ISSN 2522-9818 (print)

ISSN 2524-2296 (online) Innovative technologies and scientific solutions for industries. 2025. No. 4 (34)

UDC 629.735.3 DOI: https://doi.org/10.30837/2522-9818.2025.4.032

M. YENA, O. POHUDINA

INTEGRATED SIMULATION MODEL
OF Swarm CONTROL AND ADAPTIVE ROUTEING
OF UAVS IN A CHANGING AIR ENVIRONMENT

Subject matter: the processes of swarm control and adaptive routing of unmanned aerial vehicles (UAVS) in complex and
dynamically changing air conditions using adaptive algorithms. Goal: to develop an integrated simulation model that combines swarm
control methods, adaptive PID control and adaptive routing algorithms to ensure the safety, optimality and efficiency of UAV fleet
movement in conditions of a changing air environment. Tasks: to analyze existing approaches to swarm control and adaptive routing
of UAVSs; to develop a mathematical model of an integrated system that takes into account the specifics of interaction between UAVSs,
collision avoidance and dynamic changes in the air environment; to create a swarm control algorithm based on adaptive PID
regulation of UAV movement parameters; to develop and implement an adaptive routing algorithm that responds to changes in traffic,
weather conditions and other airspace factors; to implement the integrated model in a simulation environment and test its
effectiveness; to conduct a comparative analysis of the efficiency of UAV operation with and without the developed algorithms.
Methods: use of adaptive PID control methods for dynamic regulation of UAV movement trajectories and ensuring flight accuracy
and stability; application of swarm control algorithms (boids-type methods) for synchronization of movement and collision avoidance
in UAV groups; nonlinear optimization of routes taking into account dynamically changing conditions, which allows minimizing
collision risks, energy consumption and flight time; construction of a graph-theoretic model of airspace for effective route
planning and situation forecasting; creation of digital twins of the air environment for conducting simulation experiments.
Results: an integrated simulation model of swarm control and adaptive routing of UAVs was developed, which takes into account air
environment variables; adaptive PID control and swarm control algorithms ensured a reduction in the average positioning error and
collision avoidance of UAVs; According to the results of simulation experiments, an increase in the reward of agents by ~50%,
an increase in the successful completion of episodes by ~50%, and a reduction in agent errors on the way to the goal by ~10%.
Conclusions: created integrated model allows for effective management of UAV flotillas in conditions of a changing air environment,
significantly increasing the safety and optimality of routes; the use of adaptive algorithms and graph-theoretic models provides
high forecasting accuracy and risk minimization; the results of the study confirm the prospects for implementing the
developed algorithms for UAV control in urban and regional conditions.

Keywords: unmanned aerial vehicles; swarm control; adaptive routing; PID control; real-time data processing;
route optimization.

Introduction

The rapid development of unmanned aerial vehicles
(UAVs) and the growth in their use in civil and
specialized areas necessitate the creation of effective air
traffic management methods. This issue is particularly
relevant in urban and complex dynamic environments,
where the number of UAVs is rapidly increasing and
airspace is characterized by high density, changing
weather conditions, and limited resources. Effective
management of UAV fleets requires new approaches
that take into account group behavior, dynamic
response to changes in the environment, and the ability
to self-learn [1] (hereinafter, the term "agent" refers
to a single unmanned aerial vehicle in the model; these
terms are used synonymously in this paper).

There are currently numerous approaches to
optimizing UAV routes and coordinating their

movement: the use of theoretical graph models, nonlinear
optimization methods, evolutionary algorithms, collision
avoidance strategies, etc. [2]. However, most of them are
either focused on individual trajectory planning or do not
take into account the peculiarities of collective fleet
dynamics and adaptation to changes in airspace in real
time. This significantly limits their application for
automated control systems of a large number of UAVs
in real operating conditions.

To solve the outlined problems, the paper proposes
an integrated simulation model that combines swarm
intelligence, adaptive PID control, and dynamic routing
algorithms. The developed model makes it possible to
simulate the complex collective behavior of a group of
UAVs, ensure coordinated avoidance of obstacles and
collisions, and dynamically update routes in response to
changes in air and weather conditions. The proposed
approach is universal for various types of air missions,
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from monitoring and search and rescue operations to
logistics in urban environments.

Research objectives and tasks

The aim of the work is to develop an integrated
simulation model of swarm control and adaptive routing
for a group of unmanned aerial vehicles, which ensures
safe, optimal, and efficient movement of fleets in
a changing air environment.

The main criteria for the effectiveness of the
model are:

— minimization of the average distance to the target
for each agent (UAV);

— avoidance of collisions;

— ability to dynamically adapt to changes in airspace;

—stability and control even in complex and
turbulent conditions.

