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Abstract
Collective motion has been a pivotal area
of research, especially due to its substantial
importance in Unmanned Aerial Vehicle (UAV)
systems for several purposes, including path
planning, formation control, and trajectory
tracking. UAVs significantly enhance coordination,
flexibility, and operational efficiency in practical
applications such as search-and-rescue operations,
environmental monitoring, and smart city
construction. Notwithstanding the progress in UAV
technology, significant problems persist, especially
in attaining dependable and effective coordination
in intricate, dynamic, and unexpected settings.
This study offers a comprehensive examination of
the fundamental principles, models, and tactics
employed to comprehend and regulate collective
motion in UAV systems. This paper methodically
analyses recent breakthroughs, exposes deficiencies
in existing approaches, and emphasises case
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studies demonstrating the practical application
of collective motion. The survey examines the
substantial practical effects of collective motion on
improvingUAVoperations, emphasizing scalability,
resilience, and adaptability. This review is
significant for its potential to inform future research
and practical applications. It seeks to provide a
systematic framework for the advancement of more
resilient and scalable UAV collaboration models,
aiming to tackle the ongoing challenges in the
domain. The insights offered are essential for
academics and practitioners aiming to enhance UAV
collaboration in dynamic environments, facilitating
the development ofmore sophisticated, flexible, and
mission-resilient multi-UAV systems. This study is
set to significantly advance UAV technology, having
extensive ramifications for several industries.

Keywords: collective motion, dynamic agent systems,
formation control, path planning and swarm intelligence.

1 Introduction
Collective behaviour is common in natural and
artificial systems. Collective motion in robotics,
especially multi-wheeled robot systems and UAVs, is
popular. Understanding individual agent interactions

Citation
Abro, G. E. M., Ali, Z. A., & Masood, R. J. (2024). Synergistic
UAV Motion: A Comprehensive Review on Advancing Multi-Agent
Coordination. ICCK Transactions on Sensing, Communication, and
Control, 1(2), 72–88.
© 2024 ICCK (Institute of Central Computation and Knowledge)

72

http://dx.doi.org/10.62762/TSCC.2024.211408
http://crossmark.crossref.org/dialog/?doi=10.62762/TSCC.2024.211408&domain=pdf
https://orcid.org/0000-0003-1874-1889
https://orcid.org/0000-0002-2143-2879
https://orcid.org/0000-0002-6473-4316
http://dx.doi.org/10.62762/TSCC.2024.211408
mailto:mustafa.abro@ieee.org


ICCK Transactions on Sensing, Communication, and Control

that yield coordinated collective activity is important in
robotics, swarm intelligence, and social dynamics [1].
Bio-inspired optimisation methods such as Ant
Colony Optimization, which draws on the collective
foraging behaviour of social insects, have become
foundational tools for solving coordination and
path-planning problems in such systems [2].
Multi-robot systems improve search and rescue,
environmental surveillance, and logistics by clustering
robots to achieve common goals. Collective motion
allows multi-robot systems to synchronize robot
motions for faster work completion. Multi-robot
collectivemotion requires path planning and trajectory
formulation to navigate complex terrain without
collisions. Unmanned Aerial Vehicles (UAVs), or
drones, are used in surveillance, transport, and
mapping [3, 4]. Many UAV activities require multiple
drones to work together, and collective mobility is
crucial for optimal coordination and collaboration, as
shown in Figure 1.

Figure 1. Effective coordination multi-UAVs and
multi-UGVs.

Path planning and trajectory development are crucial
in UAV systems, as they allow drones to navigate
intricate surroundings while ensuring safe separation
from one another [5]. The investigation of collective
behaviour dynamics in multi-robot systems and
UAVs continues to be a prominent research domain,
due to its capacity to substantially improve the
performance, dependability, and scalability of these
systems. Researchers have increasingly utilized
bio-inspired algorithms, based on natural phenomena
like insect swarms and bird flocks, to describe and
optimize collective motion in these systems.

Collectivemotion denotes the synchronizedmovement
of a collection of agents, such as birds, fish, or
humans, that seem to function as a unified organism.
This phenomenon has garnered considerable interest

across multiple disciplines, including physics, biology,
engineering, and computer science, owing to its
prospective applications in swarm robotics, unmanned
aerial vehicles, and social dynamics. The examination
of collective motion entails comprehending how
individual agents engage with one another and their
surroundings to generate emergent behaviors at the
group level. Dynamic agents can alter their state over
time, presenting distinct problems and opportunities
for research in collective motion [6]. Navigating such
dynamic environments in real time has driven the
adoption of deep reinforcement learning for UAV path
planning, where agents learn adaptive policies directly
from environmental interaction [7]. Dynamic agents
may display intricate and erratic behaviors, resulting
in innovative and unforeseen collective dynamics.

The development of multi-UAV systems has been
influenced by the 1987 introduction of Reynolds’
Boids model, which played a key role in modelling
flocking behaviour. The model is based on three
fundamental principles: separation (preventing
collisions), alignment (synchronizing movement with
peers), and cohesiveness (maintaining proximity to
the group), all of which are essential for coordinating
autonomous agents without centralized oversight as
illustrated in Figure 2.

Figure 2. Illustration of the control rules employed by Boids.

These straightforward, nature-derived principles have
demonstrated efficacy in regulating UAV formations
and wheeled robots, facilitating harmonious collective
movement through local interactions among agents.
The development of multi-UAV and wheeled
robot systems commenced with an emphasis on
individual autonomy. Advancements in sensors,
control algorithms, and communication technologies
facilitated the shift to collaborative systems, allowing
numerous UAVs or robots to jointly execute more
intricate tasks, including surveillance, search and
rescue, and mapping. Initial studies focused on
fundamental navigation and control; but, as research
advanced, collaborative activities evolved to be more
intricate and effective.
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Both multi-UAV and wheeled robot systems
fundamentally depend on decentralized control
techniques, wherein each agent makes decisions
based on its immediate environment, akin to natural
flocks or swarms. This distributed methodology
guarantees system resilience and scalability, as
the failure of individual components does not
compromise overall performance. Furthermore,
progress in AI and machine learning persistently
improves the decision-making capacities of these
systems, rendering them more resilient and adaptable
for diverse dynamic applications. Specific advances
include hierarchical pigeon-inspired flocking
strategies for distributed UAV coordination [8],
biologically inspired trajectory generation using
topological distance metrics for swarming UAVs [9],
and optimised flocking algorithms demonstrated on
autonomous drone swarms operating in confined
real-world environments [10]. In the past decade,
substantial advancements in sensor technology
have greatly enhanced study on the orientation
tactics of free-flying birds, especially the hierarchical
techniques seen in pigeon flocks. Research indicates
that the collective trajectory of pigeon flocks
is a balance between an individual’s preferred
route and the leader’s expertise, highlighting
the intricate decision-making mechanisms inside
animal groupings [12]. The theoretical foundations
for such coordinated multi-agent motion were
established through distributed flocking algorithms
that formally analyse convergence, obstacle
avoidance, and split-rejoin manoeuvres in large
agent populations [11]. Prominent research issues
in this domain encompass the examination of
leader-follower dynamics within avian flocks, the
impact of environmental signals on navigation, and
the significance of communication in sustaining
flock cohesion [13]. Furthermore, studies have
investigated how hierarchical decision-making in
animal groups, such as pigeons, might improve
environmental awareness and offer protection from
predators, with these tactics being applied to robotic
swarms for practical use [14]. Researchers have
employed bio-inspired algorithms to replicate avian
behaviour in UAVs, tackling challenges related to
collision avoidance, optimal path planning, and
energy-efficient navigation.

