

• vi,v j are the current velocities of UAV i and UAV j.

• t is the time in the future when the collision can occur.
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If vi is part of this set, UAV i can collide with UAV j in the future. In this case, UAV
i should change its velocity and adopt a safe alternative vector. In the context of MTSP,
equation 2.48 enables UAVs to not only optimise their routes in real time but also complete
missions at a safe distance from each other, regardless of the proximity of their routes. This
helps to avoid collisions, reduce mission completion time, and improve team coordination.

Force Field Approaches

Potential field-based approaches to UAV navigation are based on the concept that the
mission target and obstacles in the environment produce attractive and repulsive forces,
respectively. These forces can be expressed mathematically as a total force function, which
determines the direction and magnitude of the UAV’s motion.

F = Fattract +Frepel, (2.49)

where:

• Fattract : force that attracts the UAV towards the target;

• Frepel: force that repels the UAV from the obstacles.

These two forces together enable the UAV to take a smooth and safe path, where the
attraction force encourages it to reach the target while the repulsion force ensures collision
avoidance [116, 37, 113].

In the context of MTSP, this function not only provides UAVs with an effective path to
the target but also helps to avoid collisions and reduce mission completion time in multi-UAV
operations.

Optimization-Based Methods

Optimisation-based collision avoidance approaches are based on the principle that each
UAV should choose its path in such a way that the overall mission cost is minimised, while
also meeting the requirements for collision avoidance. For this, a cost function is defined
that incorporates both mission performance and safety conditions.

min
x

J(x) s.t. |xi− x j| ≥ dsa f e, ∀i ̸= j, (2.50)

where:

• J(x): overall mission cost (e.g., time, distance, or energy);
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• xi,x j: positions of UAV i and UAV j;

• dsa f e: minimum safe distance that must be maintained between UAVs.

This optimisation problem ensures that each UAV updates its path in a way that not only
completes the mission at the lowest cost but also stays at a safe distance from other UAVs.

In the context of MTSP, this method is particularly effective in multi-objective scenarios,
as UAVs can simultaneously improve both mission efficiency and flight safety [5].

Lennard-Jones Potential:

The Lennard-Jones Potential is a physical model that describes the balance of attractive
and repulsive forces between two UAVs [138]. This concept is utilised in collision avoidance
algorithms to prevent UAVs from getting too close or too far apart. The following potential
function mathematically represents this model:

U(d) = ε

[(
σ

d

)12
−2
(

σ

r

)6
]
, (2.51)

where:

• d: distance between the two UAVs;

• ε: parameter controlling the magnitude of the potential;

• σ : distance at which the potential is at its minimum value.

The Lennard-Jones model generates strong repulsion at close range and weak attraction
at intermediate range, allowing UAVs to maintain a safe distance and avoid collisions [214].

In the context of MTSP, the Lennard-Jones potential enables UAVs to adopt a balanced
behaviour, efficiently completing their paths while maintaining coordination within the
swarm, especially in narrow or complex mission areas.

Harmonic Potential

Harmonic potential is an effective mathematical model that imposes a penalty for devi-
ations from the desired distance between two UAVs or between a UAV and a target. The
basic concept relies on a quadratic function, where energy or potential increases with de-
viation [126]. This function ensures that the UAVs remain within the desired distance d0.
Mathematically, it is expressed as:

U(d) =
1
2

k(d−d0)
2, (2.52)
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where:

• d: current distance;

• d0: desired or target distance;

• k: spring constant, which controls the magnitude of the correction.

This provides a soft corrective mechanism, as minor deviations incur a small penalty,
while large deviations incur a significantly larger penalty.

In the context of MTSP, the harmonic potential is beneficial for formation-based missions,
where UAVs must reach targets while maintaining a certain distance. The harmonic potential
method not only ensures collision avoidance but also improves swarm coordination and
mission performance.

Gaussian Repulsion Force

The Gaussian repulsion force is designed to generate a repulsive force as the distance
decreases. Still, this force increases or decreases smoothly so that there are no sudden changes
in the movement. This has the advantage that the movement of the UAVs remains more
natural and stable, especially when the swarm formation is dense [135, 186]. Mathematically,
this potential function is expressed as:

U(d) = A · exp
(
−(d−µ)2

2σ2

)
, (2.53)

where:

• d: current distance between the two UAVs;

• A: maximum amplitude of repulsion;

• µ: distance around which repulsion is most effective;

• σ : spread parameter, which determines the extent of the repulsion effect.

This Gaussian repulsion force method prevents sudden changes in motion or direction,
allowing UAVs to move in a smooth and coordinated manner. In the context of MTSP, the
Gaussian repulsion force protects UAVs from collisions in dense aerial scenarios, while also
ensuring stable swarm alignment and improved mission performance.
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Inverse Quadrature / Artificial Potential Field (APF)

In the APF method, the mission target generates an attractive force while obstacles
generate a repulsive force. This repulsive force is designed to keep the UAV away from
obstacles, thereby avoiding collisions. This model utilises a potential function based on the
inverse square of the distance from the obstacle, which increases rapidly as the obstacle is
approached. Mathematically, the repulsive potential can be described as:

Urep(d) =
1

(d−d0)2 , (2.54)

where:

• d: current distance between the UAV and the obstacle;

• d0: safe or minimum allowed distance.

As d approaches d0, the collision potential increases significantly, forcing the UAV to
change direction and ensuring collision avoidance [90].

In the context of MTSP, the APF method enables UAVs to navigate towards the target
while avoiding obstacles, thereby accelerating mission completion and maintaining swarm
coordination.

Priority-based strategies

In certain scenarios, UAVs employ simple rule-based strategies to avoid collisions or
manage air traffic. For example, a UAV may slow down or stop to let another UAV pass
first. This strategy does not rely on complex mathematical models or heavy computational
processing, making it a low-computational heuristic that is particularly effective in congested
airspace [23].

In the context of MTSP, priority-based strategies enhance inter-UAV route coordination,
minimise unnecessary interference, and reduce mission completion time. It is especially
beneficial when airspace is limited or swarms have to operate nearby.

2.9.4 Challenges in Collision Avoidance Methods

Many of these approaches, geometric, force field, optimisation-based, and heuristic, offer
distinct advantages; however, they also have some drawbacks.

• Geometric methods: These are mathematically simple and fast in real time. However,
they can be less flexible in dynamic and uncertain environments, and their accuracy
may suffer in complex scenarios.
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• Force field methods: These provide smooth and safe paths. However, they can become
stuck in local minima and are ineffective in environments with complex constraints.

• Optimisation-based methods: improve performance and safety simultaneously. Never-
theless, they have high computational cost and can be slow in large swarms or real-time
applications.

• Heuristic methods: are simple, fast, and require fewer computational resources. How-
ever, they do not always provide the best solution and may fail in complex or unpre-
dictable situations.

The current trend is towards developing hybrid systems that integrate physics-based and
AI-driven collision avoidance techniques. This combination can significantly improve the
reliability, adaptability, and mission performance of UAV swarms by combining the strengths
of each method[169, 10, 82].

Table 2.9 illustrates various collision avoidance methods. Each method has distinct
advantages and limitations, and hybrid approaches are often employed for more effective
results in practical scenarios.
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Table 2.9 Different collision avoidance methods in UAV swarms and their applications.

Method Explanation Role in UAV swarms

Geometric Geometry-based analysis of veloc-
ity and path, such as velocity ob-
stacle (VO) or reciprocal velocity
obstacle (RVO).

Fast and computationally light; ef-
fective in low-density swarms and
predictable environments [115].

Force field Combination of attractive and re-
pulsive forces; target pulls and ob-
stacle pushes.

Generates intuitive and smooth
paths, but can get stuck in local
minima [116, 37].

Optimisation Minimises the objective func-
tion with collision avoidance con-
straints.

Very effective in multi-UAV coor-
dination, but computationally de-
manding [5].

Lennard–JonesPhysics-inspired potential that pro-
vides short-range repulsion and
medium-range attraction.

Useful for formation flights and
maintaining safe separation [214].

Harmonic
potential

Quadratic potential that provides a
penalty on deviation.

Helpful in information-keeping
and smooth trajectory generation
[126].

Gaussian re-
pulsion

Gaussian-based repulsive field that
increases in intensity with distance.

Provides soft yet strong repulsion
and reduces sudden manoeuvres
[135].

Inverted
quadrant /
APF

Classical artificial potential field
model: target is attractive, and ob-
stacles have repulsive potential.

Easy implementation; but the prob-
lem of local minima remains [90].

Waiting
or yielding
rules

Priority-based heuristics: UAV
stops or slows down to let other
UAVs go first.

Simple and effective in decentral-
ized systems; basic safety measure
in congested airspaces [23].

2.10 Challenges in UAV Swarm Trajectory Planning

Trajectory planning for UAV swarms is a complex, multifaceted problem with numerous
challenges. The most fundamental challenge is to determine safe, energy-efficient, and
collision-free trajectories in real-time in a dynamic and unpredictable environment. Collision
avoidance and effective coordination among multiple UAVs, particularly in the presence of
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limited communication resources and latency, are key issues. In addition, the presence of
obstacles, deceptive signals, and weather uncertainties also affects the accuracy of trajectory
planning. A summary of the challenges is presented in Fig. 2.13.

Fig. 2.13 Summary of the key challenges faced in UAV swarm trajectory planning.

There is still no internationally recognised uniform metric for trajectory planning, making
it difficult to compare different models scientifically. This deficiency is hindering research
progress.

Trajectory planning for UAV swarms is another multifaceted problem that involves a
number of technical and practical tasks. The most fundamental problem is to determine safe,
energy-efficient, and collision-free paths in real time in dynamic and non-environmental
environments. Effective coordination and collision avoidance between UAVs becomes
particularly challenging when more communication resources are limited or network options
are available. Furthermore, planning constraints, such as deceptive signals and weather
uncertainties, can affect the accuracy and reliability of the trajectory.

Modern algorithms, especially those based on machine learning and reinforcement learn-
ing, often operate as black-box designs whose full decision-making is not easily understood.
Clarity and transparency of the adaptive process in a UAV swarm system are important
for system reliability, validation, and safe testing. Similarly, online learning capability is
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essential for effective decision-making in a rapidly changing environment, but it is currently
limited or non-existent, and protecting it from further phoning during online updates is a
major issue.

Another important aspect is the lack of incremental learning, as many new data are
learned while learning from previously acquired information. Such a mechanism to control
this continuously improves the information it provides by advancing it. Energy efficiency is
also an important aspect because UAVs have a limited power life, and changing algorithms
or frequent Rahul changes can change energy consumption.

Furthermore, UAV systems are network-based, sensitive to GPS spoofing, data points,
or communication connectivity, which can affect the trajectory planning process. Similarly,
ensuring effective cooperation and distributed decision-making among multiple UAVs is also
a constant, especially when each UAV is operating autonomously and there is no central
control system. Moreover, the current conditions are designed for a typical jam or semi-
dynamic environment, while in the real world, there is a relaxed, and constantly changing
preferences, which requires fast and accurate adaptation.

In addition to the scalability and real-time performance of algorithms, a major issue is
that algorithms that are effective in small systems often do not prove effective over a large
number of UAVs. The limitation of the sensors and the observational noise can also affect
decision-making, as UAVs often operate on low-quality or noisy sensor data. Finally, it
has been scientifically difficult to develop standardized and globally recognized evaluation
metrics for trajectory planning performance, which is a key issue for progress in its research.

2.11 Future Research Directions

Given the current challenges in UAV swarm trajectory planning, future research should
prioritise technical directions that deliver effective and flexible solutions while incorporating
explainability, online learning, and principles inspired by biological motion. A summary of
the future research directions is depicted in Fig. 2.14.

The lack of training datasets poses a significant challenge, particularly for RL or Active
Inference models. To address this issue, diverse and realistic synthetic trajectories can
be generated using BIAs such as GA, PSO, or ACO. This data can not only be used for
pre-training but can also be used to power other models through transfer learning.

Active Inference is a modern and emerging framework based on Bayesian brain theory.
This model unifies perception, decision-making, and learning simultaneously. In the context
of UAVs, Active Inference not only enables decision-making under uncertain conditions
but also maintains the internal transparency of the system. The most prominent feature of
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Fig. 2.14 Summary of potential future research trends and key research directions for UAV
swarm trajectory planning.

this model is that it self-learns policies to minimise prediction error, making it particularly
suitable for dynamic and partially observable environments.