To achieve the goal, the following tasks must be
performed:

— analyze modern approaches to swarm control and
UAV routing;

—formalize a mathematical model of group
movement, taking into account the interaction of agents
(UAVSs) and dynamic changes in the environment;

— develop and investigate algorithms for collective
behavior and adaptive trajectory control;

— implement and test the model in a simulation
environment, compare its effectiveness with basic
approaches.

Analysis of recent research and publications

Over the past decade, the issue of UAV Traffic
Management (UTM) has been attracting increasing
attention from the scientific community due to the
prospects for the widespread use of unmanned aerial
vehicles in urban and regional airspace. Researchers
are focusing on developing models for decentralized
fleet management [3], route optimization, collision
avoidance, and the integration of artificial intelligence
into automated systems [4].

Among the most cited works in recent years are
those on modeling collective behavior (swarm
intelligence) for UAVs, which implement the Boids
approach and its modifications [5, 6]. Such models make
it possible to implement coordinated control of the
movement of a group of devices, adapt to dynamic
obstacles, ensure self-coordination, and avoid collisions.

Special attention is paid to the use of adaptive
controllers in UAV trajectory control tasks. Modern
research actively implements PID and LQR controllers
[7], which are capable of automatically adapting their
parameters to changes in the dynamics of the
environment [8]. However, most of the work focuses on
controlling single UAVs or small groups, while often
ignoring the effects of mass interaction and a large
number of agents in real airspace.

In the field of dynamic routing, graph models of
airspace have become widespread, allowing for effective
trajectory planning based on space topology, traffic,
and weather conditions [9]. The use of nonlinear
optimization =~ methods,  evolutionary  algorithms
(in particular, genetic algorithms, particle swarm
algorithms [10], etc.) and hybrid approaches helps to find
optimal routes in multifactorial scenarios.

Recently, there have been studies on the use of
reinforcement learning (RL) for routing and distributed
control of UAVs [11, 12]. RL approaches allow agents
to be trained to interact effectively with an unknown
environment, but the issues of stability and
interpretability of such systems remain open.

A review of the literature shows that, despite
significant progress in the development of theory
and tools for UAV traffic control, there is still
a lack of comprehensive models that combine adaptive
routing, swarm control, and the ability to integrate
real-time environmental variables. Accordingly, the
development and research of integrated simulation
models capable of combining these components
is a relevant scientific task.

Mathematical model
of swarm control and adaptive routing systems

Formalization of the task
of controlling groups of UAVs

This section presents a formalization of the problem
of collective control of a group of UAVSs in complex
airspace. The space in which the devices move is

modeled as a directed graph G =(V,E), where the set of

nodes V corresponds to key geographical or control
points (e.g., launch zones, target positions, or obstacle
avoidance points), and the edges E define the
permissible trajectories of movement between these
points [13]. This approach makes it possible to naturally
take into account the structure of the environment, the
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presence of restrictions, and variable movement
conditions. Each agent in this model, understood as
a separate UAV, is defined by three basic parameters:
spatial position, velocity vector, and a set of adaptive
PID controller coefficients. Formally, the state of
the i-th agent at time step t is defined as:

— x (t) — current position in the corresponding

coordinate system;
— V; (t) —speed of movement;

- b (t):[Kp,i7Ki,i’Kd,i:| -
parameters, which are adaptively adjusted for each
UAV taking into account changes in the environment.

The goal of control is to minimize the average
distance to target points for all agents (UAVSs) while
avoiding collisions and ensuring efficient routing in
complex and dynamic conditions. This approach allows
not only to coordinate group movement, but also to take
into account the individual characteristics of the
trajectories and behavior of each device.

The dynamics of agent movement are determined
by a system of differential equations that describe
changes in position and velocity, taking into account
the actions of control signals and random disturbances
(e.g., noise or turbulence). This makes it possible to
model the behavior of UAVSs in realistic conditions:

% (t+1) = x () +uy; (t)dt+7,, (1),
yit+) =y, (t)+ui,y(t)dt+77i,y(t)l

— resulting control actions (determined

vector of PID

@
where u;,, U,
by the control system); dt — time discretization step;
7;. — random component (noise, turbulence).

Swarm Control

Collective behavior is achieved using swarm
control, which is based on a modified Boids algorithm.
It takes into account three main components:

— cohesion — inclination towards the center of mass
of neighbors;

— separation — avoidance of collisions when
approaching other agents;

— alignment — aligning the direction of movement
with the nearest neighbors.

The summary control action of the swarm
component is determined as follows:

(t) = cralignment, x Scohesion, x yseparation,, (2)

uswarm

where «,fB,y — are selected or optimized during

simulations, ensuring a balance between group cohesion
and individual safety.