Nonetheless, creating effective robot controllers
to emulate these natural behaviors presents a
considerable difficulty owing to the intricacies of
mimicking decentralized coordination, real-time

decision-making, and adaptability to changing
surroundings [14]. This work is novel due to its
thorough integration of hierarchical strategies from
pigeon flocks into robotic swarm systems, emphasizing
the connection between bio-inspired collective motion
theories and their practical application in multi-robot
and UAV systems. This study seeks to augment
the efficiency and resilience of swarm robots in
applications including environmental monitoring,
search and rescue, and autonomous exploration by
refining control algorithms and sensor integration,
thereby advancing the frontiers of existing research.

This study article seeks to comprehensively examine
and analyze the collective motion of dynamic agents,
encompassing animals, people, and robots, in many
settings. It examines the principal elements that affect
collective behaviour, including communication range,
velocity, and sensory ability. The research utilizes
mathematical models and simulation methods to
enhance comprehension of the fundamental principles
regulating collective motion in dynamic agents.
Furthermore, it provides empirical validation via
real-world tests to confirm the feasibility and precision
of the provided models and simulations. This
review primarily contributes a thorough analysis
of collective behaviour, emphasizing the concepts
of self-organization and emergence among dynamic
agents. It presents mathematical models and
various simulation approaches that encapsulate the
dynamic interactions of agents across multiple settings.
Moreover, the study corroborates these models
through established experimental methods, offering
efficient means to evaluate their viability. The
study examines the practical applications of collective
behaviour algorithms, specifically in swarm robots,
traffic management, and social dynamics, highlighting
their tangible ramifications. This work advances
comprehension of collective motion by addressing
both theoretical and practical aspects, considerably
contributing to advancements in knowledge and
technology in this subject.

This review manuscript comprises multiple sections,
with Section 1 addressing the introduction to collective
motion of multi-UAVs, including background,
scope, contributions, and organization of the work.
Section 2 delineates the cutting-edge parameters for
examining the collection motion of dynamic agents on
autonomous vehicles. Section 3 examines the problem
description and recommended solutions for several
facets of formation control, path planning, and path
tracking in multi-UAV systems. Section 4 presents
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Figure 3. Organization of this review manuscript.

a technical analysis of the limitations identified in
existing approaches and outlines future research
directions. Section 5 delineates the conclusions drawn
from the reviewed literature. Section 6 presents
future recommendations for advancing multi-UAV
collective motion research. This organization has been
illustrated in Figure 3.

2 State of the Art Approaches
2.1 Discussion related cutting-edge parameters
The increasingly widespread use of autonomous
vehicles, both aerial and ground-based, makes
collective motion of dynamic agents an essential
aspect for incorporating these systems into an endless
number of applications. Besides, in recent years,
the use of Multi-Robot Systems (MRS) has spread,
consisting of both Unmanned Aerial Vehicles (UAVs)
and Unmanned Ground Vehicles (UGVs), gaining
versatility and robustness in their operation.

Unmanned Aerial Vehicle (UAV) swarm formation
has applications in many areas of research, such as
infrastructure inspection, surveillance, target tracking,
and precision agriculture. In some of the contributions
such as in [15], a foundational framework for UAV
formation control is presented, addressing both the
theoretical underpinnings of rigid-graph formation
shape control and practical application to surveillance
and exploration missions. The work analyses
symmetric and asymmetric control architectures for
maintaining inter-agent distances, providing analytical
conditions under which a formation remains rigid
and stable. Yan et al. [16] present a comprehensive
survey and analysis of multi-robot coordination,

systematically reviewing communication mechanisms,
planning strategies, and decision-making structures in
multiple mobile robot systems (MMRSs). Their work
establishes a taxonomy of coordination approaches
that underpins subsequent algorithm development,
including distributed team-formation methods in
dynamic multi-agent settings where agents coordinate
by exchanging messages to accomplish missions
composed of multi-robot tasks. Zhang et al. [17]
propose a UAV path planning algorithm based on
an improved Harris Hawks Optimization (HHO)
metaheuristic. The method enhances the standard
HHO with adaptive strategies to improve convergence
speed and escape from local optima, demonstrating
superior path quality compared with PSO and GA
baselines across complex three-dimensional terrain
environments.

The term “Path Planning” refers to the process of
determining a collision-free route for an agent to
accomplish a specified mission, accounting for various
obstacles distributed along the path. The planned
path restricts the UAV from possible crashes from
obstacles or neighboring UAVs. Path planning is
more feasible when operating with large quantities of
robots. Path planning of aerial systems is categorized
into motion-based and tracking-based approaches.
Researchers addressed path planning for multi-UAV
formation rendezvous using a distributed cooperative
Particle Swarm Optimization (PSO) framework [18].
Each UAV runs a local PSO instance while sharing
best-found positions with neighbours, enabling the
swarm to converge on collision-free rendezvous paths
without centralised coordination. Zhang et al. [19]
propose a novel back-stepping control approach
for multi-UAV formation. The method formulates
formation-keeping as a tracking problem and designs
adaptive back-stepping controllers that maintain
prescribed inter-vehicle distances and bearings
while compensating for external disturbances,
demonstrating stable convergence in both simulation
and comparative experiments. Liu et al. [20]
present an adaptive sensitivity decision-based path
planning algorithm for UAVs, combining an improved
PSO with an adaptive sensitivity mechanism that
dynamically adjusts search parameters. Experiments
demonstrate superior path quality and convergence
speed compared with standard PSO, particularly in
environments with dynamic threat regions.