Although traditional RL models possess strong learning abilities, their decisions are
often opaque and difficult to understand. Explainable RL techniques such as attention-
based models, saliency maps, or policy summarisation will be crucial for the reliability and
human-in-the-loop validation of UAV systems in the future. It will enhance confidence in
decision-making, particularly in both civilian and military applications.

TAs often rely on offline training, which can be ineffective in practical applications
where the environment changes over time. In the future, lightweight and real-time adaptable
models are needed that can immediately learn from new observations and improve their
policy based on online learning. Approaches such as active inference, meta-learning and
continual learning frameworks can be effective in this context.

Given the limited battery and computational resources in UAVs, there is a need for
computationally lightweight models that consume low power and can efficiently run on
microcontrollers or embedded systems. Neuromorphic computing, spiking neural networks,
and edge AI solutions can play a crucial role in this direction.
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A comprehensive framework is needed in the future that integrates all aspects, such
as multi-agent coordination, real-time adaptation, explainability, and safety into a unified
structure. For this purpose, approaches such as Active Inference or Hybrid Decision Systems
with hierarchical reinforcement learning are promising.

2.12 Summary

The findings of this chapter highlights that hybrid frameworks, which combine the reliability
and global search capability of BIAs with the adaptability and learning efficiency of AI,
represent a promising direction for future UAV swarm trajectory planning. These hybrid ap-
proaches establish an effective exploration–exploitation balance in multi-agent missions and
have the potential to address fundamental challenges such as collision avoidance, scalability,
and mission performance.

Finally, this chapter provides a strong theoretical foundation for UAV swarm trajectory
design. In the subsequent chapters, particularly Chapter 3, this theoretical foundation will be
applied to develop a World Model based on the Genetic Algorithm–Repulsion Force (GA–RF)
framework, which will play a central role in advancing UAV swarm trajectory design. This
chapter can therefore be regarded as the first stage of a hybrid approach, establishing the basis
for generating World Model Knowledge through an empirical, expert-driven optimization
process.



Chapter 3

UAV Swarm Trajectory Design for
Wireless Networks Using Genetic
Algorithm-Driven Repulsion Forces

Based on the results obtained in Chapter 2 and the effective methods highlighted, this
chapter presents a new and improved method based on the integration of GA and RF.
The proposed method introduces dynamic repulsive forces between UAVs that not only
maintain an appropriate distance between them but also ensure better coordination and orderly
movement within the swarm. Thus, this approach effectively alleviates some limitations of
traditional MTSP-based models, such as overlaps between UAVs, unbalanced paths, and
potential collision issues, and improves the overall energy consumption and performance of
UAV swarms.

This study compares the performance of the proposed method with several well-known
optimization algorithms, including MTSP-GA, Particle Swarm Optimization (PSO), 2-OPT,
Ant Colony Optimization (ACO), and Simulated Annealing (SA) to evaluate its performance.
Various simulation experiments and performance index analyses show that the proposed
method effectively reduces the total travel distance and time, limits the possibility of collisions
and path overlaps between UAVs, and improves the overall organizational and operational
efficiency of the swarm.

Overall, the obtained results demonstrate that the proposed GA-RF-based method pro-
vides more effective and stable performance than traditional strategies. At the same time,
the method offers a scalable, reliable, and practical solution for large-scale UAV swarms,
which can be effectively used in future advanced autonomous UAV-based communication
and surveillance systems.



74
UAV Swarm Trajectory Design for Wireless Networks Using Genetic Algorithm-Driven

Repulsion Forces

3.1 Introduction

The design of trajectories in autonomous control systems such as UAV swarms is crucial
for their successful operation and for achieving their objectives, especially when dealing
with a large number of UAVs [176]. The trajectory design problem entails selecting the best
flight path for UAV swarms from a starting point to a target point while meeting specific
conditions. It involves establishing a flight path that can quickly reach the target area at
minimal cost. Trajectory design for UAV swarms is considered an NP-hard problem, and
several solutions have been proposed to address this challenge. Typically, three steps are
employed to solve this issue. The first step involves creating a grid search map with targets
and environmental information and reformulating the trajectory design task as a map search
problem. The second step involves updating the search map using criteria that incorporate
time-dependent characteristics into the UAV swarm’s search process. Finally, the enhanced
search map is used to determine optimal or near-optimal paths as quickly as possible to locate
the target [154, 57].

Two main categories of search algorithms are used in trajectory planning to find the
best path: traditional optimization algorithms and metaheuristic algorithms. Traditional
optimization methods include the Newton’s method [189, 99], the gradient descent method
[168], the interior point method [136], and linear programming [144]. These traditional
algorithms are well-suited for handling large-scale problems. However, they often struggle
with getting stuck in local optima, making the optimisation results highly dependent on
the initial values. Numerous novel metaheuristic algorithms have been developed in recent
years to address this issue. These algorithms draw inspiration from various biological
behaviours and natural phenomena. Some of them are named after notable individuals or
entities, such as Simulated Annealing (SA) [237, 122], Tunicate Swarm Algorithm (TSA)
[131], Aquila Optimization (AO) [1], Harris Hawks Optimization (HHO) [49], Grey Wolf
Optimizer (GWO) [156], Differential Evolution (DE) [17], PSO [54], and Genetic Algorithm
(GA) [198, 94, 217]. These bioinspired algorithms are primarily used for optimization
problems related to task allocation and target identification in UAV swarms. However, a
major limitation of these approaches is their high time complexity at each time step, which
hinders them from converging to a reasonable approximation.

In addressing this issue, the work in [241] initially proposed a GA-based strategy to
optimize the MTSP. However, this approach has a limitation as it focuses on multi-UAV path
planning without considering the necessary collective dynamic coordination or communi-
cation for managing UAV swarms. In contrast, another researcher proposed a multi-UAV
concept using the ACO algorithm. ACO is primarily effective for single-objective optimiza-
tion and requires significant modifications to handle multi-objective problems effectively
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[124]. Similarly, another study utilized the PSO algorithm to optimize the distance of a UAV
swarm. Still, PSO may be suitable for specific problems rather than global ones, particularly
in complex multidisciplinary environments [185]. Additionally, a multi-UAV task planning
strategy using improved simulated annealing and GA are proposed to optimize the size of
a single UAV [35]. Furthermore, an attracting trajectory design solution based on active
inference has been presented in [97, 98]. However, this approach is tailored for a single
UAV, necessitating fundamental steps for its adaptation to accommodate multiple UAVs
collaborating in a swarm.

Several studies have focused on multi-objective optimization design to achieve the dual
goals of minimizing route length and drone flight time upon mission completion [172].
For instance, one study introduced a multi-objective optimization model for UAV swarms,
aiming to reduce path length and time spent in the air while enhancing genetic and crossover
operators within an adaptive GA [26]. Another study proposed a model that combines MTSP
and a two-dimensional in-plane point circle coverage model to address UAV identification
[223]. This study utilized the AC and Monte Carlo algorithms to find the optimal path in the
minimum amount of time while also addressing symmetric and asymmetric solutions to the
MTSP. However, a closed path challenge remains to be resolved [210].

Optimization techniques, such as GA, are used to control UAV swarms in a 3D envi-
ronment to manage UAV formations effectively [129]. A new method for joint optimal
routing and trajectory optimization for UAVs is proposed in [193]. This approach extends the
traveling salesman problem by considering operational constraints arising from the motion
characteristics of drones. Another strategy incorporates a GA to avoid manipulators by
determining the control and generating a repulsive force based on distance calculations
between the robot’s links and obstacles. This method improves real-time collision avoidance
capability by adjusting the safety parameters according to the severity of potential collisions,
thus adapting to the dynamic environment [62]. Additionally, a new method has been de-
veloped to improve aircraft trajectories in uncertain environments. This method solves the
local minimization problems and improves the overall quality using Model-Based Control
(MPC). The algorithm optimizes the pilot’s ability to follow a planned trajectory, avoid fixed
obstacles, and uses simulation and real-world testing [68].

In summary, while some researchers have adequately addressed optimization challenges
in UAVs, the specific hurdles associated with UAV swarms have received limited attention.
Certain studies have concentrated on optimizing distance for individual or multiple UAVs
rather than for swarms as a whole. Although solutions for UAV swarms have been proposed,
critical aspects such as collision avoidance have often been neglected. Even when collision
avoidance is considered, issues such as multiple UAVs targeting closely situated points or
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trajectory interference are not sufficiently resolved. Furthermore, in cases where these issues
are partially addressed, the optimization of swarm efficiency is still deficient.

In light of the above discussion, this study proposes a method for designing UAV swarm
trajectories for wireless networks using an improved GA with RF. The method aims to
minimize both distance and time, optimize the size of the UAV swarm, avoid interference
in trajectories, prevent overlap in close proximity of multiple towns, and avoid collisions
between UAVs.

The primary contributions of proposed work are summarized as follows:

• Developed a method for optimizing the trajectory of a swarm of UAVs to minimize
time and distance. This method, called GA-RF, is based on a modified MTSP-GA that
considers Repulsion Force (RF). GA-RF minimizes interference and overlap between
UAVs, thereby reducing the risk of collisions and efficiently serving the designated
areas.

• Optimize these forces using GA-RF to ensure optimal spacing between UAVs in
a swarm, especially when two towns are close to each other. This RF mechanism
guarantees that both towns are served by a single UAV, thereby optimizing the overall
travel distance.

• Conducted extensive analysis to determine the optimal size of the UAV swarm needed
to serve each respective town assigned to each UAV in the swarm.

• The approach is improved by utilizing a 2D environmental model and a comprehensive
distance and time evaluation function to optimize UAV swarm coverage. Simulation
results are examined to assess the algorithm’s effectiveness and feasibility in planning
UAV swarm trajectories within the 2D model, ultimately enhancing swarm performance
in UAV-assisted wireless scenarios.

The chapter is organized as follows: Section II introduces the system model. Section III
details the proposed GA-RF based framework for trajectory design. Section IV discusses
the results and provides an analysis. Lastly, Section V includes the conclusion and outlines
future work.

3.2 System Model

Consider multiple UAVs, depicted in Fig. 3.1, where numerous UAVs form a swarm and
act as an Aerial Base Station (ABS) to provide uplink data service to randomly distributed
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Fig. 3.1 Illustration of system model.

Ground Users (GUs) in a given geographical area. The coordinates C of each GU are
given by Cn = [xn,yn]. The GUs are presumed to be divided into N distinct groups, each
representing a specific town or hotspot T . The set of towns available is represented as
T ≜ {Tn = T1,T2, ...,TN}. These different groups will be further subdivided into UAVs. The
objective of the UAV swarm is to travel from its starting point to the towns with significant
demands for data services and then return to its original location in the minimum time. The
UAV’s starting and ending positions are represented by the coordinates p0 = [x0,y0].

Study consider a UAV swarm consisting of m UAVs (m≥ 2), denoted as U = {u1,u2, . . . ,um}.
The UAV swarm adjusts its deployment position for each flight slot based on the user’s
perception. As a result, the trajectory of a UAV ui within the swarm is represented as
qui(t) = [xui(t),yui(t),zui(t)]. The distance between two UAVs is denoted by d(qui(t),qu j(t)),
where i, j = 1,2, . . . ,m. The flying speed of a UAV ui is denoted as vi, its flight acceleration
as ai, and its maximum rotation angle as φi. Let ruk represent the radius of the UAV’s collision
danger area. The annular region between rui and rui + s serves as the warning area, where s
represents the threshold for the.

The flight path of the UAV swarm is represented by the sequence qui = [R1, ...,RNui
],

where Tn ∈T denotes the nth town visited by the UAV swarm, and TNui
indicates the total

number of towns visited by ui during the flight.
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3.2.1 Problem Formulation

The MTSP formulation focuses on determining tour groups for all m UAVs, with each UAV
starting and ending at the same source position. Each town must be visited by exactly one
UAV, ensuring that all towns are covered while minimizing the total distance, time, and cost
incurred by each UAV. This problem can be effectively modeled using graph theory as a
weighted graph G = (T,L,W ), where T represents the set of towns (vertices), L represents
the paths between towns (edges), and W represents the weights (distances) associated with
each pair of towns.

