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Abstract: - Drones that can fly around on their own in groups are really good at watching things, helping with
disasters, and doing work in factories. They have a hard time working together, scaling up, and changing what
they do when things get complicated. When one person or computer is in charge of all the drones, it takes too
long to make decisions. When the drones make their decisions, they have a hard time not running into each
other and saving energy. So, we made a way for drones to work together using artificial intelligence. This way
uses various kinds of learning and lets the drones make their own decisions. We tried this way with computers,
and it worked really well. The drones got better at working, did things faster, finished tasks, and did not run
into each other as much, even when there were a lot of things in their way.
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1 Introduction

Uncrewed Aerial Vehicle (UAV) swarms are a
breakthrough technology with applications ranging
from search and rescue, environmental monitoring,
infrastructure inspection, military operations, and
other critical areas. Constituting the backbone of
most future autonomous systems, they free them
from the burdens of coordination and execution,
operating both efficiently and autonomously. Yet
the coordination of swarms in dynamic and high-
obstacle environments remains an open control
problem. Traditional centralized control approaches
suffer from communication overhead, latency, and
single-point failures, while decentralized strategies
must balance autonomy with coordinated behavior
[11. [2].

The development of control systems for drones
is really important for autonomous collaborative
robotics. There are still some challenges, like
making quick decisions in real-time, avoiding
obstacles, and using energy efficiently, even with
improvements in machine learning and control
systems. Most current methods have trouble
balancing how well they work with a lot of drones
and how well they communicate with each other.
This study introduces an Al model that helps drones
work together more autonomously and efficiently.
The model uses machine learning and decentralized
control to improve how drones navigate and
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complete tasks. It can adjust to changes in the
environment on its own, making sure the drones can
work together safely in areas with lots of obstacles
[3]. The goal is to make drone swarms more reliable
and efficient in various situations. The new model
combines reinforcement learning and decentralized
controls to optimize navigation and task efficiency.
Drones using this model can adapt to changes
dynamically. This allows for swarm deployment in
various obstacle conditions.

The primary contributions of this study are:

e A proposed Al-powered adaptive learning
approach for decentralized UAV swarm
control.

e Analytical validation of drone modeling
under the effect of thrust, gravity, and drag
forces.

e Simulate system performance under varying
swarm sizes and environmental challenges.

e A brief performance comparison with
related work showing enhanced collision
avoidance, energy consumption, and
scalability over traditional approaches [4],

[5], [6].
Unlike existing reinforcement learning-based

swarm approaches that focus primarily on policy
optimization, the proposed framework integrates
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validated drone dynamic modeling, decentralized
control laws, and statistical robustness evaluation
within a unified architecture [7]. The novelty lies in
the quantitative characterization of scalability-
performance trade-offs, combined with analytical
validation and Monte Carlo-based robustness
assessment, which are not addressed jointly in the
current swarm control literature. The rest of this
paper is organized as follows: Section 2 provides a
comprehensive literature review of UAV swarm
control techniques and their associated problems.
Section 3 describes the proposed system
architecture, including essential components and
relationships. Section 4 explains the methodology
and mathematical modeling of drone dynamics,
decentralized control methods, and Al-powered
adaptive learning. Section 5 evaluates the system’s
performance under various circumstances using
simulation. Section 6 discusses implementation
challenges; Section 7 summarizes results.