Accurate and precise trajectory tracking is also a
crucial aspect for unmanned aerial vehicles (UAVs)
to operate in disturbed and complex environments.
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In one of the contributions [21], one may see two
nonlinear adaptive control methods to design position
and attitude control system for a quadrotor. The
proposed design adaptation mechanisms compensate
parameter uncertainties and disturbances during the
flights. There is also a method employing distributed
Model Predictive Control (MPC) for UAV formation,
where each vehicle exchanges information only
with neighbours and local Finite-Horizon Optimal
Control Problems (FHOCPs) are solved via a PSO
algorithm [22]. A Virtual Target Guidance (VTG)
methodology is integrated into the distributed MPC
framework to handle both trajectory tracking and
obstacle avoidance simultaneously. Wu et al. [23]
address formation control and obstacle avoidance
for UAV teams using a consensus-theory-based
method. Both a standard dynamic model and an
autopilot model are employed; the consensus protocol
coordinates inter-vehicle relative positions while the
autopilot layer executes collision-free manoeuvres,
achieving stable formation flight in simulated cluttered
environments.

2.2 Evaluating the current approaches
The growing integration of autonomous vehicles,
including UAVs and UGVs, has underscored the
need of collective motion and path planning for
dynamic agents in many applications. Numerous
research has tackled these difficulties with various
methodologies, from decentralized control to
sophisticated optimization algorithms. For example,
[15] established a theoretical framework for
rigid-graph UAV formation shape control, analysing
symmetric and asymmetric control architectures
for maintaining inter-agent distances under
surveillance and exploration mission requirements.
Likewise, [16] presented a comprehensive survey of
multi-robot coordination, systematically categorising
communication mechanisms, planning strategies, and
decision-making structures applicable to distributed
multi-agent formation tasks. The improved Harris
Hawks Optimization approach in [17] demonstrated
superior UAV path quality over PSO and GA baselines
in complex three-dimensional terrain. Regarding path
planning, [18] proposed a distributed cooperative
PSO framework for multi-UAV formation rendezvous,
enabling swarm-level convergence without centralised
coordination. The back-stepping formation control
method in [19] maintained prescribed inter-vehicle
distances and bearings while compensating for
external disturbances. Furthermore, [20] applied
an adaptive sensitivity decision-based PSO to UAV

path planning in dynamic threat environments,
demonstrating improved convergence speed over
standard PSO. Nonlinear adaptive control approaches,
as outlined in [21], have demonstrated efficacy in
adjusting for disturbances and parameter uncertainties
in the field of trajectory tracking, while also ensuring
robust performance in intricate situations. The
VTG-based distributed MPC approach in [22] and
the consensus-theory formation method in [23] both
demonstrated effective UAV coordination and obstacle
avoidance, with the former integrating trajectory
tracking and the latter coordinating inter-vehicle
positions through autopilot-level execution. These
varied methodologies underscore the range of ways
for tackling control, path planning, and trajectory
tracking issues in UAV and multi-agent systems,
illustrating the advantages and disadvantages of each
approach.

The rapid advancements in Unmanned Aerial
Vehicle (UAV) technology have underscored several
critical challenges in the domain of multi-UAV
formation and path planning. A primary concern
is formation control, which necessitates the design
of control inputs to achieve specific configurations
tailored to mission requirements. For instance,
feasible trajectory planning for UAV formation in
obstacle-laden environments, based on a Bi-directional
Rapidly Exploring Random Tree (Bi-RRT*) algorithm
combined with a greedy strategy, addresses rapid
reconfiguration around dynamic obstacles [24].
Moreover, as artificial intelligence continues to
evolve, mobile robots are becoming increasingly
autonomous, capable of undertaking complex tasks
that would otherwise require human intervention.
In this context, challenges such as local minima and
target unreachability in cooperative formations have
been addressed through innovative methods like the
dynamic virtual target point [25].

The significance of evolutionary algorithm-based
methods in UAV path planning cannot be overstated.
Research, such as that by [26], introduces a distributed
optimal control approach for trajectory tracking in
heterogeneous UAV formation systems with a
constrained-input leader, employing a model-free
off-policy reinforcement learning scheme that requires
only information from the formation leader to
derive the distributed optimal controller. However,
unexpected obstacles during collective flights can
complicate path planning, necessitating robust
solutions. Comparative studies of consensus-based
multi-agent UAV implementations, examining
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Table 1. Evaluation of control, path planning, and trajectory tracking approaches.

Methods Key Contributions Limitations

Rigid-Graph Formation Control [15]
Theoretical framework for UAV formation shape control
via rigid-graph architectures (symmetric and asymmetric
control structures for inter-agent distance maintenance)

Assumes ideal communication
between agents

Multi-Robot Coordination
Survey [16]

Systematic survey of coordination mechanisms, planning
strategies, and decision structures in MRS
(taxonomy applicable to distributed formation tasks)

Survey scope limited to
pre-2013 literature

Improved HHO
[17]

UAV path planning via improved Harris Hawks
Optimization with adaptive convergence strategies
(superior path quality over PSO and GA baselines)

Computational cost increases
in high-dimensional spaces

Distributed Cooperative
PSO [18]

Multi-UAV formation rendezvous path planning via
distributed cooperative PSO
(swarm-level convergence without centralised coordination)

Susceptible to dynamic
obstacle changes

Back-Stepping Formation
Control [19]

Multi-UAV formation-keeping via adaptive back-stepping
controllers (maintains inter-vehicle distances and bearings
while compensating for external disturbances)

Performance dependent
on disturbance estimation

Adaptive Sensitivity
PSO [20]

UAV path planning with adaptive sensitivity decision
mechanism (improved convergence speed over standard PSO
in dynamic threat environments)

Mainly validated in
simulated environments

Nonlinear Adaptive
Control [21]

Quadrotor UAV control (adaptive compensation for
disturbances, robust position and attitude control)

Limited scalability
for large systems

VTG-based Distributed
MPC [22]

Distributed MPC for UAV formation with Virtual Target
Guidance (integrates trajectory tracking and obstacle
avoidance via neighbour-only information exchange)

3D formation control
requires further flight testing

Consensus-based
Formation [23]

Consensus-theory method for UAV formation control
and obstacle avoidance (coordinates inter-vehicle positions
through standard and autopilot model layers)

Requires precise
sensor input

graph topologies such as circular and hexagonal
configurations and applying Particle Swarm
Optimization (PSO) to determine optimal feedback
gains, highlight the ongoing search for efficiency and
scalability in this domain [27].

3 Recent Developments and Advancements
3.1 Shortcomings and Challenges
Over the past decade, substantial advancements have
transpired in the domain of collective vehicle motion,
especially with dynamic agents for UAVs. The
collective motion of UAVs is particularly challenging
due to several complexities overlooked by previous
planning strategies: the heightened significance
of differential constraints, atmospheric turbulence
that hinders precise adherence to pre-computed
plans, uncertainty regarding the vehicle’s state, and
restricted environmental knowledge stemming from
limited sensor capabilities [28]. The year-wise

examination of collective motion, encompassing
formation, path planning, and path trajectory, is
presented in Tables 1, 2, 3, and 4. Initially, a thorough
analysis of formation control is presented, followed by
discussions on path planning and trajectory.