A closed cycle in which all towns are visited exactly once, with each visit being distinct, is
known as a Hamiltonian cycle. To minimize the total travel distance in a graph, it is essential
to identify a set of H Hamiltonian cycles that incur the lowest travel distance together. The
distances between towns are represented by a distance matrix D, an N×N matrix. Each
entry di, j indicates the distance between towns i and j. The matrix D is termed symmetric if
di, j = d j,i for all pairs (i, j); otherwise, it is referred to as asymmetric. In the integer linear
programming framework, the objective is to minimize the total travel distance. Thus, the
formulation of MTSP as an optimization problem can be expressed as follows:

min
m

∑
k=1

∑
i∈T

∑
j∈T

di jXk
i j (1a)

s.t.
m

∑
k=1

∑
i∈T

Xk
i j = 1 ∀k ∈U, (1b)

m

∑
k=1

∑
j∈T

Xk
i j = 1 ∀k ∈U, (1c)

m

∑
k=1

∑
j∈T

Xk
i j−

m

∑
k=1

∑
i∈T

Xk
i j = 0, (1d)

∀k ∈U,∀i ∈ T{0},
m

∑
k=1

∑
i∈T

∑
j∈S

Xk
i j ≤ |S|−1, (1e)

∀k ∈U, ∀S⊂ T, S ̸= /0, S ̸= T.

In equation (1a), the decision variables Xk
i j ∈ {0,1} are defined as binary variables,

indicating whether the UAV will visit the next town, as defined below:
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Xk
i j =

1, if UAV k travels from i to j and i ̸= j,

0, otherwise.
(3.2)

The constraint in (1b) specifies that each town must be visited exactly once, except for
the starting point. Constraint (1c) ensures that each UAV departs from the depot and visits
one town (other than the depot) exactly once. To prevent towns from being skipped or visited
multiple times, constraint (1d) is applied. Additionally, constraint (1e) ensures that towns are
divided into distinct areas for each UAV.

The likelihood of collisions among multiple UAVs in swarms is significantly high. There-
fore, monitoring the distances between UAVs, obstacles, and among the UAVs themselves is
essential. To tackle this issue, study integrating the objective function defined in (1a) with
additional constraints (i.e., UAV Assignment Constraints) to enhance the allocation of towns.
This is defined as follows:

m

∑
k=1

∑
i∈T

Xk
i j = 1 ∀k ∈U, if FT(i, j) > 0, (1f)

m

∑
k=1

∑
j∈T

Xk
i j = 1 ∀k ∈U, if FT(i, j) > 0. (1g)

The constraints (1f) and (1g) illustrate that if two towns are in close proximity to each
other, they can be served by a single UAV. Additionally, if the force FT(i, j) is greater than
zero, a UAV will be assigned to serve both towns i and j.

Additionally, a new constraint, referred to as the Collision Avoidance Constraint, has
been added to the objective function in (1a). This constraint is implemented to prevent
collisions, preventing two UAVs from getting dangerously close to each other. The specific
distance considered dangerous is defined as follows:

dU(i, j) ≥ Ds ∀i, j ∈U, if FU(i, j) > 0. (1h)

Constraint (1h) ensures a safe distance between two UAVs to avoid collisions. Here, Ds

represents the safe distance threshold needed to prevent collisions within a swarm whenever
FU(i, j) > 0 is positive.

These conditions are intended to collectively optimize the total distance travelled while
also ensuring complete coverage and efficient allocation of towns among the UAVs. When
designing the trajectory for the UAV swarm, it is essential to determine the optimal number
of UAVs needed. In the formation flight for MTSP, each UAV in the swarm is assigned
specific towns to cover.



80
UAV Swarm Trajectory Design for Wireless Networks Using Genetic Algorithm-Driven

Repulsion Forces

Fig. 3.2 Proposed GA-RF-based framework.

3.3 Proposed GA-RF based Framework for Trajectory De-
signing

An GA-RF model has been proposed to optimize the traveling distance, traveling time, and
size of a UAV swarm while minimizing interference, overlapping, and avoiding collisions
during trajectory design. The model features include:

1. The trajectory design begins with multiple UAVs and a fixed number of towns.

2. An MTSPGA is adapted to initiate the trajectory design process.

3. A RF is used in the MTSPGA to meet the desired objectives. The GA-RF checks the
distance (di j) between towns i and j. One UAV will serve both nearby towns if this
distance is less than a specified threshold (TH), known as the buffer zone.

4. Next, trajectories are generated to assess any interference or overlapping. If such issues
are detected, the number of iterations in the GA-RF is increased, and the trajectories
are re-evaluated. Once no interference or overlapping is found, the distance (d) for
UAV (ui) is checked. A collision avoidance method is implemented if this distance is
less than the buffer zone Ds.

5. Finally, the optimization of UAV size is evaluated. Subsequently, trajectories are
generated with optimized distances and UAV swarm sizes while ensuring minimal
interference and overlapping.
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Fig. 3.2 illustrates the proposed GA-RF framework for trajectory design. The model is
organized into the following sections:

3.3.1 Problem Solution Using GA Driven RF

GAs are highly efficient heuristics used to obtain results for the MTSP and similar problems.
While GAs do not guarantee that the solutions they produce are optimal, they often find
solutions that are significantly closer to optimality in a shorter amount of time.

The underlying technology of GAs is based on principles of natural selection and genetics,
which are used to improve results from previous populations (i.e., solutions). The process
begins with an initial population generated randomly. A fitness function is then designed to
evaluate the performance of each solution within the population at every iteration.

Following this evaluation, the algorithm selects two parent solutions and applies three key
operations: crossover, offspring generation, and mutation. These operations generate two new
populations, which are then included in the next generation. If the newly created generation
has improved fitness values, it will replace the original parent population. This cycle of
selecting the initial population, performing crossover, generating offspring, and mutation
continues until the new generation reaches the designated population size, completing one
iteration (or generation).

The algorithm continues to produce new generations until a specified number of gen-
erations is reached, as determined by the user. In GA methods, the initial populations are
depicted as chromosomes, and various techniques exist to represent these chromosomes.

The pseudocode of MTSPGA is illustrated in Algorithm 4 and the following details the
procedures involved:

1. Initial Population:

In practice, examining all possible search spaces can be quite costly. Therefore, it
is essential to effectively investigate a portion of the research space known as the
population to identify better solutions. The population is a subset of all potential
solutions to a specific problem and serves as the initial process for all heuristic searches.
Each individual within this gene-like population represents a viable solution to the
problem.

As depicted in Fig. 3.3, step 1 involves generating the initial population. The variable
A1 = n indicates the size of the chromosome C, which corresponds to the number of
towns, with n = 6 representing six towns and n = 1 representing one gene (town) of
the chromosome. A2 illustrates the first random selection of towns (genes), referred to
as a chromosome.
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Algorithm 4 UAVs Travel Distance Optimization Using MTSPGA
1: Input:

• Number of towns N

• Number of UAVs m

• Cost per meter c

• Maximum generations G

2: Output:
• Optimal routes for UAVs: {R∗1,R∗2, . . . ,R∗m∗}

3: Define the set of towns: T ≜ {T1,T2, . . . ,TN}
4: Initialize a random population of chromosomes {A1,A2, . . . ,Ak}, each representing a

candidate solution (a sequence of towns)
5: Define the fitness function:

Fitness(Ai) =
1

c∑
N
j=1 d(Tj,Tj+1)

, where TN+1 = T1

6: where d(Tj,Tj+1) is the Euclidean distance between consecutive towns in the route
represented by Ai.

7: for gen = 1 to G do
8: Select parents {Aa,Ab} based on fitness probabilities
9: Perform crossover at point cp to produce offspring n1,n2:

n1[: cp] = Aa[: cp], n1[cp :] = Ab[cp :]

n2[: cp] = Ab[: cp], n2[cp :] = Aa[cp :]

10: Apply mutation with probability µ to offspring:

Mutate(ni) = swap(ni[ j],ni[k]), for random indices j,k

11: Evaluate fitness for n1 and n2
12: Select the best chromosomes from {Aa,Ab,n1,n2} to form the next generation
13: end for
14: Assign the final best chromosome A∗ to UAV routes
15: Break A∗ into m segments, ensuring minimal total distance for each UAV
16: return Optimal routes {R∗i }
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After several iterations, the algorithm produces additional chromosomes (subsequent
populations), leading to A3, A4, and so on, depending on the number of iterations
completed. The top chromosome with the minimum distance or cost is identified upon
completing all iterations.

The objective function aims to minimize the distance travelled by a swarm, exemplified
by n. The cost (c) traveled from town i to town j is set to c = 2 per meter. For example,
the distance calculated in meters using the Euclidean distance formula is 20 meters,
resulting in a cost of 40. Meanwhile, A3 records a distance of 21 meters, and this
pattern continues up to n.

2. Crossover:

The crossover process involves combining two different chromosomes to create a
new one. This system is gradually refined through random selection to produce
better chromosomes. In this process, parent chromosomes are selected, and one or
more offspring are generated using their genetic material. A crossover point cp is
established, indicating that the genes to the right of this point will be exchanged
between the chromosomes A2 and A3. If this gene exchange results in a shorter
distance compared to the distances in the previous configurations of A2 and A3, it is
considered advantageous.

3. Offspring:

The offspring refers to new solutions generated from the genetic material of individual
(parent) solutions. This process is designed to mimic biological reproduction, aiming
to produce new candidate solutions that may perform better.

In Step 3, which focuses on generating offspring, the crossover shifting process is
repeated, but this time on the left side of the crossover point (cp). For instance, if gene
n2,3 has a distance of 10 meters, and n2,1 has a distance of 9 meters, study advances
one step. However, n1,1 does not satisfy the condition because i should not equal j.
Therefore, study shuffle to n1,3 where the distance is 8 meters. Next, the study sums
the distances of the genes on the right side and evaluates the overall distance.

4. Mutation:

The mutation process introduces random changes to an individual’s genes (solution)
as a way to maintain diversity and explore new solutions in a GA. If the resulting
distance after mutation is minimal, the mutation step is executed as the final step of
the algorithm. During mutation, A2 shuffles its genes from the second gene to the
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second-to-last gene. If this new arrangement produces a minimum distance, it replaces
A2 and is deemed the optimal solution; otherwise, the process repeats.

5. Fitness Function:

In this study, the fitness function is designed to minimize the total travel cost of UAVs.
Each chromosome Ai represents a possible route, and the distances between all the
towns traveled by UAVs on that route are collected. This total distance is multiplied by
the cost per meter c, and the fitness function is defined as the inverse of this cost:

Fitness(Ai) =
1

c∑
N
j=1 d(Tj,Tj+1)

(3.3)

This ensures that paths that produce shorter distances and lower costs have higher
fitness, and those chromosomes are more likely to be selected for the next generation.
As a result, over time, the GA evolves towards a solution that provides the least cost
path for the UAVs.

After optimizing the solution to the traditional traveling salesman problem (TSP), the GA
partitions the chromosome A2 into u parts and distributes these parts among the available
UAVs to efficiently solve the MTSP. In Fig. 3.3 the study shows a scenario involving 3 UAVs
and n = 6 hotspots.

This partitioning is based on a data structure that includes two elements:
RTE (route): The list of hotspots that are associated with a particular trajectory or path.

BP (breakpoints): The points where the RTE is broken and distributed among different UAVs.
When BPs are applied, get three separate chromosomes:
C = 1 for the first UAV, C = 2 for the second UAV, and C = 3 for the third UAV.

3.3.2 Collision Avoidance between UAVs in Swarm Using Repulsion
Force

Each UAV checks the distance to other UAVs around it, and if a UAV comes within a safe
distance (buffer zone), it is identified as a potential collision risk. Suppose that for each UAV
uk the radius of the collision risk zone is ruk , which represents the specific buffer zone for
that UAV. The distance between two UAVs ui and u j is represented by d(dui,du j). If this
distance becomes less than ruk , a collision risk arises. If a collision risk exists, the trajectory
of the respective UAV is updated to deviate from the collision path and follow a new, safe
path. Otherwise, the UAV continues to head towards its assigned target town. The proposed
collision avoidance mechanism is shown in Fig. 3.4 and its details are given in Algorithm 5.
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Fig. 3.3 Genetic Algorithm working steps.