Adaptive PID control

To accurately follow the specified trajectories, each
UAYV is equipped with an adaptive [14] PID controller,
which takes into account not only the current error, but
also its accumulation and rate of change. The control
action of the PID is described by the equation:

) = K, e + K, Ofe@at+ K, O S, @)
wher e(t) — the current distance between the agent
and the specified target, and the derivative

de(t)/dt reproduces the change in this distance over

time; K, (t) — proportional coefficient of the PID
controller at time t, responsible for responding to the
current error; K, (t) — integral coefficient, compensates

for systematic error (accumulated error over time);
Kd (t) -
anticipating and responding to the rate of error change.

These parameters can be adapted, in particular,
using reinforcement learning, which helps to increase
resistance to external influences, turbulence, or changes
in the environment.

The proposed formalization makes it possible
to model the behavior of a group of UAVs in both
calm and changing airspace, ensuring the flexibility,
scalability, and adaptability of the control system
for solving complex tasks in modern aeronautics.

differential coefficient, responsible for

Routing model and route updates

In a dynamic airspace with variable factors such as
traffic, weather conditions, and the emergence of danger
zones, it is critical for the system to be able to quickly
update UAV routes. To do this, a graph model is used,
in which the vertices represent key points in the airspace
and the edges represent possible trajectories. At each
time step, the optimal route to the target is determined
for each agent (UAV) based on current information
about the state of the environment. Route optimization
consists of finding a path for which the total "cost"
of travel is minimal:

m argmin__, (Y e e 7o, (1)), 4)
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where w, (t) — current "cost” (delay, risk) of the edge e;

7 — possible route in the set of all permissible routes P .

The "cost® of an edge is determined
comprehensively: traffic levels in the area, weather
threats, flight restrictions, or no-fly zones are all
taken into account. With each change in the environment
(e.g., the appearance of a new obstacle or a change
in weather conditions), the routing model recalculates
the optimal path for each agent in real time.

This approach ensures the flexibility of the system,
allowing agents to quickly adapt to changing conditions
and minimize risks during missions.

L=W;(6 —&)— Wy, +T.

step success

where &, — mean average distance to target (MAE) per

step t; w,,w,

4 — Weight coefficients for progress and

penalties per step; I, — additional reward for

achieving the goal; I[condition] — indicator equal to 1 if

the condition is met, O otherwise.

The parameters of the reward function were
selected experimentally to achieve a balance between
speed and safety. In particular, an increase of
W, stimulates rapid convergence with the target,

but excessively high values can increase the risk of

collisions. The penalty w,,, limits the time to complete

the task, while the bonus .

weeess MOtivates the agent to
complete the mission rather than move in endless loops
near the target. Typical values of the coefficients used in

the experiments: w; =400.0 ; w,,, =0.2; T, =500.0.

step 1 Tsuccess

Analysis of the simulation results showed that this
reward function setting not only effectively reduces
MAE, but also ensures a high success rate (percentage
of goals achieved) at an acceptable level of safety.

Next, we will look how the described models
and criteria are integrated into a single management
system and what the architecture of the simulation
model looks like.

Adaptive Swarm+PID controller: algorithm

Reward function and performance criteria

xI[e, —g,]+T,

One of the key elements of the control system is
a properly designed reward function that guides agent
learning and influences their behavior strategy [15, 16].
The main goal of the reward function is to encourage
the agent to reduce the average positional error,

avoid collisions [17], effectively achieve goals,
and minimize resource expenditure on the route.
Within the current approach, the reward at

each step of the simulation is determined by the
following formula:

I [condition], ®)

ollision

At each step of the simulation, a total control
signal is formed for each agent i:

ui (t) = uswarm,i (t) +u pid, i (t)' (6)
where  Ug,mi(t) — collective behaviour vector
(alignment, cohesion, separation);

t
Ungi (1) = Ko (1) +K D& (r)+K,Ae (t)  —  PID-
r=0

regulation with dynamic adaptation of coefficients.

The controller's adaptability is ensured by dynamic
adjustment of PID parameters based on feedback, which
allows the system to respond flexibly to changes
in turbulence, the appearance of new obstacles, and
other external influences.

The logic of the combined controller (algorithm)

To ensure both coordinated collective behavior
and individual adaptation of each UAV in a variable
airspace, the proposed model uses a combined
controller. It combines the advantages of swarm
approaches with classic PID control and also includes
reinforcement learning mechanisms.

The sequence of actions for each simulation step
involves several stages.

1. Obtaining the state. The RL agent analyzes the
current state of the environment (St), which contains the
positions, speeds, and locations of targets, as well as
information about obstacles.

2. Generation of strategic action. The RL
agent determines the optimal actions for the swarm
module, i.e., generates signals for the collective
behavior of agents.