3.1.1 Formation control
Zhihao et al. [22] devised a framework for a
distributedModel Predictive Control (MPC) approach
for Unmanned Aerial Vehicle (UAV) formation. In
this approach, each UAV exclusively exchanges
information with neighboring units, and the resultant
local FHOCPs are resolved using a straightforward
PSO algorithm. The VTG methodology is formulated
and included into the distributed MPC framework
for trajectory tracking and obstacle evasion. Wu et
al. [23] examined the issues of formation control
and obstacle avoidance, which are regarded as two
critical challenges for UAVs. This study employs
the standard model and the autopilot model for
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Figure 4. Heterogeneous UAV formation systems.

obstacle avoidance and formation control. Huang
and Sun [24] investigated obstacle avoidance and
swift rebuilding of UAV formations to enhance their
adaptability to complicated dynamic environments.
This technique establishes a model for obstacles and
formation constraints in complex environments and
proposes a Bi-directional Rapidly Exploring Random
Tree (Bi-RRT*) algorithm based on a greedy strategy
to achieve obstacle avoidance. Shao et al. [25]
introduced a chaos-based Logistic map to enhance the
initial distribution of particles. This study replaces
the conventional constant acceleration coefficients
and maximum velocity with adaptive linear-varying
counterparts, which alter during the optimization
process and enhance solution optimality. Liu et al. [26]
introduced a distributed optimum control approach to
address the trajectory tracking issue in heterogeneous
UAV formation systems with a constrained-input
leader, as seen in Figure 4.

This method initially formulates the optimal
trajectory tracking issue for heterogeneous systems. A
model-free off-policy reinforcement learning approach
is developed to derive the numerical solution for the
distributed optimal controller, requiring solely the
information of the formation leader. Lizzio et al. [27]
proposed the establishment of a multi-vehicle network
system that considers several graph topologies,
including circular and hexagonal configurations.
This technique employs a Consensus algorithm for
vector dependency. This paper’s primary contribution
is the application of Particle Swarm optimization
(PSO) to determine the optimal feedback gain.
Frattolillo et al. [28] provide a systematic review
of scalable and cooperative deep reinforcement
learning (DRL) approaches for multi-UAV systems,
analysing how DRL frameworks can be structured
to enable decentralised coordination at scale. The
review identifies key design dimensions—including

communication topology, reward shaping, and
partial observability—that determine the effectiveness
of cooperative DRL in UAV swarm scenarios.
López-González et al. [29] introduced an alternate
approach for attaining distance-based formation.
This method uses a Genetic Algorithm to identify
an optimal solution based on angle, distance, and
a suitable constant velocity to prevent collisions.
Zhen et al. [30] presented an intelligent cooperative
mission planning scheme for UAV swarms operating
in uncertain dynamic environments. The proposed
framework combines task assignment with real-time
re-planning, enabling the swarm to adapt collectively
to unexpected obstacles and mission changes, with
effectiveness validated through extensive simulations
across multiple uncertainty scenarios. Nath and
Niyogi [31] presented a distributed framework for task
execution across many scenarios. In this methodology,
the capabilities of robots and the skills necessary
for task execution are represented as p-dimensional
binary skill vectors. To better reflect real-world
applications, the framework extends to quantitative
(real-valued) skill representations. Extensive
experiments were conducted in a RoboCupRescue
simulation environment, and the results demonstrate
the effectiveness of the proposed distributed approach.
Huo et al. [32] examined the issue of cooperative
circular formation with constrained target knowledge
for numerous Unmanned Aerial Vehicle (UAV)
systems. This work proposes a pigeon-inspired
strategy for circular formation control to achieve the
desired circular distribution in a plane, drawing on
intelligent pigeon behaviour while hovering. Azam
et al. [33] devised a decentralized control approach
for unmanned aerial vehicles (UAVs) pertaining to
formation control. The objective of this study is to
navigate the UAV swarm from an initial geographic
area to a different geographic area, where the swarm is
required to assume a three-dimensional configuration.
Qiang et al. [34] devised an innovative resilience
optimisation method for multi-UAV formation
reconfiguration, employing a universal resilience
metric that serves as a reference framework to assess
resilience alterations following a random attack across
various mission types. In related work on global path
optimisation for multi-robot formations, Liang et
al. [35] recommend refining Ant Colony Optimisation
(ACO) state transfer functions to better direct ant
movement, utilising artificial potential field heuristics
to influence path selection, and improving the
pheromone update mechanism to enhance the balance
between decision-making and exploration. These
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enhancements seek to attain expedited convergence
and superior solutions in complex optimisation
challenges.

3.1.2 Path planning
Shin and Bang [36] delineates a methodology for
addressing the path planning challenges faced by
unmanned aerial vehicles (UAVs) in hostile situations,
encompassing radar-guided surface-to-air missiles
(SAMs) and unidentified threats. The proposed
algorithm consists of pre-processing phases, a
multi-swarm PSO algorithm, and post-processing
processes. Wang et al. [37] introduced the CM-PIO
cooperative path planning approach to enhance UAV
performance in confined spaces. In comparison to the
conventional PIO approach, the results indicate that
the solution of the suggested method has superior
robustness. Qu et al. [38] introduced an innovative
reinforcement learning-based grey wolf optimizer
algorithm termed RLGWO. The suggested technique
incorporates reinforcement learning, enabling the
individual to adaptively switch operations based on
cumulative performance. The proposed algorithm
for UAV path planning incorporates four operations
for everyone: exploration, exploitation, geometric
adjustment, and optimal adjustment. Ge et al. [39]
introduced a three-dimensional environmental
model for oilfields, encompassing static oil-well
equipment and dynamic impediments. This paper
presents an enhanced pigeon-inspired optimisation
algorithm, termed PIOFOA, designed to address
path planning challenges in a three-dimensional
dynamic oilfield environment. Phung et al. [40]
propose an enhanced discrete PSO method for UAV
vision-based surface inspection path planning. The
approach encodes waypoints as discrete PSO particles,
balancing coverage completeness against path length
minimisation, and demonstrates reliable collision-free
trajectory generation for UAVs conducting structural
surface inspections in complex three-dimensional
environments. Phung and Ha [41] introduce a
safety-enhanced UAV path planning method using
spherical vector-based Particle Swarm Optimization
(PSO). The spherical vector representation provides a
more effective search mechanism in three-dimensional
space, improving both path smoothness and obstacle
clearance compared with standard PSO variants, as
validated across multiple complex flight scenarios. Wu
et al. [42] present a swarm-based four-dimensional
(4D) path planning framework for drone operations
in urban environments, incorporating temporal
constraints into the optimisation alongside spatial

ones, as illustrated in Figure 5. The method
coordinates multiple UAVs to generate collision-free,
time-efficient trajectories across dense urban airspace
with satellite-assisted navigation and ground
communication support, demonstrating scalability to
realistic city-scale scenarios.