This strategy helps maintain a safe distance between UAVs, especially when multiple UAVs
operate simultaneously in a confined airspace.

To prevent collisions between UAVs and towns, the study utilize RF. A simplified version
of Coulomb’s Law is employed to model the RF between towns and UAVs. The pseudocode
for calculating the RF between towns is detailed in Algorithm 6, while Algorithm 7 explains
the RF between UAVs [226, 178]. The total force fi acting on UAV ui ∈U is defined as
follows:

∑
i, j(i̸= j)

FT(i, j)+ ∑
i, j(i̸= j)

FU(i, j), (2a)
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Fig. 3.4 Proposed method for collision avoidance.

where,

FT(i, j) =
kT(i, j)

d2
T(i, j)

, (2b)

FU(i, j) =
kU(i, j)

d2
U(i, j)

. (2c)

In this context, FT(i, j) represents the repulsive forces between all pairs of towns, with
indices i and j iterating through all possible combinations. Similarly, FU(i, j) denotes the
repulsive forces between pairs of UAVs, where l and m represent specific UAV indices.
The constants kT(i, j) and kU(i, j) represent the strength of the repulsion forces for towns and
UAVs, respectively The terms d2

T(i, j) and d2
U(i, j) indicate the squared distances between the

respective entities (towns or UAVs).
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Algorithm 5 Collision Avoidance for UAV Swarm
1: Input:

Set of UAVs U = {u1,u2, . . . ,um} with positions (xk,yk)
Safe distance (buffer zone) ruk for each UAV

2: for each UAV ui ∈U do
3: for each UAV u j ∈U, j ̸= i do
4: Compute distance:

d(ui,u j) =
√

(xi− x j)2 +(yi− y j)2

5: if d(ui,u j)< ruk then
6: Compute repulsive force:

FU(i, j)

7: Update trajectory of ui to avoid u j
8: end if
9: end for

10: Continue moving toward assigned hotspot Ti
11: end for

3.3.3 UAV Swarm Size Optimization

The proposed GA-RF method systematically optimizes the size of a UAV swarm as detailed
in Algorithm 8. This is achieved by applying the rules of MTSP to determine the optimal
number of UAVs in the swarm. The optimization process examines swarm sizes S ranging
from 2 to |S| UAVs. The set T contains n target towns, which are the locations the UAV
swarm must visit. The Euclidean distance methodology is used to calculate the distances
between these locations, where d(s) denotes the total distance traveled by the UAV swarm
for a specific size s ∈ S.

Each UAV in the swarm is assigned a route represented as Ri = {Ri1,Ri2, . . . ,Rim}, where
m is the number of targets assigned to the i-th UAV, and each Ri, j corresponds to an element
of T . This indicates the j-th target visited by the i-th UAV. The set U represents the UAVs in
the swarm, and s indicates the size of the swarm. The objective is to determine the optimal
swarm size that minimizes the total distance, which can be expressed as follows:

min
s∈S

d(m) =
m

∑
i=1

(
|Ri|−1

∑
j=1

d
(
ri j,ri( j+1)

))
(3)
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Algorithm 6 Repulsion Force Between Towns
1: Input:

Positions of two towns, ti = (xi,yi) and t j = (x j,y j)
Repulsion constant kT(i, j)
Maximum repulsion range threshold θT
Close proximity threshold Dt (town clustering threshold)

2: Step 1: Compute Euclidean distance between towns

∆x = xi− x j, ∆y = yi− y j

dT(i, j) =
√

(∆x)2 +(∆y)2

This quantifies the spatial separation between towns ti and t j.
3: Step 2: Check maximum range for force
4: if dT(i, j) > θT then
5: return 0 ◃ No repulsion force beyond range
6: end if
7: Step 3: Check proximity for same UAV allocation
8: if dT(i, j) < Dt then
9: return 1 ◃ Towns are assigned to same UAV if FT(i, j) > 0

10: end if
11: Step 4: Compute repulsion force

FT(i, j) =
kT(i, j)

d2
T(i, j)

This ensures separation between towns that are too close.
12: return FT(i, j)

where d
(
ri j,ri j+1

)
represents the distance between consecutive towns (ri j) and (ri j+1) in the

route of the i-th UAV. Every town must be visited by the swarm exactly once, according to:

m⋃
i=1

Ri = T, and ri∩ rk = /0, ∀i ̸= k. (4)

The swarm size must fall within a predefined range, denoted as m ∈M. The optimization
process starts with a minimum swarm size of m = 2. For each m ∈ M, the towns are
distributed among the UAVs. A GARF is then employed to optimize the route Ri for each
UAV, aiming to minimize the distance d(m). The system computes d(m) for each swarm
size and identifies the optimal swarm size m∗ that minimizes the overall distance D(m) as
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Algorithm 7 Repulsion Force Between UAVs
1: Input:

Positions of two UAVs, ui = (xi,yi) and u j = (x j,y j)
Repulsion constant kU(i, j)
Distance threshold θU (maximum effective range)
Safe distance threshold Ds (minimum allowed separation)

2: Step 1: Compute Euclidean distance between UAVs

∆x = xi− x j, ∆y = yi− y j

dU(i, j) =
√

(∆x)2 +(∆y)2

This measures the spatial proximity between UAV ui and UAV u j.
3: Step 2: Enforce Collision Avoidance Constraint
4: if dU(i, j) < Ds then
5: return ∞ ◃ Violation of safe distance, penalize heavily
6: end if
7: Step 3: Check repulsion range
8: if dU(i, j) > θU then
9: return 0 ◃ No repulsion force beyond effective range

10: end if
11: Step 4: Compute repulsion force

FU(i, j) =
kU(i, j)

d2
U(i, j)

This ensures that UAVs close to each other experience stronger repulsion.
12: return FU(i, j)

follows:
[m∗ = arg min

m∈M
d(m)]. (5)

The output provides the optimal swarm size m∗, the configuration of routes {R∗1,R∗2, . . . ,R∗m∗}
for the optimal swarm, and the minimum total distance D(m∗).

3.3.4 Constraint Alignment between MTSP Model and GA-RF Imple-
mentation

To explicitly demonstrate how the GA-RF framework enforces the mathematical constraints
introduced in the problem formulation, the study provides a comprehensive mapping between
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Algorithm 8 UAV Swarm Size Optimization using GA-RF
1: Input:

Set of target towns T = {T1,T2, ...,Tn},
Possible swarm sizes m = {2,3, ...,10}

2: Output:
Optimal swarm size m∗,
UAV routes {R∗1,R∗2, ...,R∗s∗},
Minimal total distance d(s∗)

3: Initialize dmin = ∞

4: Initialize m∗ = 2
5: for m ∈M do
6: Distribute targets T among m UAVs to form initial routes {R1,R2, ...,Rm}
7: Apply a GA to optimize each route Ri
8: Calculate the total distance d(m):

d(m) =
m

∑
i=1

(
|Ri|−1

∑
j=1

d(ri j,ri( j+1))

)
9:

10: if d(m)< dmin then
11: dmin = d(m)
12: m∗ = m
13: Save optimal routes {R∗1,R∗2, . . . ,R∗m}
14: end if
15: end for
16: return Optimal swarm size m∗,
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the theoretical constraints and their practical enforcement. This ensures methodological
coherence between the model and the implementation.

• Objective Function (Eq. (1a), Eq. (3)): The core fitness function minimizes the total
distance traversed by all UAVs. This directly corresponds to minimizing the travel cost
across all UAV routes as formulated in the MTSP objective.

• Assignment Constraints (Eq. (1b), Eq. (1c), Eq. (4)): Chromosome encoding ensures
each town is assigned exactly once. Violations are penalized through:

Pcov = |T |−

∣∣∣∣∣ m⋃
i=1

Ri

∣∣∣∣∣+∑
i̸= j

∣∣Ri∩R j
∣∣ (3.4)

which captures both missing and redundant assignments.

• Depot and Flow Constraints (Eq. (1d)): All UAV paths are anchored to the same
depot. This is enforced via initial population encoding and enforced closure of UAV
trajectories.

• Subtour Elimination (Eq. (1e)): Infeasible subtours are avoided by penalizing dis-
connected segments through chromosome repair and fitness penalization mechanisms.

• Repulsion-Based Assignment (Eq. (1f), Eq. (1g)): The repulsion force between
towns is used to guide assignment. The interference penalty:

Pint = ∑
(ti,t j):d(ti,t j)<Dt

I[ti ∈ Rp, t j ∈ Rq, p ̸= q] (3.5)

discourages different UAVs from serving tightly clustered towns.

• Collision Avoidance (Eq. (1h)): If the distance between any two UAVs is less than
the buffer zone Ds, a penalty is added:

Pcol = ∑
ui ̸=u j

I[d(ui,u j)< Ds] (3.6)

and trajectory correction is performed using the repulsion mechanism in Algorithms 5
and 4.
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• Swarm Size Optimization (Eq. (5)): The algorithm iterates over candidate swarm
sizes m ∈M, and selects the optimal size m∗ minimizing the global objective:

m∗ = arg min
m∈M

d(m) (3.7)

The complete alignment is summarized in Table 3.1.

Table 3.1 Mapping of MTSP constraints to GA-RF implementation

Eq. Model Constraint Implementation in GA-RF
(1a), (3) Total travel cost mini-

mization
Fitness function minimizes total distance per
UAV

(1b), (1c), (4) Towns assigned exactly
once, route coverage

Enforced via unique gene representation,
Pcov

(1d) Balanced flow con-
straints

Routes begin/end at depot, route balancing

(1e) Subtour elimination Chromosome repair + penalty for discon-
nected subtours

(1f), (1g) Repulsive force town as-
signment

Town proximity clustering via FT(i, j), see Al-
gorithm 6

(1h) Collision avoidance Collision penalty Pcol + trajectory correction
(Algorithm 5 & 4)

(5) Optimal swarm size Loop over m, minimize total distance to find
m∗

3.4 Results and Discussion

In this section, this study systematically evaluate the performance of proposed method for
designing trajectories for the UAV swarm. This method effectively optimizes both distance
and time, avoids collisions, and minimizes interference and overlapping. This study was
conducted in several stages. Firstly, examined a scenario in which a UAV swarm serves
multiple towns fixed in a geographical area denoted as g. Fixed the number of towns, T ,
and applied a GA to optimize the paths. Secondly, implemented the UAV swarm U to serve
various towns. Thirdly, an RF was introduced between the towns and UAVs to further avoid
collisions and reduce interference and overlapping. Fourthly, Optimized the size of the
UAV swarm with the proposed method. Finally, to verify the effectiveness of the proposed
approach in the UAV swarm path optimization process, experiments comparing the proposed
method with modified versions of existing methods: 2-OPT [149], PSO [91], AC [73], SA
[237], and MTSPGA [88].
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Table 3.2 Simulation parameters

Parameter Value Description
g 1000 × 1000 m2 Total geographical area where towns are

located
U 3, 5, 10 UAVs in Swarm used in the simulation
T 20, 50, 100 Hotspots (Towns) excluding depot (start and

end) position
Depot Location (0, 0) Fixed depot position for UAVs
Location Coordinates Random values

(1-100)
Coordinates for each town’s location

Population Size 100 to 1000 In GA
Iteration 107 Maximum iteration in GA
Crossover Fraction 0.8 In GA fraction of population
Mutation Rate 0.1 In GA probability of mutation
Step Size 3 feet Motion distance of each UAV in swarm
Time Step 1 Time used to reach motion distance of UAV
Buffer Zone 5 feet RF threshold between UAVs

The parameters listed in Table 3.2 are used in all the following experiments. The operating
system is 64-bit Windows 11 Pro, running on an Intel(R) Core(TM) i9-14900KF processor
with a clock speed of 3.20 GHz. The system is equipped with a GeForce RTX 4090 graphics
card and has 24 GB of RAM. The code for the experiments is written and implemented using
MATLAB 2023b.