2 Literature Review

Research on autonomous collaborative robotics in
drone swarms has focused on formation control,
decentralized coordination, scalability, security, and
practical applications. However, existing studies
reveal significant limitations in these areas.
Effective coordination and stability in formation
control remain critical challenges for deploying
drone swarms, especially for robust multi-drone
operations in complex environments. Addressing
these limitations is essential for enhancing the
efficiency and effectiveness of autonomous drone
swarm applications. Several studies investigated
various control strategies. For example, graph-based
and virtual structure approaches provide strong
formation maintenance, as proved by [8], [9], [10],
in which UAV swarms maintained geometric
formations with 95% precision under simulated
adversarial scenarios. Artificial potential fields
(APF) [11] and consensus-based techniques provide
real-time collision avoidance, although they suffer
from processing complexity in large-scale
formations. The authors of [12] proposed a
distributed formation control algorithm for UAV
swarms that reduces communication latency by 35%
compared to centralized techniques, thereby
enhancing formation stability under dynamic
conditions. Reinforcement learning-based
techniques [13], [14] improve flexibility but can
suffer from convergence delays in highly dynamic
environments. Despite these advances, conventional
techniques struggle with adaptability, particularly in
heterogeneous drone formations. [15] proposed a
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decentralized  coordination  framework  for
heterogeneous robotic teams that reduces inter-agent
conflicts but requires accurate  sensor
calibration.Scalability of drone swarms remains a
significant difficulty, particularly in real-world
applications where communication delays and
computational load grow exponentially with swarm
size. Hierarchical distributed control has been
proposed as a possible solution. [16] developed a
multi-layered distributed control plane that increases
path computation efficiency by 40% in large-scale
UAV networks. The authors of [17] focused on
distributed approaches for networked agents,
showing that decentralized controllers reduce
computational time by half while remaining highly
resilient to agent failures. Bio-inspired algorithms
[18] show promise for large-scale swarms but face
significant computational demands in real-world
implementations. Blockchain-based solutions [19]
improve trust and security in large drone networks,
but they also introduce latency concerns. Overall,
hybrid techniques that combine distributed control
with bio-inspired algorithms appear to be the most
promising for expanding drone swarms beyond 100
agents, as illustrated in [20], [21]. Security issues
such as jamming, spoofing, and cyberattacks pose
substantial risks to autonomous drone swarms.
Game-theoretic security models to defend against
adversarial attacks are very strong, but they require
a lot of computation. Also, the resilient consensus in
swarms is improved by the swarm fault tolerance,
but the efficiency of the swarm decreases the
number of drones bigger than 50 because of the
costs of the communication, which increase as the
number of drones increases to more than 50 because
of the increased communication costs. The
blockchain systems reduce data tampering risks by
up to 90 %, but they have latency and scalability
problems in fast UAV operations. It is possible to
combine the fault-tolerant decentralized control with
the secure multi-agent reinforcement learning in
order to improve the swarm resilience. Research in
this area is still in its infancy and is mostly
performed in simulations. Existing research includes
studies of heterogeneous groups of UAVs and
search-and-rescue missions using UAVs [22], [23].

3 Proposed System Architecture

The suggested system architecture for autonomous
collaborative robotics in drone swarms is designed
to address the challenges of operating in complex
environments. This section gives an overview of the
system, describes its essential components see Table
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1, and shows a block diagram to visualize the
architecture [2], [24], [25].

Table 1. Summary of key contributions and gaps

Scope Methodol Limitation Referenc
ogy es
Formation  Graph- Scalability [11.[2],
Control Based, Issues in [51.[61,
APF, RL- Dynamic [9],[17],
Based Environments  [18],[28]
Formation
Strategies
Scalability  Hierarchic  High [11].[22],
al Computational  [19],[21]
Distributed Demand,
Control, Communicatio
Bio- n Latency
inspired
Algorithms
Security Game- High [20],[22],
Theoretic computational  [25]
Security, power,
Blockchain  Scalability
Resilient Limitations
Consensus
Real World  Physical Lack of [19],
Experimen  Swarm Large-Scale [26], [27]
ts test,
Disaster
Response
UAVs

Source: created by the author

3.1 Overview of the System Architecture
The structure is made up of key elements:

e Drone Dynamics and Sensors: The
individual drones are equipped with sensors
and actuators.

e Swarm Coordination Layer: Algorithms for
fully  decentralized management and
synchronization of the swarm.

e Machine learning and Al algorithms enable
the swarm to make decisions and learn from
experience.

e Communication Network: Error-resistant
communication between drones.

e Human-Swarm Interaction Interface.

Figure 1 shows a block diagram of the proposed
system architecture.