Figure 5. Multi-layered UAV coordination with satellite
navigation and ground communication infrastructure in

urban environments.

Yahia and Mohammed [43] provide a systematic
review of meta-heuristic path planning optimisation
for unmanned aerial vehicles, surveying ACO, PSO,
GA, and hybrid variants across diverse mission
scenarios. The review identifies algorithmic strengths
and gaps, and offers guidance on selecting appropriate
meta-heuristics based on environment complexity
and real-time constraints. Chen et al. [44] introduced
an adaptive particle swarm optimisation technique
that dynamically modifies the inertial weight and two
learning variables during the iterative search phase.
The simulation results indicate that the proposed
adaptive particle swarm optimisation algorithm
exhibits superior global search capability and search
accuracy compared to the traditional particle swarm
optimisation technique. Li et al. [45] proposed a
strategy for minimizing mission duration to cover a
designated set of target sites within a monitoring area
using numerous UAVs. This methodology discusses
an enhanced ant colony optimisation (ACO) that
integrates ACO with a greedy strategy. He et al. [46]
introduced the time stamp segmentation (TSS) model
to streamline the management of coordination costs
for UAVs, subsequently proposing a novel hybrid
algorithm termed HIPSO-MSOS, which integrates
improved particle swarm optimisation (IPSO) with
modified symbiotic organisms search (MSOS). Ji et
al. [47] presented six types of terrain functions for UAV
path planning to replicate real-world applications.
The double-dynamic biogeography-based learning
approach substitutes the conventional learning
mechanism of personal and global best particles for
the selection of learning particles. In this technique,
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Table 2. Summary of Techniques, Key Findings, and Limitations in Multi-UAV Formation Control and Path Planning.

Technique used Key Findings Limitation Year

PSO with Cauchy Mutant
(CM) operators [36]

Proposed method found optimum obstacle-avoiding
path with highest fitness value.

Boosting fitness but lowering
terrain, radar, and collision costs. 2020

Adaptive Learning-based
Pigeon-Inspired Optimization
(ALPIO) [34]

Resilience optimisation for multi-UAV formation
reconfiguration studied via universal resilience metric.

Each UAV will face hostile attacks
and tactics throughout reconfiguration. 2022

VTG-based Distributed MPC
(FHOCP) [22]

Collaboration between VTG and distributed MPC
for trajectory tracking and obstacle avoidance.

3D formation control design requires
further UAV formation flight testing. 2020

APF & Improved ACO [35] Proposed optimisation method speeds up ACO
global convergence and resolves local optimum transition.

Further optimisation needed for
higher-dimensionality environments. 2022

Comprehensively Improved
PSO (CIPSO) [25]

Chaos-based Logistic map and adaptive coefficients
improve UAV formation path planning solutions.

Several UAV communication topologies
may accelerate consensus convergence. 2020

Bi-RRT Algorithm Based
on Greedy Strategy [24]

Proposed technique proved effective and secure
for 3D UAV formation obstacle avoidance.

Rolling detection and obstacle avoidance
settings may make UAVs more alert. 2020

Off-policy Reinforcement
Learning (RL) [26]

Distributed optimal control for heterogeneous UAV
formation system trajectory tracking.

Full quadrotor nonlinear model to be
examined for nonlinear formation control. 2020

Consensus-based PSO
(Optimal Feedback Gain) [27]

PSO determines optimal feedback gain for
multi-vehicle network with circular and
hexagonal graph topologies.

Formation tracking scalability
remains a UAV coordination challenge. 2022

Scalable Cooperative DRL
(Multi-UAV Systems) [28]

Systematic review of DRL frameworks for
decentralised multi-UAV coordination at scale.

Communication topology and reward
shaping require further investigation. 2023

Pigeon-Inspired Circular
Formation Control [32]

Proposed approach solves cooperative circular
formation for multi-UAV with limited target info.

A multi-UAV testbed is needed
to evaluate the control law. 2021

Parallel Genetic Algorithm
(Distance-based Formation) [29]

Genetic Algorithm constructs distance-based formations
using angle, distance, and constant velocity
to avoid collisions.

Multi-objective evolutionary algorithm
optimisation warrants further study. 2020

Intelligent Cooperative Mission
Planning (UAV Swarm) [30]

Framework combines task assignment with real-time
re-planning for UAV swarms in uncertain
dynamic environments.

Further validation across broader
uncertainty scenarios is needed. 2020

Decentralized Markov
Decision Process (Dec-MDP) [33]

Decentralized UAV swarm formation control
navigates swarm from initial to target region
to build 3D configuration.

Adapts to 3D forms; applicable to
scene perception for 3D reconstruction. 2021

each particle will acquire knowledge from the
superior of two chosen particles that are not inferior
to itself. Shafiq et al. [48] conducted a convergence
analysis of multi-UAV path planning using the
Max-Min Ant Colony Optimisation (MMACO)
approach, demonstrating improved convergence
behaviour and path quality compared with classical
ACO in multi-UAV coordination scenarios. Ali et
al. [49] examines the path planning for several
colonies utilising several unmanned aerial vehicles
in a dynamic setting. This technique addresses
the shortcomings of existing classical ant colony
optimisation and maximum-minimum ant colony
optimisation, while resolving the conflict between
excessive information and global optimisation. Such
kinds of approaches are summarized in the Table 3.

3.1.3 Path trajectory
Teng et al. [50] construct a trajectory planner based
on particle swarm optimisation and a proposed
surveillance area importance update mechanism
targeted at generating three-dimensional (3D)
optimal surveillance trajectories for numerous
monitoring drones depicted in the Figure 6. A
multi-objective fitness function that takes into account
energy consumption, flight risk, and the priority of
surveillance areas is proposed in this method for
the purpose of evaluating the trajectories that are
generated by the trajectory planner.

Selma et al. [51] introduces an innovative tracking
hybrid controller for a quadrotor UAV, integrating a
robust adaptive neuro-fuzzy inference system (ANFIS)
with a particle swarm optimisation (PSO) algorithm.
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Table 3. Summary of Techniques, Key Contributions, and Limitations in Multi-UAV Path Planning.

Technique used Key Findings Limitation Year

DDBLPSO (Double Dynamic
Biogeography-based Learning
PSO) [47]

Efficient global optimization and UAV path planning
for six types of terrain with collaboration, showing
superior performance compared to PSO and BBO variants.