Fig. 3.5 illustrates an example of a possible scenario with 50 towns (or hotspots) rep-
resented by blue dots randomly distributed in a defined geographical area, along with a
fixed depot position (black dot). Each town requires certain resources. The objective is to
initiate the journey of a swarm of UAVs from the depot position to visit each town, with
only one UAV serving each town once, deliver the required resources, before returning to the
depot. This is an example of swarm intelligence and cooperative UAV trajectory planning,
providing an ideal framework for autonomous drone logistics, disaster relief, and smart
delivery networks.

The scenario illustrated in Fig. 3.5 serves as the example to be addressed using the
proposed MTSPGA method, which generates the desired trajectory for the UAV swarm. In
Fig. 3.6, it can be seen that the five trajectories corresponding to the five UAVs within the
swarm, produced by the MTSPGA. Each UAV’s path is represented by a different colored
line, indicating that each town is served by a single UAV only once. After completing its
assignment, each UAV returns to the depot to conclude the tour. Furthermore, Fig. 3.6
illustrates the close proximity of two towns within a red dotted circle, which indicates a
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Fig. 3.5 Example of a realization consisting of 50 towns to be served by a UAV swarm of 5
UAVs.

potential risk for collisions and overlaps that could interfere with the UAVs’ operational
areas. This interference may disrupt the coordination of UAV swarms and reduce mission
efficiency. Therefore, the objective of a single UAV is to intelligently serve both towns while
minimizing overlap and lowering the risk of collisions. By integrating the proposed RF
mechanism into the MTSPGA method, as depicted in Fig. 3.7, the UAVs are able to design
their trajectories to avoid interference and minimize the overlap between their operational
areas. Fig. 3.7 demonstrates that one UAV effectively serves both towns despite their close
proximity, successfully managing the proximity threshold and avoiding interference.

The results presented in Fig. 3.6 and Fig. 3.7 is obtained using the same number of
iterations, specifically 103, as applied in the proposed GA-RF method. This ensures a
fair evaluation of swarm coordination and trajectory optimization. In Fig. 3.7, it becomes
apparent that the issue of two close towns has been addressed; however, problems such as
interference and potential collisions between UAVs remain. This highlights the necessity for
further optimization and enhanced swarm coordination strategies. To tackle these challenges,
the number of iterations was increazed to 107. After making this adjustment, the proposed
GA-RF effectively reduced the interference problem, eliminating any risk of collisions in
this scenario, as shown in Fig. 3.8.

Fig. 3.9 illustrates the movements of each UAV. These movements are considered as sub-
steps taken by the UAVs on their way to their respective goals, which is crucial for trajectory
design. The sub-step size is set to 3 feet, as indicated in Table 3.2. This parameter is vital for
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Fig. 3.6 Generated trajectories using MTSPGA.

ensuring precise movement control of the UAVs and for generating smooth trajectories. It
plays a significant role in facilitating collision-free navigation and optimizing energy-efficient
flight planning.

In Fig. 3.10-(a), the sub-steps are clearly illustrated. However, the red circle indicates
that there are still potential collisions. By using the proposed GA-RF method, Fig. 3.10-(b)
shows the UAV swarm trajectory animation with collision avoidance between the UAVs.
The zigzags in the trajectory indicate that the UAVs are actively avoiding collisions with
others that are moving close to their thresholds. The actual path is depicted in red, while the
collision avoidance trajectory, also known as the ad-hoc trajectory, is shown in green.

The results presented in Fig. 3.6 to Fig. 3.10 successfully achieved the objectives of
removing interference, avoiding collisions, and preventing overlap. To further assess the
performance of the proposed GA-RF method, this study will conduct a comprehensive
analysis of the total distance covered and the completion time using 100 towns and 5 UAVs
operating in the same geographical area and under similar conditions. This study will
compare the proposed method against several heuristic algorithms, including MTSPGA,
PSO, 2-OPT, SA, and AC.

The analysis in Fig. 3.12-(a and b) illustrates how the results of a GA vary with different
mutation rates when the Population is tested at varying levels. Where, Pop.1 denotes a
population of 100, and Pop.10 denotes a population of 1000. The mutation rate is used from
0.01 to 1.0, and the total distance and execution time of the algorithm are shown for each rate.
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Fig. 3.7 Generated trajectories using GA-RF with 103 iterations.

As the mutation rate increases, the probability of chromosome mutations increases. At low
mutation rates (0.01–0.07), the algorithm reaches a solution quickly, but that solution often
stops at a local optimum. At mutation rates (0.08–0.1), an equilibrium is observed where the
algorithm discovers new paths and reaches a better solution. At high mutation rates (0.2–1.0),
the improvement in distance stops due to excessive randomness, and the solution becomes
unstable.

Furthermore, increasing population size also had a significant effect on distance. For
example, in the initial 100 populations (Pop.1), the algorithm usually found a path that
provided the minimum distance; however, at large populations (Pop.10 = 1000), due to
the high diversity, longer paths are sometimes chosen. Meanwhile, the optimal results are
obtained at populations (e.g. Pop.. 10 = 1000), where the distance is minimal; however, the
time increases as the population grows.

The timing analysis in Fig. 3.12-(c and d) illustrates that as the mutation rate and
population size increase, the processing time also increases, due to the higher computational
complexity resulting from more individuals (Chromosomes) and mutations. The time is
shorter at Pop.1, while it is longer at Pop.10, so with a larger population, the chances of
improving the quality of the solution increase; however, the time also increases.

Furthermore, 100 iterations are used in this analysis, which reveals that the results
obtained with a mutation rate of 0.1 and a population size of 1000 are optimal. As a result,
the study adopted this combination in its analysis and experiments, and further tested it
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Fig. 3.8 Generated trajectories using GA-RF with 107 iterations.

with different iteration rates to improve the performance of GA. This analysis provides an
important guide for GA in complex problems, such as UAV swarm trajectory design, by
showing how to balance mutation rate, population size, and iteration order to achieve optimal
results.

In Fig. 3.11-(a), it can be observed that three UAVs are in a swarm. The distance
decreases with an increasing number of iterations, resulting in the GA-RF method achieving
a minimized distance compared to other algorithms. Notably, the distance of 2-OPT remains
minimal compared to the others up to 106 iterations, but it does not continue to decrease
after that point. As shown in Fig. 3.11-(b) to Fig. 3.11-(h), it can be seen that as the number
of UAVs increases, the performance of the proposed method significantly improves relative
to the other algorithms. This improvement is mainly due to the use of the GA, which
benefits from an increased number of iterations. More iterations lead to a greater number
of generations in the GA, enhancing the likelihood of selecting the minimal distance. In
Fig. 3.11-(h), when the study considers a swarm of 10 UAVs, the performance of 2-OTP
is comparable to the proposed method after 100 iterations. However, as the number of
iterations increases, the performance of the proposed GA-RF method surpasses that of all
other approaches, demonstrating its superior efficiency.

Fig. 3.13 illustrates the performance of proposed GA-RF method, specifically in terms
of the time taken by the UAV swarm to complete its tour with varying swarm sizes. The
completion time for 2-OPT is minimal at 100 iterations. However, as shown in Fig. 3.13(a-h),
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Fig. 3.9 Swarm trajectories produced by the GA-RF method in conjunction with UAV
movements.

(a) (b)

Fig. 3.10 (a) UAVs collision avoidance. (b) UAVs actual and collision avoidance paths.

the time decreases as the number of iterations increases, even when the number of UAVs in
the swarm and the hotspots remain constant. Notably, in Fig. 3.13(a), when the number of
iterations reaches 107, the time taken by the proposed GA-RF method to complete the task is
the lowest compared to all other methods. This analysis confirms that the GA-RF method is
not only efficient in reducing completion time but also highly effective for large-scale UAV
swarms.
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Optimizing the size of a UAV swarm is crucial during the deployment process, as it
directly relates to the number of towns to be served and the time available to complete a
specific mission. Fig. 3.14 illustrates the relationship between swarm size and its impact on
travel distance (or completion time), ultimately enhancing overall performance efficiency. In
Fig. 3.14(a), study evaluated the effectiveness of proposed method for selecting the optimal
size of a UAV swarm tasked with serving 100 towns, starting with 10 UAVs stationed at
the depot. The analysis indicates that a swarm size of 7 UAVs is optimal, as it achieves
the minimum distance over 100 iterations, as shown in Fig. 3.14(b). Furthermore, when
considering 103 and 104 iterations, deploying 8 UAVs proves to be more effective for the
swarm. In contrast, at 105 and 106 iterations, using 9 UAVs emerges as the best choice. This
evidence demonstrates that the proposed method can successfully identify the ideal number
of UAVs in a swarm, in various UAV applications.

3.5 Summary

This chapter presents the MTSPGA–RF framework, a novel offline optimization model
developed for UAV swarm trajectory planning. The framework enhances the classical MTSP
by incorporating repulsion forces inspired by Coulomb’s law. The proposed method employs
a GA that generates efficient and safe trajectories for multiple UAVs by addressing UAV-
specific challenges such as collision avoidance, path interference reduction, and fair path
allocation.

Simulation results demonstrate that GA–RF achieves significant improvements over
classical metaheuristic algorithms, such as MTSP–GA, PSO, SA, and ACO, particularly in
terms of travel distance, mission time, and energy consumption. Additionally, the framework
incorporates a Swarm Size Optimization Mechanism that determines the minimum number
of UAVs required to completely cover the target area, thereby enabling effective and resource-
efficient mission planning.

An important contribution of this research is that the proposed framework generates
high-quality trajectory datasets for future intelligent UAV swarm systems. These datasets
serve as the foundation for learning-based decision-making models, enabling autonomous
and real-time coordination in complex and dynamic environments.

Finally, this chapter develops collision-free and optimized paths that serve as expert
knowledge for constructing the World Model. This model will provide the UAV swarm
with intelligent and autonomous decision-making capabilities through the Active Inference
framework discussed in the next Chapter (4).
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 3.11 The performance of the proposed GA-RF in terms of distance, compared with
MTSPGA, PSO, 2-OPT, SA, and AC for different numbers of UAVs in a swarm: (a) The
reference graph is represented for 3 UAVs in a swarm. (b) The updated graph is represented
for 4 UAVs in a swarm. (c) The updated graph is represented for 5 UAVs in a swarm. (d) The
updated graph is represented for 6 UAVs in a swarm. (e) The updated graph is represented
for 7 UAVs in a swarm. (f) The updated graph is represented for 8 UAVs in a swarm. (g) The
updated graph is represented for 9 UAVs in a swarm. (h) The updated graph is represented
for 10 UAVs in a swarm.
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(a) (b)

(c) (d)

Fig. 3.12 Analysis of distance travelled, execution time vs different mutation rates with
respect to population size: (a). Distance travelled vs mutation rate (0.01-0.1) with respect to
population size (100-1000). (b) Distance travelled vs mutation rate (0.1-1.0) with respect to
population size (100-1000). (c) Execution time vs mutation rates (0.01-0.1) with respect to
Population size (100-1000), and (d) Execution time vs mutation rates (0.1-1.0) with respect
to population size (100-1000),
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 3.13 The performance of the proposed GA-RF is evaluated in terms of completion time.
It is compared with the following algorithms: MTSPGA, PSO, 2-OPT, SA, and AC. The
evaluation is conducted for 100 hotspots (or towns) and various UAV swarm sizes: (a) 3
UAVs in the swarm, (b) 4 UAVs in the swarm, (c) 5 UAVs in the swarm, (d) 6 UAVs in the
swarm, (e) 7 UAVs in the swarm, (f) 8 UAVs in the swarm, (g) 9 UAVs in the swarm, (h) 10
UAVs in the swarm
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(a) (b)

Fig. 3.14 Selection of optimal number of UAVs in the Swarm.





Chapter 4

Active Inference-Driven World Modeling
for Adaptive UAV Swarm Trajectory
Design.