This interface enables the user to interact with
the swarm, monitor and control it while performing
a given task. The various components of a swarm
robotics system interact to enable a swarm to
perform tasks such as navigation, obstacle
avoidance, and decision-making. The Swarm
Coordination Layer in Figure 2 is the part of the

E-ISSN: 2224-2856

491

Lafi Alnufaie

system that manages the collective behavior of a
swarm of robots.

Processor Processor

Processor

Drone Unit 1 Drone Unit 2 ) Drone Unit N
Sensors Sensors Sensors

Communication Module Communication Module Communication Module

—

Swarm
Coordination Layer

—

Al and Machine Learning

—

Communication Network

B

Human-Swarm
Interaction Interface

| S —

Fig. 1: The proposed system architecture
Source: created by the author

3.2 Description of Individual Components
All of the drones in the swarm are equipped with the
following sensors and hardware: Cameras for
Navigation and Obstacle Detection, LiDAR for
Distance Measurement and 3D Mapping, an IMU
for Tracking Orientation and Acceleration, GPS for
Positioning, Individual Motor and Propellers for
Movement, and an onboard Processor for
Management of all Real-time Data as well as Swarm
Control Algorithms. The dynamics model of the
drone creates stable flight and sensitive control of
the drone. The sensors of the drone are able to
provide real-time information of the area. The
coordination of the swarm is realized in the swarm
coordination layer. In the layer, the drones are
controlled in a decentralized way. For the
prevention of collisions, a flocking algorithm is
implemented. For the assignment of tasks, the
drones are allocated based on their capabilities [26],
[27].

Warm coordination layer: Efficient, scalable
swarm coordination and adaptation of the swarm in
case of changes in the environment or in the
mission. Al and machine learning support the
swarm in being autonomous by means of
reinforcement learning for best behavior, computer
vision for detection of obstacles, and for wayfinding
and path planning for the best way. Machine
learning layer: he swarm is able to make decisions
in a flexible manner, thus it is able to perform best
in highly dynamic and unpredictable environments.
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Communication Network: The communication
network between the drones is a mesh network,
which allows them to connect to each other directly.
The connection is very robust and scalable, with
fault-tolerant communication protocols to deal with
disturbances. It is also low-latency to allow for real-
time collaboration and data exchange between the
drones. The human-swarm interaction is done
through a simple interface that allows non-expert
operators to command the swarm of drones using
natural language or even gestures, while they can
also monitor in real time the status of the drones and
the environment where they are performing the
mission.

Start Mission

v
Sense Environment:

Sensors Collect
Data

\ 4

Process Data:
Al Algorithms Analyze Data

Y

Make Decision:
Path Planning, Collision
Avoidance, Coordination

\ 4

Execute Action:
Move, Communicate,
Perform Task
Y
Mission -
Yes ""--___Complef!?'_v D ‘—NW
i - Update Learning:
B A T Adaptive Learning
': End Mission 1 Algorithms

[

Fig. 2: Flowchart of the decision-making process
Source: created by the author

3.3 Deswarm Coordination and Decision-
Making

The swarm coordination layer uses a decentralized
control strategy in order to steer the swarm. Drone
makes decisions based on the information it has
locally gathered and exchanges it with other drones
in its neighborhood. neighboring drones. The
flowchart in Figure 2 demonstrates the decision-
making process in detail. The decision-making
process consists of the following steps:
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e Sensing: Drones collect data from their
sensors (such as cameras, LiDAR, and
IMU).

e Processing: Al algorithms extract useful
information from sensor data (for example,
obstacle locations and target positions).

e Decision-Making: Drones make decisions
based on a hybrid flocking algorithm and
reinforcement learning [28].

e Action Execution: Drones carry out the
selected activities (such as moving to a new
position or avoiding obstacles).

4 Methodology
This section describes the methods used to create
and assess the proposed autonomous drone swarm
system. The system is designed to operate in
complex circumstances, with decentralized control,
Al-driven  adaptive  learning, and reliable
communication protocols. This section provides an
in-depth examination of mathematical modeling,
system dynamics, and performance measurements.
The proposed autonomous drone swarm system
is represented by a collection of mathematical
equations that describe the dynamics of individual
drones, swarm coordination, and decision-making
procedures. The system consists of three main
components: drone dynamics modeling,
decentralized control algorithms, and Al-driven
adaptive learning. The components are described
below.