Gap for improvement in
standard deviation (Std). 2022

Improved PSO under
Dynamic Threats [36]

Solves UAV path planning in adversarial environments
with radar-guided SAMs and unknown threats.
Efficient in performance and number of iterations.

Data availability is a challenge
for practical applications. 2020

CM-PIO Algorithm [37] Identifies optimum path for each UAV, surpassing
traditional Pigeon Inspired Optimization.

Needs further analysis of
diverse environments. 2020

Hybrid MMACO and
Differential Evolution (DE) [49]

Provides optimal 3D path planning for multiple UAVs
with collaboration between MMACO and DE strategies.

Limited to 3D environments; future
potential for other dimensional routes. 2023

MMACO with Multi-Colony
Path Planning [49]

Enhances convergence rate and colony performance
for multi-UAV path planning in dynamic environments,
surpassing classical ACO and MMACO.

Requires further scalability in terms
of UAV colonies and numbers. 2023

Adaptive PSO (Adjusting
Inertia Weight and Learning
Factor) [44]

Efficient 3D path planning for UAVs in complex
environments with dynamic threats.

Needs enhanced avoidance
strategies for dynamic threats. 2021

Improved ACO with
Greedy Strategy [45]

Optimizes mission time for multi-UAVs,
effectively covering targets.

Future comparisons with other
optimization techniques are needed. 2021

RLGWO (Reinforcement
Learning Grey Wolf
Optimizer) [38]

Provides optimal 3D flight paths in complex
environments with better efficiency than IGWO,
GWO, and EEGWO.

NFL theorem limitations: no single
optimal solution fits all applications. 2020

PIOFOA (Pigeon Inspired
Optimization with Fruit Fly
Optimization Algorithm) [39]

Optimizes UAV path planning for total length, height,
time, and electricity use, suitable for dynamic 3D
environments like oil fields.

Requires better path planning for
aerial robot collaboration in
dynamic environments.

2020

HIPSO-MSOS [46]
Efficient and accurate path planning for UAVs,
ensuring real-time obstacle avoidance with
superior convergence speed.

Needs further testing for real-time
formation control in obstacle-laden
environments.

2021

MMACO-CM (Max-Min ACO
with Cauchy Mutant) [48]

Solves path planning with faster convergence
times, surpassing MMACO-DE.

Requires hardware implementation
and comparison with simulation results. 2022

Safety-Enhanced Spherical
Vector PSO [41]

Outperforms standard PSO variants in UAV path
planning with improved path smoothness and
obstacle clearance in 3D environments.

Visual perception-based path planning
for dynamic environments remains
a challenge.

2021

Swarm-based 4D Path
Planning [42]

Identifies collision-free, time-efficient trajectories
for multiple UAVs in dense urban airspace
with city-scale scalability.

Requires improvements for
navigation in rapidly changing
urban environments.

2021

Meta-Heuristic UAV Path
Planning Survey [43]

Systematic review of meta-heuristic UAV path planning
surveying ACO, PSO, GA, and hybrid variants
across diverse mission scenarios.

Needs guidance on selecting
meta-heuristics for specific
environment complexity levels.

2023

The ANFIS-PSO controller is employed to regulate
the dynamics of a quadrotor UAV with three degrees
of freedom. The controller enables the manipulation
of UAV movement to follow a specified trajectory in
a two-dimensional vertical plane. Rubi et al. [52]
introduced a trajectory tracking problem involving
the monitoring of a timed reference position. This
method eliminates the issue of time dependency,
yielding numerous benefits for control performance
and design. Selma et al. [53] introduces an innovative

tracking hybrid controller for a quadrotor UAV that
integrates a strong adaptive neuro-fuzzy inference
system (ANFIS) controller with an Improved Particle
SwarmOptimisation algorithm (IPSO)model utilising
functional inertia weight. The controller is designed
for a quadrotor with three degrees of freedom
(3 DOF), represented by its non-linear dynamical
mathematical model. Abdul Samed et al. [54]
discusses the development of a resilient controller
for the autonomous landing, trajectory tracking,
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Figure 6. Surveillance trajectories for monitoring drones.

and take-off operations of a quadrotor unmanned
aerial vehicle (QUAV). This technique examines
the QUAV’s dynamic model, which encompasses
nonlinearity, uncertainty, and coupling, resulting
in a highly complicated system. The proposed
controller may regulate both position and orientation,
as well as manage the driving motors. Madridano
et al. [55] provides a comprehensive overview
of trajectory planning to facilitate a comparison
of the methodologies and algorithms documented
in the literature for addressing trajectory issues
within MRS. This method effectively demonstrates
the applicability of these techniques across several
domains, highlighting their significance for attaining
autonomous and secure navigation of diverse vehicle
kinds. Selma et al. [56] proposed a sophisticated
controlmethodology utilising an adaptive neuro-fuzzy
inference system (ANFIS) and a pigeon-inspired
optimisation algorithm (PIO) to regulate the dynamics
of a three-degree of freedom (3-DOF) quadrotor UAV.
The ANFIS controller is designed to regulate the UAV’s
movement to follow a specified reference trajectory in
a two-dimensional vertical plane.

3.2 Current Solutions in Trend
Recent breakthroughs have introduced various
interesting methods for optimising neuro-fuzzy
controllers through metaheuristic techniques, which
are increasingly relevant in the domain of collective
motion for multi-agent systems, including swarms
of unmanned aerial vehicles (UAVs). Telli et al. [57]
provide a comprehensive review of recent research
trends on unmanned aerial vehicles, covering
advances in control architectures, communication
systems, collision avoidance, and swarm coordination.
The survey maps the trajectory of UAV technology
development and identifies open challenges in
achieving robust autonomous operation across

diverse mission profiles. Khan et al. [58] examined
vehicle routing algorithms, including the Capacitated
Vehicle Routing Problem (CVRP), Particle Swarm
Optimisation (PSO), Ant Colony Optimisation (ACO),
and Genetic Algorithm (GA), assessing their efficacy
in several real-time situations. These methods can
be modified for swarm UAVs in applications such
as medical aid delivery within dynamic situations,
highlighting the necessity for resilient path planning
in swarms with varying vehicle capacities and task
distributions.