This chapter presents a novel Active Inference–based Trajectory Design Framework for UAV
swarms. The proposed approach enables UAVs to autonomously perform mission distribution,
route ordering, and motion planning through probabilistic reasoning and self-learning. In
the offline phase, expert trajectories are generated using a GA–RF optimizer proposed in
Chapter 3 and used to train a World Model that captures UAV swarm behavior across mission,
route, and motion abstraction levels [18]. During online operation, each UAV infers optimal
actions by continuously minimizing divergence between current beliefs and reference states
encoded in the world model, allowing the swarm to adapt to new targets and environmental
changes in real time. Furthermore, control strategies based on EKF and PF filters ensure
smooth trajectories and effective collision avoidance, providing an interpretable, adaptable,
and scalable framework for UAV swarms in complex and uncertain environments. The
results demonstrate faster convergence, improved stability, and safer navigation compared to
Q-Learning, establishing the proposed framework emerge as a scalable and knowledge-based
solution for future intelligent UAV swarm networks. Moreover, the proposed model also
performed effectively when tested on real-time simulated data, further strengthening its
generalization ability and applicability to real-world scenarios.
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4.1 Introduction

UAV swarms have recently gained significant attention due to their potential for distributed
autonomy, scalability, and cooperative decision-making [59]. Their applications now extend
beyond surveillance and mapping to dynamic multi-agent missions such as coordinated
inspection, transportation, and communication support. The main challenge lies in enabling
multiple UAVs to collaboratively plan trajectories that minimize energy, avoid collisions, and
adapt to changing environments while maintaining global mission objectives [18].

Classical optimization frameworks offer deterministic solutions but depend on complete
prior knowledge of system parameters, making them impractical in uncertain or dynamic
conditions [113, 30]. Metaheuristic approaches, including Genetic Algorithms, provide
flexibility but require extensive recomputation for new missions and lack online adaptability
[198, 54, 124]. Similarly, data-driven models such as Deep Reinforcement Learning (DRL)
and Multi-Agent Reinforcement Learning (MARL) [174, 111] achieve autonomy through
experience but demand large training datasets and suffer from limited generalization to
unseen scenarios.

Recent research trends are converging toward probabilistic generative modeling and cog-
nitive inference frameworks that unify perception, reasoning, and action [152, 143]. Among
these, Active Inference has emerged as a powerful Bayesian principle that links prediction,
observation, and control through continuous belief updating. By minimizing the divergence
between predicted and observed states, Active Inference provides a mathematically coherent
mechanism for adaptive behavior under uncertainty.

Building on this paradigm, this work introduces an Active Inference–Based Framework
for UAV Swarm Trajectory Design. The framework integrates probabilistic reasoning with
symbolic hierarchical decision-making to enable UAVs to perform self-consistent, multi-level
adaptation in real time. It combines model-based structure with learning-based flexibility,
allowing each UAV to reason about mission allocation, route ordering, and motion generation
within a unified cognitive process.

The main contributions of this chapter are as follows:

• A World Model that represents UAV swarm behavior across mission, route, and motion
abstraction levels.

• A Probabilistic Decision-Making Mechanism based on Active Inference, enabling
UAVs to minimize divergence between expected and observed symbolic states for
adaptive mission planning.
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• A Filter-Assisted Control Strategy that integrates filters (EKF and PF) estimation for
smooth trajectory correction and robust collision avoidance.

• This research provides a unified probabilistic–symbolic framework for UAV swarm
autonomy, offering interpretable, adaptive, and scalable trajectory design suitable for
complex, uncertain environments.

The chapter is organized as follows: Section II introduces the system model and problem
formulation. Section III details the proposed active inference based framework. Section IV
presents the active inference decision making and online action. Section V discusses the
results and provides an analysis. Lastly, Section VI includes the conclusion and outlines
future work.

4.2 System Model and Problem Formulation

We consider a swarm of Q unmanned aerial vehicles (UAVs), U = {u1, . . . ,uQ}, deployed to
cooperatively visit a set of N target locations C = {c1, . . . ,cN} within a bounded area. Each
UAV uq starts and ends at a common depot L0 = [x0,y0,z0] and is described by its position
xq(t) = [xq,yq,zq], velocity vq(t), and heading change ∆φq(t). UAVs maintain altitude limits
and a minimum inter-UAV distance dmin to ensure safe operation.

The swarm must ensure that each target ci∈C is visited once by exactly one UAV while
minimizing overall mission cost (distance, time, or energy). The decision process is organized
hierarchically:

High-level (Mission Allocation): The set of target towns C is partitioned into Q disjoint
subsets {C1,C2, . . . ,CQ}, where Cq is assigned to UAV uq. The allocation aims to balance
workload among UAVs and minimize total travel cost, subject to

Q⋃
q=1

Cq = C , Ci∩C j = /0, ∀i ̸= j. (4.1)

Medium-level (Route Sequencing): For each UAV uq, determine the visiting order of
its assigned towns,

πq = [cq,1,cq,2, . . . ,cq,|Cq|], (4.2)

which minimizes the local travel distance or time. This level is analogous to solving a
traveling salesman problem (TSP) for each UAV.
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Low-level (Trajectory Generation): Given the visiting order πq, UAV uq generates a
dynamically feasible and collision-free trajectory xq(t) connecting consecutive towns, while
respecting dynamic and safety constraints: Let di, j denote the Euclidean distance between
two towns ci and c j, forming the distance matrix D = [di, j]N×N . Each UAV uq follows a
closed tour that starts and ends at the depot, visiting all towns in Cq exactly once. The
optimization problem is formulated as a multi-traveling salesman problem (MTSP) with the
following decision variables:

Xq
i, j =

1, if UAV uq travels directly from city i to j,

0, otherwise.
(4.3)

The objective is to minimize the total travel cost of all UAVs:

min
Xq

i, j

Q

∑
q=1

N

∑
i=1

N

∑
j=1

di, jX
q
i, j, (4.4a)

s.t.
Q

∑
q=1

N

∑
i=1

Xq
i, j = 1, ∀ j, (each city visited once) (4.4b)

N

∑
i=1

Xq
i, j−

N

∑
j=1

Xq
j,i = 0, ∀q,∀i, (flow conservation) (4.4c)

∑
i∈S

∑
j∈S

Xq
i, j ≤ |S|−1, ∀S⊂ C , (no subtours) (4.4d)

The global problem therefore determines, simultaneously, (i) the optimal allocation of
towns among UAVs, (ii) the optimal visiting order for each UAV, and (iii) the feasible trajec-
tories connecting the towns. Because of its combinatorial nature and high dimensionality,
this problem is computationally challenging to solve exactly for large N and Q. To approxi-
mate the global optimum, a genetic optimization algorithm is employed. Each individual
(chromosome) in the population encodes a potential solution consisting of city allocation,
route sequencing, and trajectory parameters. The fitness of each individual is evaluated using
the global cost function J in (4.4a), with penalty terms included for constraint violations such
as collision risk or unvisited targets. Through iterative evolution using selection, crossover,
and mutation operations, the algorithm converges toward near-optimal coordinated plans for
the UAV swarm.
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4.3 Proposed Active Inference-Based Framework

The proposed approach transforms the deterministic MTSP formulation into a self-learning,
probabilistic decision system governed by the principle of Active Inference. It consists of
two tightly coupled phases: (i) an offline learning phase, where a hierarchical world model is
learned from expert demonstrations generated by the GA–RF optimizer, and (ii) an online
active inference phase, where UAVs perform adaptive trajectory planning and belief updating
in real time. Proposed framework is depicted in Fig. 4.1. The framework features include:

Fig. 4.1 Workflow of proposed Active inference-driven world modeling for adaptive UAV
swarm trajectory design

• Training process: The model learns an internal representation of the world from its
experiences, where generative models and dictionaries are built.

• Data reading and computation: The system reads environmental information such
as city locations and UAV characteristics to create generative priors, which form the
basis for learning.

• Path computation (GA–RF): The GA–RF optimizer generates different path possibil-
ities, which makes it possible to learn the distribution and transfer of missions between
UAVs.

• Best path search: For each UAV, the GA–RF algorithm finds the paths that are most
efficient in terms of time, distance, and energy.
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• Dictionary construction: All paths and decisions are stored in symbolic dictionaries
that act as internal world models in active inference.

• Integration with Active Inference: When the dictionaries are complete, the system
becomes a generative agent that makes decisions based on the principle of least surprise.

• Online phase (Testing): The system makes decisions based on real-time data, updating
its model according to new observations.

• Real-time Data Reading: New data coming from UAVs are incorporated into the
observation model to represent real situations.

• Active Inference and Anomaly Detection: When the difference between the pre-
diction and the actual observation increases, the system updates its beliefs to reduce
surprises.

• Beliefs and Dictionary Update: In the new situation, the system performs online
learning by updating the dictionary and transition matrix under the Bayesian principle.

• Output Generation: Based on the updated beliefs, new paths and movements are
predicted to effectively reach the target.

• As a result, the UAV swarm becomes an active cognitive system capable of self-
learning, decision-making, and adjusting to changing conditions.

4.3.1 Expert Demonstrations via GA–RF

The GA–RF jointly optimizes mission allocation, route ordering, and trajectory feasibility.
Each chromosome encodes a multi-UAV solution, while repulsion forces impose penalties
whenever the inter-UAV distance approaches dmin. For each mission instance Dm, the
optimizer yields an expert demonstration

τm = {Dm,Am,Pm,Mm}, (4.5)

where Dm defines the cities and UAVs, Am the mission allocation (division of cities), Pm

the visiting order of each UAV, and Mm the corresponding motion trajectories. These
demonstrations form a structured dataset describing how global missions are decomposed into
ordered routes and feasible motions. They serve as the empirical foundation for constructing
the generative world model.
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Fig. 4.2 Hierarchical world model construction from GA–RF expert demonstrations, encoding
mission division, route ordering, and motion behavior across abstraction levels.

4.4 Active Inference—Decision Making and Online Action

4.4.1 Hierarchical Symbolic World Model

Each expert demonstration τm is transformed into a hierarchical symbolic representation,
as illustrated in Fig. 4.2, which captures UAV swarm behavior across multiple levels of
abstraction. This representation organizes knowledge into three interconnected symbolic
dictionaries—Mission, Route, and Motion—forming the World Model.

Mission Dictionary (high level). Let C = {c1, . . . ,cN} be the set of target locations (atomic
symbols or letters). The GA–RF divides C into Q disjoint subsets C1, . . . ,CQ, where each
subset Cq represents the cities assigned to UAV q. The subset is encoded as a Mission Word
W

(mission)
q = {c ∈ Cq}, and the set of all Mission Words within a mission forms a Mission

Phrase. The collection of all phrases obtained from expert data constitutes the Mission
Dictionary DMsn, modeled probabilistically as p(W (mission)|D).

Route Dictionary (mid level). For each Mission Word, the expert provides an ordered
sequence of visits πq = [cq,1, . . . ,cq,|Cq|] defining the UAV’s optimal traversal order. This
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sequence is encoded as a Route Word W
(route)

q , and the collection of such words across
missions defines the Route Dictionary DRte. This level captures the probabilistic mapping
p(W (route)|W (mission)), describing how high-level task divisions are realized as ordered
routes.

Motion Dictionary (low level). At the motion level, each consecutive pair (cq,i→cq,i+1)

generates a trajectory segment γq,i(t), which is transformed into a feature vector φ(γ) de-
scribing kinematic properties such as velocity, curvature, and heading rate. Clustering these
features yields a finite alphabet of Motion Letters, and the concatenation of letters along a
route forms a Motion Word that characterizes the UAV’s local dynamic behavior.

Two principal motion categories are identified:

– Attractive Motion Letters: goal-directed segments dominated by the attractive potential

Uatt(x;p) = 1
2katt∥x−p∥2, (4.6)

which drives the UAV toward its target position p.

– Repulsive Motion Letters: avoidance segments dominated by the repulsive potential

Urep(x) = ∑
o∈O

1
2

k(o)rep

(
max

(
0,

1
do(x)

− 1
d0

))2

+

Q

∑
r=1
r ̸=q

1
2

k(uav)
rep

(
max

(
0,

1
dr(x)

− 1
d0

))2

, (4.7)

where O denotes the set of obstacles, do(x) and dr(x) are the distances from the UAV to
obstacle o and to another UAV r, respectively, and d0 is the safety distance beyond which the
repulsive influence vanishes. The coefficients k(o)rep and k(uav)

rep are the corresponding repulsion
gains.