4.1 Drone Dynamics Modeling

Newton’s principles of motion dictate how each
drone moves. The following equations explain a
drone’s position p(t) and velocity v(t) at time t.

L8 = v(p) (1)
dp(t)
S = v @

where, p(t) = [x(t),y(t),z(H)]T is the position
vector of the drone in 3D space, [..]7 is the transpose
of [..], v(t) is the velocity vector of the drone, and
a(t) is the acceleration vector, which depends on the
forces acting on the drone. The total force calculates
the acceleration a(t), Frorq(t) exerted on the drone
and its mass m as shown below:

Ftotal (t
a(t): ttni()

@)

The total force Fyqg4 is the sum of three forces:
thrust force, gravitational force, and aerodynamic
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drag force. So, the total force operating on the drone
is:

Ftotal(t) = Fthrust(t) + Fgravity + Fdrag (4)

where, Fipusedo the drone’s propellers generate the
thrust force to achieve motion, Fg,qyi, is the
gravitational force, and Fy,.4 is the aerodynamic
drag force. The gravitational force Fy,qpir, acts
downward and is given by Fg,qyity, = mg,

g =1[0,0,—9.81]7 is the acceleration due to gravity.

Meanwhile, the drag force Fy,4 resists motion and
is proportional to velocity as shown below:

Farag = —kqv(t) (5)
where, kg is the drag coefficient. Hence, the drone
acceleration a(t) is:

dp(t)

_dv(t) _ d*p(t) _ Frarust()+mg—ka—;
a(t) = dat ~ dtz m

(6)

Thus, the drone’s position as a function of time can
be derived as follows:
d?p (t) _ kg dp (t) _ Feprust (t) +
— = =
dat m dt m

g (7)

Let a = ’:n—"’ is the drag coefficient per unit mass,
and B = FW#““) +g Thus, the drone position
equation becomes:

d?p(t)
dt?

dp(t) _
+ «a " =f

(8)
Equation (8) represents a first-order linear non-
homogeneous ordinary differential equation of the

form: di—(tt)+ﬂp(t) =C, where B =k; / mand C
represent the constant forcing term due to thrust and
gravity. The solution is obtained using the method

of integrating factors. The integrating factor is
u(e) = eft.

Multiplying by p(t) gives an exact differential
which can be directly integrated to obtain a solution.
The homogeneous solution, of course, decays
exponentially with time, while the particular
solution represents the steady state solution forced
by a constant. Adding the two solutions together
gives the complete solution. It exhibits transience,
which is of the form of exponentials in time
multiplied by the solution to the homogeneous
problem, plus the steady state solution, which is
linear and hence is a stable dynamic system.
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p(t) =c; +ce™ % + gt 9)

where C; and C, are constants. Assume the initial
position at t = 0 is p(0) = p, and the initial velocity
v(0) = v,, the values of the C; and C, can be written
as:

(10)

(11)

Finally, the drone position p(t) as a function of
time can be expressed as:
p(t) =cy+ e + Lt (12)
This solution illustrates how the drone moves
under the influence of thrust, gravity, and drag. As
demonstrated, the solution consists of three terms,
which are:
e The constant term indicates the drone’s initial
position (py).
e The exponential decay term indicates the
transient response due to the drag force.
e The linear term describes the drone’s steady-
state motion under constant thrust and gravity
forces.

To numerically validate the analytical formulation

in Eq. (12), consider a drone with the parameters
listed in Table 2: mass m = 1.2 kg, thrust force
hrust = 15 N, drag coefficient k; = 0.25 kg/s, and
gravitational acceleration g = 9.81 m/s2.

First, compute the drag coefficient per unit mass as
B=ky;/m=0.25/12=0.208 s ' The gravitational
force is m.g = 1.2 x 9.81 = 11.77 N. Thus, the net
steady-state acceleration term becomes:

Fenruse —m Q) /m=(15-11.77)/ 1.2 =2.69 m/s?