Qadir et al. [59] further advanced the discipline by
providing innovative metaheuristic algorithms for
collision-free path planning in UAVs, particularly
pertinent in disaster situations such as forest fires. This
technique targets the root cause of ecological harm
and facilitates swift rescue operations by optimising
collective UAV behaviour, rendering it an essential
solution for pre-disaster and emergency response
initiatives. Shao et al. [60] proposed a hierarchical
trajectory optimisation method that integrates
enhanced PSOwith theGauss pseudo-spectralmethod
(GPM), demonstrating efficacy in optimising collective
trajectories for UAV swarms. This stratified approach
enables swarms to create accurate trajectories and
facilitate seamless transitions, markedly enhancing the
dynamic capabilities of cooperative UAV operations.
Navabi et al. [61] improved trajectory tracking
for under-actuated quadrotors by developing a
Lyapunov-based optimum adaptive controller that
compensates for nonlinear dynamics and model
uncertainties including mass and inertia variations.
Robust single-agent trajectory tracking of this kind
forms the foundational control layer upon which
reliable multi-UAV collective motion depends, as
individual tracking precision directly determines
overall swarm coordination quality.

Chung et al. [62] provide a comprehensive survey
on aerial swarm robotics, reviewing key enabling
algorithms for trajectory generation, task allocation,
adversarial control, and distributed sensing. The
survey demonstrates that hierarchically organised
algorithms can endow aerial swarms with autonomy
at every operational level, reducing the need for
direct human intervention and supporting scalable
cooperative flight in real-world missions. Mir et
al. [63] survey trajectory planning techniques for
autonomous systems, reviewing sampling-based,
optimisation-based, and learning-based planners
across ground, aerial, and underwater vehicles. The
work highlights how robust trajectory planning
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Table 4. Summary of Techniques, Key Contributions, and Limitations in Multi-UAV Trajectory Control.

Technique used Key Findings Limitation Year

Lyapunov-based Optimum
Adaptive Controller [61]

Trajectory tracking of under-actuated quadrotor using
Lyapunov-based adaptive control, compensating
for nonlinear dynamics and model uncertainties.

Validated in simulation only;
extension to multi-UAV swarm
coordination requires further work.

2022

PSO-based 3D Surveillance
Trajectory Planner [50]

Developed for multiple UAVs to plan 3D optimal
surveillance trajectories with multi-objective fitness
function for energy, risk, and area priority.

Future work involves applying
PSO to more than two drones
for broader applications.

2020

Aerial Swarm Robotics
Survey [62]

Comprehensive survey of algorithms for trajectory
generation, task allocation, adversarial control, and
distributed sensing in aerial swarms.

Scalability to very large swarms
in unstructured outdoor environments
remains insufficiently demonstrated.

2018

Trajectory Planning
Techniques Survey [63]

Reviews sampling-based, optimisation-based, and
learning-based planners across ground, aerial, and
underwater vehicles for autonomous systems.

Integration into real-time UAV
swarm coordination under
communication constraints requires
further field validation.

2022

Trajectory Planning
Algorithms for MRS [55]

Applied to UAVs and UGVs for solving multi-robot
system (MRS) path planning problems. Comprehensive
review of trajectory planning techniques.

Future studies should address
difficulties faced in real-world
applications.

2021

Hybrid ANFIS and
PSO Algorithm [51]

Applied to quadcopters for UAV trajectory control
in 2D plane. Reduces tracking error and improves
control quality with PSO optimization.

Future work should focus on
automatic optimization of parameters
to enhance system performance.

2020

Backstepping and Feedback
Linearization (NLGL &
Carrot-Chasing) [52]

Applied to quadrotor simulation for trajectory tracking
along helix paths. Eliminates time-dependence in
control design, improving control performance.

Real flight experiments are needed
to validate these algorithms. 2020

ANFIS with Improved
PSO (IPSO) [53]

Applied to quadrotors for optimizing ANFIS membership
functions. Improves performance through PSO
in trajectory tracking.

Intelligence-based control techniques
may help address parameter
measurement difficulties.

2020

ANFIS and Pigeon-Inspired
Optimization (PIO) [56]

Applied to UAVs for trajectory following in a 2D
vertical plane. Directs UAV movement with ANFIS
and enhances trajectory quality using PIO.

The EAS algorithm could further
improve convergence in optimization. 2021

Robust Trajectory Tracking
Controller (QUAV) [54]

Applied to quadrotor UAVs for autonomous landing,
trajectory tracking, and take-off. Capable of guiding
UAVs to follow predefined trajectories.

Future work may explore adaptive
model predictive control in unknown
environments with dynamic obstacles.

2020

Hierarchical PSO-GPM
Trajectory Optimization [60]

Applied GPM and PSO for UAV swarm trajectory
planning. Improves convergence speed and enhances
solution optimality for cooperative UAV operations.

Future research may address
dynamic obstacle avoidance
in rapidly generated trajectories.

2021

Swarm UAV Interception
(SI Algorithms) [64]

Reviews state-of-the-art UAV swarm coordination
protocols and collective decision-making strategies
for 3D multi-target engagement.

Hybrid optimization algorithms
could enhance interception
strategies in real-time operations.

2024

UAV Navigation for
Medical Emergencies [58]

PSO, ACO, and GA applied for UAV navigation
in medical emergencies. Achieves smooth, effective
navigation for real-time medical aid.

Future work may involve applying
CVRP algorithms without
computational resource limitations.

2021

Pre-Disaster Assessment
Path Planning [59]

Applied metaheuristic algorithms for UAV path
planning in disaster situations. Reduces transportation
costs and computational time.

GWO algorithm could be used
for enhanced robotics pathfinding
in future work.

2021

underpins safe collective behaviour in UAV swarms,
where each agent must execute locally computed paths
that remain globally consistent with swarm-level
objectives. Javed et al. [64] survey the state-of-the-art

and future challenges in UAV swarm systems,
reviewing communication architectures, coordination
protocols, and collective decision-making strategies.
The work identifies three-dimensional multi-target
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engagement as a particularly demanding frontier,
where dynamic kinematic constraints and real-time
communication requirements push current swarm
intelligence approaches to their limits. These
methodologies highlight the increasing trend
of amalgamating optimisation algorithms with
sophisticated control systems to address the intricate
issues of collective motion in multi-agent systems,
especially UAV swarms. These trending solutions are
summarized in Table 4.