The UAV motion evolves according to the gradient flow of the total potential field:

ẋ =−K∇
(
Uatt(x)+Urep(x)

)
. (4.8)

A trajectory segment is labeled as attractive or repulsive depending on the ratio of
potential energies,

ρ =

∫
Urep dt∫

(Uatt +Urep)dt
. (4.9)
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All Motion Words extracted from the demonstrations constitute the Motion Dictionary
DMot, whose statistical dependence on the Route Dictionary is modeled as p(W (motion)|W (route)).

Hierarchical probabilistic coupling. The three dictionaries are linked through learned
transition operators TMsn→Rte and TRte→Mot. The overall hierarchical generative model
factorizes as

p(W (motion),W (route),W (mission)|D) =

p(W (mission)|D) p(W (route)|W (mission)) p(W (motion)|W (route)), (4.10)

which serves as the generative prior for Active Inference during online decision-making.
Equation (4.10) encodes how global mission assignments evolve into ordered routes and,
finally, into dynamically feasible motion behaviors.

4.4.2 Online Decision-Making via Active Inference

During online operation, the UAV swarm continuously interprets sensory observations
ot = {Ct ,Xt}, where Ct denotes the set of cities (letters) and Xt = {xc}c∈Ct their coordinates.
The swarm relies on the World Model to infer the most plausible symbolic configuration st =

{W (mission)
t ,W

(route)
t ,W

(motion)
t } and to decide subsequent actions that preserve coherence

with prior knowledge while adapting to new environmental realizations. Decision-making
is performed hierarchically across three action levels: mission division, route ordering, and
motion generation.

The World Model provides probabilistic reference distributions learned from expert
demonstrations: p(Msn)

ref = p(W (mission)|D), p(Rte)
ref = p(W (route)|W (mission)), p(Mot)

ref =

p(W (motion)|W (route)).

At each level ℓ∈{Msn,Rte,Mot}, the UAV evaluates candidate actions a(ℓ) and selects
the one minimizing the divergence between the predicted posterior and the corresponding
reference distribution:

Aℓ(a(ℓ)) = DKL

(
qt(W

(ℓ)|a(ℓ))
∥∥ p(ℓ)ref

)
. (4.11)

Fig. 4.3 illustrates the hierarchical dynamic bayesian network followed by the UAV
swarm.

This hierarchical abnormality minimization ensures that decisions remain consistent with
the statistical structure encoded in the world model. Fig. 4.4 illustrates the hierarchical
Bayesian decision-making cycle followed by the UAV swarm.
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Fig. 4.3 Illustration of the candidate actions a(ℓ) at each level.

(1) Division-level decision (Mission Words). At the highest level, the prior p(Msn)
ref , derived

from the transition matrix TD→Msn, provides reference Mission Words representing typical
partitions of cities among UAVs. A division action a(Msn) specifies a partition W (mission) =

{C1, . . . ,CQ}, and the selected action is

a(Msn)∗ = arg min
a(Msn)

DKL

(
qt(W

(mission)|a(Msn))
∥∥ p(Msn)

ref

)
. (4.12)

If a new city c⋆ appears, the swarm determines which UAV should serve it by minimizing its
divergence from the reference Mission Words:

q⋆ = arg min
q∈{1,...,Q}

DKL

(
qt(W

(mission)∪{c⋆}∈Cq)
∥∥ p(Msn)

ref

)
. (4.13)

Equation (4.13) ensures that new cities are assigned to the subset producing the smallest
deviation from the reference Mission Words.

(2) Ordering-level decision (Route Words). Given the selected division, the prior p(Rte)
ref —

from TMsn→Rte– provides reference Route Words describing the expected visiting order of
each UAV. For UAV q with subset Cq, a candidate ordering action a(Rte) defines a permutation
W

(route)
q = [cq,1, . . . ,cq,|Cq|], and the chosen order minimizes

a(Rte)∗ = arg min
a(Rte)

DKL

(
qt(W

(route)|a(Rte))
∥∥ p(Rte)

ref

)
. (4.14)
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When a new city c⋆ is introduced within a route, it is first assigned to its subset by (4.13),
and its insertion position j⋆ is then determined by scanning all possible positions to find

j⋆ = argmin
j

DKL

(
qt(W

(route)∪{c⋆} at j)
∥∥ p(Rte)

ref

)
. (4.15)

Equations (4.13) and (4.15) separately govern subset assignment and position selection,
maintaining consistency with the reference Route Words.

(3) Motion-level decision (Motion Words). At the lowest level, the prior p(Mot)
ref —derived

from TRte→Mot—provides reference Motion Words composed of symbolic motion letters that
describe short-term behaviors such as attractive or repulsive flight segments. Each motion
action a(Mot) corresponds to a candidate motion word selected from the Motion Dictionary
DMot. The selected motion policy minimizes

a(Mot)∗ = arg min
a(Mot)

DKL

(
qt(W

(motion)|a(Mot))
∥∥ p(Mot)

ref

)
, (4.16)

ensuring that instantaneous dynamics remain coherent with the reference Motion Words.
When the state estimator (e.g., EKF) predicts possible collisions or obstacles, abnormality in
(4.16) increases, prompting a policy switch toward motion words with higher likelihood of
repulsive motion letters.

Hierarchical integration. The three action levels are coupled through the World Model
factorization:

p(W (motion),W (route),W (mission)|D) = p(Msn)
ref p(Rte)

ref p(Mot)
ref . (4.17)

The global objective integrates the level-wise divergence measures:

Atotal = AMsn +ARte +AMot, Aℓ = DKL
(
qt(W

(ℓ)|a(ℓ))
∥∥p(ℓ)ref

)
. (4.18)

Minimizing (4.18) yields a globally consistent inference process across all abstraction levels,
enabling the swarm to reorganize mission assignments, update route orders, and refine motion
behaviors in response to novel environmental realizations while maintaining coherence with
the reference Mission, Route, and Motion Words encoded in the world model.
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4.5 Results and Analysis

The evaluation of the proposed active inference-based framework consists of two parts:
The first part is based on the evaluation of the proposed method with purely simulated

data, while the second part presents an analysis of the model performance by incorporating
data collected from real drone flights into the simulation.

The performance of the proposed Active Inference–based framework is evaluated in a
fully online UAV swarm trajectory design setting. Multiple UAVs operated in a 1000×1000
m region at a constant altitude of 200 m. During training, 50 towns were randomly placed
within the area, and M = 5000 mission instances were generated using the GA–RF optimizer.
Each instance provided optimal velocity and visiting-order sequences, which were encoded
into symbolic words to construct the world model. The testing phase used new random
subsets of towns, relying solely on the learned model for decision-making. A modified
Q-learning (QL) method trained on the same data served as a baseline. So that a comparative
analysis of the results can be made in terms of performance, time, and collision avoidance.

To evaluate the effectiveness of the framework in real-world scenarios, real-time data were
collected from flight experiments conducted at Universidad Carlos III de Madrid (UC3M).
These experiments were carried out solely for data generation purposes, so that the collected
data could later be incorporated into simulations to test the proposed model. During the
experiments, two DJI Air 2S drones were used, each controlled by human operators (pilots)
via Wi-Fi. The experiments took place in UC3M’s internal laboratory, where the drones flew
between specific target points, providing sensor data related to position, velocity, and angular
motion (yaw, pitch, and roll).

Drone Platform and Sensors:

• Front-facing RGB camera (3840×2160 pixels, 30 Hz frame rate).

• Two IMU units (accelerometer, gyroscope, magnetometer).

• Automatic position and orientation estimation via visual inertial odometry (VIO).

Indoor Scenery and Flight Configuration: 10 fixed points were used as targets, and a
central "depot" location was the start and end point for all flights. Each drone was operated
by a separate pilot, and the pilots were instructed to fly over all targets at least once. The
flight altitude was set at 10 to 15 feet, and only one drone was allowed to fly over each target
to avoid path interference.

The model’s performance is tested against real observations by inputting sensor data from
these flights into a simulation environment. This analysis is conducted to determine whether
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the model maintained the same stability, decision-making, and consistency in uncertain real
data that it demonstrated in the simulated scenarios.

(1) Performance evaluation on simulated data:
Fig. 4.5 and 4.6 shows the multi-level behavior of the proposed framework. At the high

and mid levels (Fig. 4.5), Active Inference determines mission division and route ordering
consistent with the reference Mission and Route Words from the world model. At the low
level (Fig. 4.6), UAVs execute local motions between towns using symbolic motion words
representing attractive and repulsive flight behaviors. This illustrates coherent hierarchical
planning where global objectives are translated into dynamically feasible local trajectories.

When a new target unexpectedly appears, Active Inference detects the resulting predic-
tion–action mismatch and triggers belief revision. Fig. 4.7 depicts the “surprise” region,
and Fig. 4.8 shows the updated trajectory after belief correction. The UAV autonomously
selects the new path that minimizes abnormality (divergence) from the reference world model,
achieving adaptive trajectory re-optimization in real time.

To enhance motion consistency and safety, an EKF module was integrated for local state
estimation. Fig. 4.9a shows EKF-based path prediction, enabling smooth, goal-directed
motion correction. As demonstrated in Fig. 4.9b, the EKF further supports static and
dynamic obstacle avoidance by fusing sensor feedback with predicted motion states, ensuring
collision-free navigation through adaptive repulsion control.

Fig. 4.10a shows that the PF not only performs belief updating within the Active Inference
framework, but also enables reactive motion adaptation. In this way, the UAV adapts its
behavior in real time according to its model predictions, which significantly improves both
the safety and adaptability of the system.

Furthermore, Fig. 4.10b shows that the UAV maintains a safe trajectory even in the
presence of static obstacles, using its predictive motion model and sensor data.

Fig. 4.11 compares trajectories produced by the proposed method and modified QL.
Active Inference achieves closer alignment with expert demonstrations, maintaining be-
lief–action consistency across mission, route, and motion levels, whereas QL exhibits de-
viations at the motion level. Fig. 4.12 compares mission completion time and total travel
distance. The proposed framework consistently outperforms both GA–RF and QL, produc-
ing shorter, smoother, and more energy-efficient paths. This confirms that learning from
expert demonstrations through a probabilistic world model enables the UAV to generalize
underlying optimization principles rather than merely replicate solutions.

Fig. 4.13 illustrates the similarity ratios between the trajectories generated by the AI
and those produced by the GA-RF Optimizer, as well as between the Modified-QL method
and the GA-RF Optimizer. Two types of trajectories are analyzed: (1) task division and
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(2) visiting order. The results indicate that the proposed method produces trajectories more
closely aligned with those of the GA-RF Optimizer, suggesting that it has partially learned
the optimizer’s strategy and can indirectly infer the underlying objective function.

Overall, the results demonstrate that the proposed method yields faster convergence,
higher stability, and more adaptive performance than QL, validating its capability for au-
tonomous, probabilistic reasoning and real-time re planning in complex environments.

(2) Performance Evaluation Using Real-Time Experimental Data:
Fig. 4.14-a shows the trajectories of two UAVs obtained from real flights controlled by

pilots. These experimental flights were conducted to provide real-world data for the model
so that this data could later be used for testing and validation of the model.

Fig. 4.14-b presents the combined transition matrix generated based on the cluster labels
obtained from different velocities. In this process, unsupervised clustering was first performed
using the Growing Neural Gas (GNG) algorithm, which divided the velocities into different
groups. Later, a transition matrix was created based on the cluster labels from the same GNG,
which shows the transition probabilities of the UAVs between different dynamic states. This
transition matrix is later used in the prediction phase to estimate the possible future behavior
and direction of movement of the UAVs.

Fig. 4.15 shows the trajectory prediction results and the associated errors from the model.
In this experiment, we tested a new trajectory using the trained model.

The first part of the Fig. 4.15 shows the actual cluster labels at each time instant, which
represent the observed data. The middle part shows the predicted labels from the model,
which indicate how accurately the model identified different clusters or movements during
the prediction. The bottom part of the Fig. 4.15 shows the prediction errors at the cluster
level, which represent the difference between the actual and predicted labels at each time
instant.

These results confirm that before conversion, the model is not able to make correct
predictions and the prediction error is very high.

Fig. 4.16 presents the results obtained after full convergence of the proposed Bayesian
inference model.