The steady-state velocity is:
Vss = (fenrust —m 9) [ kg =(3.23) /0.25=12.92 m/s

Assuming initial conditions p(0)=0and v(0) =
0, the analytical position at t = 5 s using Eq. (12)
becomes p(5) ~22.8 m.

The corresponding simulation result yields 23.4 m,
resulting in an instantaneous position error of 0.6 m,
which aligns with the reported RMSE. This confirms
the consistency between analytical modeling and
numerical simulation.

4.2 Decentralized Control Algorithms

This Swarm Coordination Layer uses a decentralized
control approach to allow consistent and collision-
free behavior of the swarm of drones. The flocking
behavior is used for maintaining a formation, for
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collision avoidance, and for task distribution. The
velocity of the drones is then adjusted based on
cohesiveness, separation, and alignment to reach
scalable and robust results. The cohesion force
(F,.op) directs movement towards the center of the
swarm. While the separation force (Fs,,) helps to
avoid collisions with surrounding drones. Finally,
the alignment force (F,,) @ims to match the
velocity of surrounding drones [29].

Thus, the velocity update rule for the drone i is:
v;(t + At) = v;t(t) + kyFoop +KoFsep + K3Faiign  (13)

where kq,k, and ks are weighting coefficients
(Fzon)- The force directs the drone towards the
swarm center (Fs,) is the force repelling the drone
from nearby drones, and (Fggn) is the force
aligning the drone’s velocity with nearby drones.
Collision avoidance can be achieved via a potential
field approach. When a drone approaches an
obstacle or another drone, it generates a resistive

force (Fresis¢) Which can be expressed as follows:

k(l 1)& d<d
rd dO 0

Fresist = {
0 Otherwise

(14)

where d is the distance to the obstacle or another
drone, d, is the safe distance threshold, k, is the
resistive force coefficient, and d is the unit vector in
the direction away from the obstacle or drone.

4.3 Al-driven Adaptive Learning

The adaptive learning layer improves the swarm
behavior by using reinforcement learning. It consists
of a state space, an action space, and a reward
function.

The state space (Ss) represents observations of
the environment at time t, such as position, velocity,
and the positions of surrounding drones and
obstacles. The action space (S,) for velocity control
as well as the reward function r(t) for a drone to
minimize energy while preventing collisions, the Q-
learning algorithm is used to update the Q-values
based on the received reward.

Qn = QO + A[T‘(t) + yMaxQn - QO] (15)

where, Q,, is the updated Q-value at (t + At) based on
the next state (Sg) and the next action (S,). Qg is the
current Q-value computed from the current state and
action. 1 is the learning rate, and y is the discount
factor.
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4.4 Performance Metrics

To evaluate the performance of collaborative drone

swarms, several performance measures are required,

including efficiency, safety, and coordination. The
following performance metrics are used in this
research to measure the system performance:

e Task Completion Time: The time it takes for the
swarm to accomplish a task (reach the
destination). Lower completion times indicate
greater efficiency in navigation and task
execution.

e Collision Rate: This is the number of collisions
per mission, normalized for the number of
drones. A high collision rate indicates an
inefficient obstacle avoidance approach.

5 Results and Discussion

This section includes a comprehensive examination
of the proposed system’s performance, including
simulation setup, model validation, parameter
sensitivity, and comparisons to cutting-edge
methods.

5.1 Simulation Setup

The system environment is set up as a 100mx100m

2D workspace with static obstacles (1 m radius) and

dynamic obstacles (2-4 m/s). To communicate among

drones, a mesh network is built with a 30 m range

and 20% packet loss simulated using the Bernoulli

distribution. The remaining simulation settings are

presented in Table 2. Three different scenarios are

being considered:

e Baseline: This scenario includes 5 drones and
two static obstacles.

e Scalability: This scenario considers 5-20 drones
and 5 static obstacles.

¢ High Obstacles: In this scenario, 10 drones, 10
static obstacles, and two dynamic obstacles are
included.