4 Technical Analysis
4.1 In-depth analysis of limitations
Telli et al. [57] proposed a methodology for optimising
neuro-fuzzy controllers through metaheuristic
techniques, specifically targeting the attainment
of global performance criteria in control systems.
Nonetheless, although the adaptive neuro-fuzzy
inference system (ANFIS) and pigeon-inspired
optimisation (PIO) algorithm proved effective in
controlling the behaviour of a 3-DOF quadrotor UAV,
the system’s performance may be constrained by
the intricacy of real-time fuzzy controller tuning,
particularly in dynamic environments. Khan
et al. [58] similarly emphasized vehicle routing
techniques including CVRP, PSO, ACO, and GA;
nonetheless, their scalability continues to be a
constraint. The comparison indicates that while
these algorithms can provide real-time medical
assistance, their effectiveness may decline with
more vehicle capacity and quantity, implying a
possible limitation in heavily congested situations.
Qadir et al. [59] introduced advanced metaheuristic
algorithms for collision-free path planning in disaster
scenarios, specifically in regions susceptible to
bushfires. Notwithstanding the efficacy in predisaster
evaluation, the intricacy and real-time flexibility
of the algorithms in swiftly evolving contexts such
as forest fires pose a significant difficulty. Shao et
al. [60] proposed a hierarchical trajectory optimisation
framework that combines enhanced PSO with
GPM; nonetheless, the dependence on initial values
obtained from PSO may result in inferior outcomes in
intricate and uncertain situations. Navabi et al. [61]
demonstrated that the Lyapunov-based optimum
adaptive controller improves quadrotor trajectory
tracking under model uncertainties; however, its
validation remains limited to simulation, and its
extension to real-world disturbances and multi-agent
coordination scenarios requires further investigation.
Chung et al. [62] provided a comprehensive survey

on aerial swarm robotics; however, the scalability of
the reviewed trajectory generation and task allocation
algorithms to very large swarms (hundreds of agents)
in unstructured outdoor environments remains
insufficiently demonstrated. Mir et al. [63] surveyed
trajectory planning techniques across multiple vehicle
types; nonetheless, the integration of these planners
into real-time UAV swarm coordination—where
globally consistent paths must be maintained
under communication constraints—requires further
validation in field experiments. Javed et al.’s [64]
methodology for swarm UAV target interception
encounters difficulties in achieving real-time,
collision-free three-dimensional path planning
amongst intricate kinematic limitations.

4.2 Research Directions
Future research should concentrate on improving
the adaptability and robustness of the proposed
algorithms to address these limitations. Telli
et al.’s [57] methodology could be enhanced by
integrating real-time optimisation approaches that
dynamically modify ANFIS parameters in response
to fluctuating ambient variables, hence facilitating
more robust UAV control. Khan et al. [58] posits
that additional investigation into hybrid algorithms,
which integrate the advantages of CVRP, PSO, ACO,
and GA, may enhance scalability in vehicle routing,
especially in extensive fleets in crowded metropolitan
settings. Qadir et al.’s [59] study on disaster response
path planning could be enhanced by using machine
learning models that forecast environmental changes,
enabling the algorithms to adapt more efficiently
to dynamic settings such as bushfires. Shao et
al. [60] could investigate more adaptable initial value
estimation methods for the PSO-GPM model to
more effectively address unforeseen impediments in
trajectory optimisation, enhancing both convergence
rate and solution optimality. The Lyapunov-based
adaptive control framework of Navabi et al. [61]
could be extended toward distributed multi-UAV
settings by incorporating inter-agent communication
constraints, enabling the individual tracking precision
demonstrated for single quadrotors to be sustained
across larger cooperative swarms. Furthermore,
the aerial swarm coordination frameworks reviewed
by Chung et al. [62] should be evaluated in
large-scale outdoor deployments, investigating their
robustness under communication degradation, agent
failures, and adversarial interference that are difficult
to replicate in controlled simulations. Mir et
al. [63] advocate for broader validation of trajectory
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planning techniques across heterogeneous vehicle
types, with particular emphasis on integrating
sampling-based and learning-based planners into
real-time UAV swarm coordination frameworks where
globally consistent paths must be maintained despite
communication constraints. Javed et al. [64] emphasise
the necessity for hybrid optimisation techniques to
address dynamic restrictions in UAV swarm target
interception, potentially enhancing performance in
real-time operations. Subsequent efforts should
concentrate on overcoming these problems to enhance
the applicability of the offered methodologies in
real-world contexts. The proliferation of UAVs
has generated increasing interest in applications
involving the collaborative operation of many drones
to execute intricate tasks. The examination of collective
behaviour in UAVs, especially regarding dynamic
agents, provides critical insights into the coordination
of several drones for activities including surveillance,
delivery, and mapping. This study investigated
the principles of self-organization and emergence,
which are essential to the collective movement of
dynamic agents. A comprehensive mathematical
model was created to elucidate the interactions among
agents and simulate many scenarios, establishing a
robust theoretical framework for the behaviour of UAV
swarms.

The presented models were experimentally validated
using established methodologies, facilitating a
comparison between simulated outcomes and
actual performance. The investigation verified that
self-organizing concepts may be effectively applied
to UAVs, improving their collective behaviour in
tasks necessitating high degrees of cooperation.
Nevertheless, the experiments underscored specific
limits in the existing models, especially in managing
intricate, dynamic situations where elements like
external disturbances and communication delays can
considerably affect swarm effectiveness.

5 Conclusion
Despite the progress that has been made in
understanding and simulating the behaviour of
collective Unmanned Aerial Vehicles (UAVs), there are
still significant problems that need to be addressed in
order to fully realize the potential of swarm intelligence
in UAV systems. Robust communication continues
to be a critical challenge, particularly in real-time
operations, as unmanned aerial vehicles (UAVs)
routinely come into contact with surroundings that
have communication links that are either unreliable

or degraded. However, real-world environmental
elements such as wind, terrain variations, and
barriers contribute complications that are sometimes
imperfectly captured in simulations. Although the
current understanding of UAV swarm dynamics
has made significant progress, this does not mean
that everything is perfect. It is essential to address
these gaps in order to successfully transfer theoretical
models into practical applications that are applicable
in the real world. In addition, scalability continues
to be a source of urgent concern. When applied to
small UAV groups, the models and algorithms that
are now in use are effective; however, as the size of
the swarm increases, they become computationally
expensive and inefficient. The existence of this
problem highlights the necessity of developing
solutions that are scalable, decentralized, and capable
of maintaining coordination and flexibility in bigger
swarms. Despite the fact that significant progress
has been made, the field of unmanned aerial vehicle
(UAV) collective behaviour continues to face the
issue of ensuring robust and efficient coordination in
complicated contexts.

6 Future Recommendations & Directions
Future research should concentrate on creating
decentralized algorithms that ensure UAV
coordination despite disrupted or delayed
communication. This is crucial for swarms
functioning in situations characterized by significant
communication lag or interruption. A key aim is
scalability, focusing on the development of algorithms
that effectively control bigger UAV swarms without
compromising performance. Enhancing simulation
realism is essential, as existing models frequently
neglect to account for real-world complications such as
fluctuating wind conditions and barriers. Additional
field tests are required to corroborate theoretical
models. Furthermore, the integration of AI with
swarm robotics may augment real-time adaptability,
decision-making, and operational efficiency, allowing
UAVs to foresee environmental alterations and
enhance performance under volatile settings.
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