Fig. 4.16-(left) shows the actual 3D trajectory, with clusters represented by different
colors. This trajectory is based on actual observations and was used as a reference for the
model.

Fig. 4.16-(right) shows the predicted trajectory by the model. The red circles highlight the
locations where the model made corrections or inference adjustments during its estimation
process. These results demonstrate that the proposed model not only learns effectively from
the observation data but also has the ability to correct errors during prediction compared to
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the actual trajectory. This feature highlights the self-corrective nature of the model and its
ability to support online learning.

Fig. 4.17 shows a comparison between actual clusters and predicted clusters at each time
instance. Furthermore, the figure also includes prior cluster knowledge to illustrate how the
model used the available prior information in the cluster prediction process.

The figure highlights that when the model corrected the predictions using Bayesian
inference, the error is significantly reduced.

This observation shows that the model not only predicts the clusters initially but also has
the ability to improve its predictions over time, producing results that are closer to the true
labels.

4.6 Summary

This chapter presented an Active Inference–based framework for self-learning UAV swarm
trajectory design. The proposed method learns a probabilistic world model from expert
demonstrations and employs it online for hierarchical decision-making across mission, route,
and motion levels. By continuously updating beliefs and minimizing divergence from
expected outcomes, UAVs achieve adaptive, energy-efficient, and goal-directed coordination.
An EKF–assisted module enhances local state estimation and ensures smooth, collision-free
navigation in dynamic environments. The results of this chapter consist of two main parts.The
first part is based on the performance analysis of the proposed method with purely simulated
data. The results show that the proposed framework demonstrated faster convergence,
improved stability, and enhanced generalization compared to Modified Q-Learning. These
results confirm that the proposed method provides a scalable, secure, and cognitively robust
control framework for UAV swarms, which provides a solid foundation for future AI-driven
aerial networks. The second part consists of experiments in which data collected from real
drone flights were included in the simulation to test the model’s performance under real
observational conditions. These results demonstrate that the proposed model not only learns
effectively from observational data but also has the ability to correct errors during prediction.
This feature highlights the self-corrective nature of the model and its ability to learn online,
which promotes the potential for more autonomous and intelligent decision-making for UAV
swarms.
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Fig. 4.4 Hierarchical decision-making across three levels: mission division, route order, and
motion level decision.
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Fig. 4.5 Active Inference–based UAV swarm trajectories. (High- and mid-level mission
division and route ordering.)

Fig. 4.6 Active inference–based UAV swarm trajectories. (Low-level motion execution using
learned motion words.)
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Fig. 4.7 Adaptive re-planning under environmental changes (a new target introduces surprise;)

Fig. 4.8 Adaptive re-planning under environmental changes (belief updating and trajectory
correction restore mission consistency.)
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(a) Real-time trajectory prediction and correction. (b) Avoidance of static and dynamic obstacles.

Fig. 4.9 EKF-assisted state estimation and collision avoidance: (a) real-time trajectory
prediction and correction; (b) avoidance of static and dynamic obstacles.

(a) Real-time trajectory prediction and correction. (b) Avoidance of static and dynamic obstacles.

Fig. 4.10 PF-assisted state estimation and collision avoidance: (a) real-time trajectory predic-
tion and correction; (b) avoidance of static and dynamic obstacles.
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(a) 40 towns. (b) 50 towns.

Fig. 4.11 Qualitative comparison of Active Inference and Modified Q-Learning: Active
Inference maintains belief–action consistency and smoother paths, while Q-Learning exhibits
deviations from model-based trajectories.

(a) Mission completion time. (b) Total covered distance.

Fig. 4.12 Quantitative performance comparison: (a) mission completion time and (b) total
distance, showing improved efficiency over GA–RF and Modified Q-Learning.
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(a) Division similarity (b) Visiting order similarity.

Fig. 4.13 Comparison of completion time and total distance covered by the GA-RF Optimizer,
AI, and Modified-QL for different numbers of towns.

(a) Example trajectory of 2 UAVs (b) Combine transition matrix of multiple trajecto-
ries.

Fig. 4.14 (a).Example of trajectory generated by 2 UAVs (b).Combining transition matrices
of cluster labels from multiple trajectories
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Fig. 4.15 Trajectory prediction and prediction errors before convergence. The (First) original
cluster labels, the (Middle) model predicted labels, and the (Bottom) prediction errors at each
cluster level.)

Fig. 4.16 Results of the proposed model based on bayesian inference, (left) the original 3D
trajectory with different cluster colors, and (right) the predicted trajectory with red circles
indicating the locations where the model corrected the prediction.
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Fig. 4.17 Comparison of the original, predicted, and prior clusters at each time point. The
prediction errors are minimized after bayesian correction.





Chapter 5

Conclusion and Future Directions

5.1 Conclusion

This thesis presents a comprehensive, self-learning, and knowledge-driven approach for UAV
swarm trajectory design, which begins with data generation through biologically inspired
(GA-RF) method and gradually extends to the construction of a causal probabilistic world
model, followed by online decision-making based on active inference. This approach not
only enables UAVs to self-learn and continuously update their beliefs based on observations
from the environment but also allows them to make effective decisions in real time according
to changing conditions. The research process consists of the following sections:

In Chapter 2, the study highlights the differences between traditional, biologically in-
spired, metaheuristic, and modern AI-based strategies and their impact on UAV swarm
missions.

• The results show that traditional algorithms provide a strong foundation in structured
and static environments, but their performance is limited in dynamic and uncertain
situations.

• Biologically inspired methods have achieved significant success in global optimization
and solution diversity, but challenges such as convergence speed and computational
complexity remain.

• On the other hand, modern strategies based on artificial intelligence, especially DRL,
MARL, and Active Inference, have revealed new possibilities for autonomous decision-
making, decentralized control, and real-time path adaptation within UAV swarms, but
these approaches face practical problems such as data availability and computational
burden.
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• Consequently, this chapter emphasizes that a hybrid framework combining the relia-
bility of TAs, the global search capability of BIAs, and the real-time adaptability of
AI techniques is an effective future direction for UAV swarm navigation. Moreover,
transparent decision-making theories such as Explainable AI and Interpretable RL are
essential for building trust and stability in future intelligent UAV systems.

Chapter 3 introduces a new approach MTSP–GA–RF for UAV swarm trajectory design,
which is based on genetic algorithms and repulsion forces.

• This method optimizes the routes of UAVs in the MTSP domain to reduce collisions,
overlaps, and interference, ensuring that each UAV serves its assigned areas effectively
and in a balanced manner.

• Furthermore, a size-optimization mechanism was developed to determine the ideal size
for the UAV swarm that minimizes both time and distance.

• Compared with algorithms such as MTSP–GA, PSO, SA, and ACO in different scenar-
ios, this method was found to be more efficient in terms of distance, time, and energy
consumption. These results show that the proposed GA–RF method not only outper-
forms classical metaheuristic methods but is also more applicable to real operational
environments.

• The optimized paths obtained from this framework were subsequently used as expert
demonstrations to train a high-level decision-making world model based on Active
Inference, paving the way for goal-directed and autonomous trajectory planning for
UAV swarms.

In Chapter 4, a self-learning Active Inference–based framework was presented that
enables real-time decision-making and online adaptation for UAV swarms.

• The proposed model created a causal probabilistic world model based on expert
knowledge obtained from GA–RF, reflecting learned behaviors at the mission division,
ordering, and movement levels.

• The model enabled UAVs to adopt energy-efficient, adaptive, and goal-oriented behav-
iors by continuously updating their beliefs with expected outcomes.

• To improve real-time accuracy and collision avoidance, an EKF- and PF-based auxiliary
module was integrated, ensuring smooth and safe navigation in dynamic environments.
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• The experiments consisted of two stages: the first stage analyzed the convergence,
stability, and generalization of the framework using simulated data, while the second
stage evaluated the model’s performance by incorporating real-time data from drone
flights into the simulation.

• The results show that the proposed framework achieved faster convergence, better
stability, and significant improvements in generalization compared to Modified Q-
Learning. Furthermore, the experiments based on real data highlighted the self-
corrective feature of the model, where prediction errors were reduced through Bayesian
correction, and the model produced results closer to the actual trajectories.

• This framework provides a scalable, secure, and cognitively robust solution for UAV
swarms that can serve as a reliable foundation for future AI-based aerial networks.

Overall, this research introduces a clear evolutionary direction in UAV swarm trajectory de-
sign by integrating artificial intelligence and functional reasoning, moving beyond traditional
and biological models. The overall research framework provides UAVs with the ability to
self-learn, make explainable decisions, and adapt in real time, which not only improves sys-
tem performance and stability but also ensures energy conservation and collision avoidance.
Furthermore, the use of data obtained from real-world experiments brings this research closer
to practical application, representing a strong step toward the deployment of UAV networks.

5.2 Future Directions

The results of this research and the proposed framework provide a solid foundation for
self-learning, active reasoning, and knowledge-based decision-making for UAV swarms.
However, the success of this work also opens the door to several new research directions and
practical improvements that can be expanded upon in the future.

• First, making the proposed model more explainable and interpretable is an important
next step. Since the internal dynamics of active reasoning systems are often complex
and opaque, future work needs to develop interpretable architectures and post-hoc
explanation tools that help researchers and practitioners better understand the model’s
decisions and predictions. For this purpose, visualization techniques such as dynamic
mapping of neural state space, visual representations of Bayesian belief progressions,
or interactive graphs of policy-decision paths can be useful, so that the decision-making
process of each UAV is more transparent and can be integrated with human knowledge
and experience.
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• Second, to improve the generalizability of the model, it is necessary to test it in more
diverse and realistic scenarios. This includes testing and applying the model on di-
verse datasets obtained from different geographical regions, weather conditions, and
operational scenarios. In this context, the inclusion of multi-sensor data in future
experiments will be crucial, particularly the use of LiDAR, video cameras, and infrared
(IR) sensors to obtain more in-depth and detailed observations for UAVs. By incorpo-
rating data from these sensors into simulations, it will be possible to test the accuracy,
robustness, and sensor-fusion capability of the model, which will further enhance the
generalizability and reliability of the model in diverse real-world situations.

• Third, it is important to expand the experiments to larger fleets to observe the scalability,
robustness, and emergent swarm behaviors of the system. In this regard, experiments
involving hundred or more UAVs can help discover new principles of automatic
coordination, collective decision-making, and energy distribution. These experiments
will show how effectively the system copes with real-world problems such as latency,
signal collisions, and communication pressure in large networks.

• Furthermore, making the architecture fully decentralized is a key future direction
to improve system performance. To this end, it will be necessary to incorporate
consensus algorithms, distributed belief propagation, and fault-tolerant communication
mechanisms into the active reasoning framework so that each UAV can make its own
decisions based on local observations, but still be consistent with the global goal. Such
a fully decentralized system will not only increase autonomy but also reduce the risk
of central control deviation or failure.

• In addition, it is also important to make inter-UAV communication more robust and
secure. Future work could develop low-latency, reliable, and secure communication
protocols that can also operate in electronic interference or contested environments.
Shared bandwidth sharing, code division schemes, and frequency-hopping techniques
can ensure timely transmission of information within the swarm in such situations,
while Bayesian prediction modules will help predict communication failures and
identify alternative routes.

• Furthermore, implementing and testing the proposed framework on real UAV platforms
is also a key next step. Real-time experiments will provide an opportunity to test the
model’s practical performance, latency effects, system stability, and safe navigation
requirements. This process will enable a better understanding of the simulation-to-
reality gap, which will allow the model to be optimized for practical operations.
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• The integration of jammer and blockage prediction modules to protect against radio
frequency interference (RF interference) and physical obstructions is also crucial in
future work. These modules will predict potential interference or blockage based on
observational data, signal strength, and historical patterns, allowing the system to
adjust its communication and control strategy in advance. In this way, the UAV swarm
will not only be more autonomous in changing conditions but also gain a better ability
to protect against dynamic threats.

Ultimately, expanding research in all these directions will not only scientifically provide new
insights into the functional reasoning models of UAV swarms, but also practically lay the
foundation for building safe, autonomous, and intelligent aerial networks. Such networks
could not only revolutionize logistics, industrial, and defense operations in the future, but
also help implement advanced concepts of real-time collective learning, self-awareness and
decision-making.
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