Table 2. Simulation parameters

Parameter Value
Drone parameters
Masse (m ) 1.2 Kg
Thrust (finrust) 15N

Drag Coefficient (k) 0.25 Kg/s
Physical Sensor Range (LIDAR) 10 m

Max Velocity (Vp,qx ) 10 m/s
Flocking Algorithm Weighting Coefficients

ki, ky, ks 0.5,0.3,and 0.2
Reinforcement Learning (RL) Parameters

Learning (1) 0.7

Discount Factor (y) 0.9

Source: created by the author
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The selected parameters reflect realistic
operational conditions for a quadrotor. The mass
(1.2 kg) corresponds to typical quadrotor platforms
reported in [22]. This helicopter has enough thrust-
to-weight ratio to generate lift; its drag coefficient is
expressed by the amount of drag needed to stabilize
the aircraft (0.25 kg/s). The learning rate of 0.7 (out
of 1) is sufficient to allow for fast convergence of
the values in the neural network and good stability.
The discount factor of 0.9 allows for favoring
rewards that are received in the far future over those
received immediately for dynamic missions.

5.2 Verification of Drone Dynamics Model
The analytical position model (Eq. 12) is validated
through simulations. The Initial conditions are:

Po =0, =2 ™M/s,a =0.208 and p = 22.31.
The results shown in Figure 3 indicate a strong
alignment between the simulated and analytical
drone dynamics, thereby verifying the model’s
accuracy. The root mean square error (RMSE) is
calculated as:

RMSE = \/[(1/1\/) 2 (Dsim — panalytical)z]’

with a result of 0.65 m. This low RMSE implies
minimal difference between the predicted and actual
positions, indicating the model’s accuracy in
tracking drone motion dynamics.

Position (m)

19'3[ — Simulation | 4
w— = Analytical

0 2 4 6 8 10
Time (s)

Fig. 3: Simulation Vs analytical solution

Source: created by the author

5.3 Statistical Error and Stability Analysis
To evaluate the robustness of the proposed
framework, Monte Carlo simulations were
performed over 30 independent trials with
randomized initial drone distributions and obstacle
placements.
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The RMSE between analytical and simulated
trajectories is defined as

\/[(1/1\0 2(psim - panalytical)2 ]

The average RMSE was 0.71 m (£0.12 m); the 95%

confidence interval for position error is [0.67 m,

0.75 m]. Sensitivity analysis further shows:

» Increasing the drag coefficient by 20% increases
task completion time by 8.4%.

* Reducing the learning rate from 0.7 to 0.5
increases the collision rate by 11%.

* Increasing communication latency by 15%
increases swarm cohesion distance by 6%.

These results demonstrate the stability of the
proposed approach under moderate parameter
perturbations.

5.4 System Performance Evaluation

The system performance of five drones flying across
an environment containing five static obstacles to
reach their final destination is simulated. Figure 4
and Figure 5 depict the random distribution of
drones and obstacles for a scenario and the
corresponding flights for the drones to complete the
tasks in that scenario. Task completion time: 36.12s.
The total energy consumed by all the drones in the
scenario is 12.99 kJ. Average total latency for all the
tasks in the scene: 42.5ms. Average cohesion for
each drone to its neighboring drones: 0.8358m.
Collision Rate for all the drones: 1.9.

Environment Area

100 X
"0
80
ol O
E
O
2
2 st u
> |
40
30 - [} |
o Drones Paosition
20 X Target Position
=0 i
10 L L s L I
0 20 40 60 80 100
X Position (m)

Fig. 4: The distribution of drones and obstacles
Source: created by the author
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Drones Motion Trajectories

100

Y Position (m)

Drone i Trajectory

Initial Position of Drone i
L L

) b
1] 20 40 60 80 100
X Position (m)

Fig. 5: Drones' motion trajectories
Source: created by the author

The Average collisions per drone, swarm

cohesion, average speed of a drone and energy
expenditures in Figure 6.

Collision Count

Collisions

200 300 500
Time (s}

Fig. 6: The average number of collisions per drone
Source: created by the author

1] 100

400

5.5 Impact of Swarm Size

Table 3 illustrates how increasing numbers of
drones in a swarm affect performance in terms of
the time required to complete a task (in seconds), in
a scenario containing 5 static obstacles. For 5
drones, the task was completed in 13.93s by all
drones, for 10 drones in 42.5s by all drones, for 15
drones in over 500s as they became congested, and
for 200drones in over 500s as they became
congested. The number of collisions for each
number of drones is 1.9 for 5, 1.56 for 15, and 1.88
for 20, showing a change from coordination of
drones to congestion. The energy required for each
number of drones in kJ is 12.99 for 5, 56.89 for 10,
143.10 for 15, and 293.35 for 20; the average
distance between drones in a swarm (cohesion) in m
is 0.84 for 5, 1.49 for 10, 2.13 for 15, and 3.70 for
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20. The latency in ms to process information for
each number of drones is 42.5 for 5, 45.8 for 10,
47.3 for 15, and 50 for 20.

Table 3. Impact of drone density
(static obstacles = 5, dynamic obstacles = 0)

Task Energy  Cohesio  Latenc

Comple Consum  n(m) y (ms)
#Dron  te- Collisio

e tion n Rate option
Time (kJ)
()

5 36.12 1.9 12.99 0.84 425
10 33354 1.78 95.69 2.64 45
15 >500 1.56 210.64 3.46 475
20 >500 1.88 293.35 3.70 50

Source: created by the author

Task completion time increases with swarm size
due to increased communication and trajectory re-
routing to avoid congested areas. With more drones
in the air, the space of possible collision-free motion
and the corresponding search space for possible
trajectories increase significantly. Even with
constant collision rates, the increased number of
interactions between drones for navigation purposes
affects mission time in a non-linear way and
highlights the typical trade-offs between swarm
scalability and performance.

5.6 Impact of Obstacles

Table 4 presents an analysis of the effect of obstacle
density on swarm performance, employing 10
drones across various static and dynamic settings. In
static-only situations, increasing the number of
obstacles from five to fifteen decreased task
completion time from 333.54 to 244.36 seconds.
This improvement shows that a moderate increase in
static obstacles creates structured navigation
channels that direct drones along predictable paths.
The number of collisions has increased from 1178 to
2.52 due to the restricted area for navigation.
However, the energy for the movement has
decreased from 109.75kJ to 83.19kJ (10 obstacles)
and increased to 94.76kJ (15obstacles) due to the
detours required for the course. The distance to the
cohesion partner has decreased from 2.64m to
1.97m, whereas the latency has increased from
45ms to 65ms. The task completion time has even
decreased from 150.29s to 116.03s (including
dynamic obstacles, 2 obstacles). However, with five
or more dynamic obstacles, job completion time
exceeded 500 seconds, indicating substantial
navigation delays due to constant route replanning.
Collision rates peaked at 2.97 with two obstacles but
declined to 1.19 as densities increased, indicating
that drones grew more cautious and modified their
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trajectories more conservatively. Energy
consumption increased to 168.68 kJ at 14 obstacles
due to repeated navigation, while swarm
cohesiveness remained at 3.24 m for both 5 and 14
obstacles, indicating stable formation despite
increasing environmental complexity. Latency
increased to 73 ms at high obstacle densities,
demonstrating the increasing processing load of
real-time obstacle detection and trajectory
corrections.

Table 4. Impact of drone density
(static obstacles = 5,dynamic obstacles = 0)

Lafi Alnufaie

energy consumption of the swarm of 25.34 kJ. This
model outperforms bio-inspired swarms in obstacle
avoidance, though further optimization is required
for scalability. We report 12-18% latency savings
and 9% improvement in collision avoidance over
hierarchical control, with substantial scalability in
the presence of a dynamic set of obstacles. The
results highlight the substantial benefits of a hybrid
framework that combines the strengths of a
decentralized control structure with the power of
reinforcement learning.

Table 5. Performance comparisons

Dynami (':I'ask Energy Colli  Laten
omp . Consu .
Mode c letion Collisio mption sion cy
| Obstacl Time n Rate (k) Rate (ms)
es
©)
5 0 33354 1.78 0.84 2.64 45
10 0 260.03 2.24 2.64 2.34 55
15 0 244.36 2.52 3.46 1.97 65
5 2 116.03 2.97 3.70 1.90 49
5 5 >500 1.19 2.64 3.24 55
5 14 >500 1.19 3.46 3.24 73

Source: created by the author

5.7 Different Scenarios Comparisons
The proposed system’s performance evaluation
across three scenarios is displayed in Table 5.

In the baseline scenario, the swarm takes almost
500 seconds to accomplish the task, with a collision
rate of 0.76. and energy usage of 95.44 kJ. Cohesion
remained at 2.69m, and latency was 36.5ms.
Compared to APF-based approaches, this
methodology delivers superior collision avoidance
and cohesion, but the task completion time is much
longer in complex scenarios (Figure 7, Figure 8 and
Figure 9).

In the Scalability Scenario, by increasing the
number of drones in the swarm to 5, the task
became more efficient. In this scenario, the time to
complete the task was 6.12 seconds. There were no
collisions, only a rate of 1.9. The energy used was
12.99KJ . For the 10-drone test, the time to
complete the task increased to 333.54Seconds.
There were collisions, 1.78meters worth. With 20
drones, the mission took over 500 seconds, with a
collision rate of 1.88, 293.35kJ of energy
consumption, and 3.70 m of cohesion. This
approach performs similarly to hierarchical and
distributed control techniques [28] but with lower
latency. It is also more scalable than reinforcement
learning; however, RL is superior in dynamic
obstacle scenarios.

The high-obstacle swarms scenario in the
evaluation report tested a scenario with 10Sstatic
and 2 dynamic obstacles. This scenario took 63.92S
to complete with a collision rate of 3.46 and a total

E-ISSN: 2224-2856
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Model on Obst. letion sion  umpti n (m)g)
e Time Rate on (m)
(©) (kJ)
Baseline 5 2 550 076 9544 269 375
scenario static
5 5. 36.12 19 1299 0.84 42.5
- static
Scalabili 5
sce;);rio 10 static 33354 178 9569 264 45
20 > ss00 188 %83 370 0
static 5
. 5
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Swarm Cohesion

860

Distance (m)
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Time (s)

Fig. 7: The distance to the swarm’s center for a
given swarm cohesion (as defined in the problem)
increases with drone density and illustrates

dispersion effects
Source: created by the author
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Mean Drone Velocity

Mean Velocity (m/s)

L
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Time (s)

Fig. 8: Mean drone velocity decreases with larger

swarm size.
Source: created by the author

Energy Consumption

Energy (kJ)

L L L
] 10 20 30 40 50
Time (s)

Fig. 9: The total energy of the system increases in a
non-linear fashion with the swarm size due to the

requirements of coordination and communication.
Source: created by the author

6 Limitations and Real-World

Implementation Challenges
Despite promising results, several limitations must
be acknowledged.

First, the framework is validated only through
simulation. Hardware-in-the-loop or real-flight
validation is required to assess sensor noise and
actuator uncertainty.

Second, onboard computational limits in small
UAVs may constrain the frequency of reinforcement
learning updates.

Third, communication packet loss was modeled
statistically but not experimentally validated under
real RF interference.

Fourth, energy consumption modeling does not
yet incorporate battery aging effects.

Future work will focus on real-world
experimentation and the implementation of
distributed onboard learning.

E-ISSN: 2224-2856
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7 Conclusion

Our proposed architecture for decentralized Al-
driven swarm control enables efficient collision
avoidance, scalable control of swarms of arbitrary
size, low latency, and high task efficiency. The
number of collisions is minimized for 10 and 20
drones to 1.78 and 1.88, respectively, and efficient
obstacle avoidance is achieved. Task completion
time reaches 36.12s for 5 drones, while for larger
swarms, completion time reaches up to 500s; thus,
there is a trade-off between scalability and
performance.The corresponding energy
consumption increases from 95.69kJ*10 = 956.9kJ
for 10 drones to 293.35kJ*20 = 5867kJ for 20
drones and thus needs to be optimized in the future.
The results are robust and can be applied in real-
world scenarios in the future.
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