3. Collective coordination. The swarm module
coordinates the interaction between agents, ensures
collision avoidance, and maintains group integrity.

4. Individual adjustment. For each agent, a PID
correction is calculated based on the current position
error, after which a total action is formed.
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5. Status and reward updates. The system updates
the position of agents in space, calculates the reward
function, and proceeds to the next step of the simulation.

This  architecture  ensures  high  flexibility
and adaptability of the control system, allowing the
UAV to operate effectively even in complex and
dynamic conditions.

The next important stage of the research was the
design and implementation of the simulation model
architecture, which combines all the components
considered into a single system.

Simulation model architecture

To implement and test the proposed control
algorithms, a modular simulation architecture was created
that combines all key components of the system into
a single integrated environment. This approach provides
flexibility in conducting research, facilitates scaling, and
allows for in-depth analysis of the interaction of various
control elements in a variety of experimental scenarios.

The simulation model contains several specialized
modules, each of which plays a specific role in ensuring
the effective operation of the entire system. In particular,
the swarm control module (Swarm Controller) is
responsible for coordinating the collective behavior
of a group of UAVs. Based on a modified Boids
algorithm [18], it dynamically adjusts the speed and
trajectories of agents, promoting coordinated movement
and avoiding collisions.

In addition, an adaptive PID controller allows each
UAV to individually change control parameters
according to the current positioning error, environmental

changes, and accumulated experience. This mechanism
increases the stability and adaptability of the system to
various influences, including turbulence or the
appearance of new obstacles.

The graph router dynamically updates the optimal
routes for each agent, taking into account the current
configuration of the airspace, traffic, weather conditions,
and possible movement restrictions. This helps the
system to respond quickly to changes and optimize
trajectories in real time.

An important component of the architecture is the
reinforcement learning agent (RLA), which acts as the
"brain" of the UAV group. This agent analyzes the global
state of the system and generates strategic actions for the
entire group, constantly improving the policy based
on feedback and collective experience.

Interaction between modules is implemented
through a main control loop, in which the RL agent
generates strategic signals that are sent to the swarm
controller. The latter coordinates local actions between
agents, after which each UAV individually adjusts
its trajectory using a PID controller. At each step,
information about the current state of the environment,
such as positions, obstacles, turbulence, or other changes
in conditions, is sent to all modules. This ensures their
synchronization, adaptation, and the integrity of the entire
system's functioning.

This modular architecture not only improves the
efficiency of group control, but also makes it easy to
investigate the impact of individual components or
settings on the overall behavior of the fleet in various
simulation scenarios.

The model structure is shown in Fig. 1.

Swarm Controller

Adaptive PID Control

RL (PPO) agent

v

v

Swarm-controller

v

Graph-based Planner

Reinforcement Learning

v
Adaptive PID model

v
[Environment, Airspace,
Agents, Obstacles)
A
Fig. 1. (A) — basic module architecture;

(PPO Agent)
h 4
Dynamic route
4 planning module

[Reward, Observation,
Actions]

B

(B) — diagram of interaction between the RL agent, swarm controller, and PID controller in the task of routing

a group of UAVs
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This approach allows for the effective integration of
modern artificial intelligence algorithms with classical
control methods, which significantly expands the
possibilities for modeling and practical application
of the system.

The model is configured by selecting
hyperparameters for conducting a series of simulation
experiments.

Key hyperparameters (PPO, PID, Swarm)

simulation results is summarized in Table 1, which
facilitates a reasonable choice of configuration for
different tasks. This allows the system configuration
to be selected depending on the tasks and experiment
scenarios. It was this combination of hyperparameters
that provided the best results in terms of MAE,
success rate, and convergence speed for different
experimental scenarios.

Table 1. Hyperparameters and their impact

When configuring the combined RL+Swarm+PID
system, special attention was paid to the selection
of hyperparameters that determine the quality of training,
noise resistance, adaptability, and the -effectiveness
of UAV group coordination.

In particular, for a reinforcement learning agent
using the Proximal Policy Optimization (PPO) algorithm,
it was important to select parameters such as
learning_rate, ent_coef, clip_range, net arch, and
total_timesteps. For example, the selected learning
rate value (learning_rate = 0.0003) helped to find the
optimal balance between the speed of policy updates and
its stability: increasing this parameter led to instability,
while decreasing it led to excessively slow convergence.

The entropy coefficient (ent_coef = 0.05)
determines the agent's activity level: increasing this
parameter above 0.1 made the policy too chaotic, while
decreasing it slowed down adaptation to new conditions.
The parameter clip_range = 0.25 ensured smooth policy
updates, and the selected neural network architecture
(net_arch = [128, 128]) made it possible to effectively
approximate complex multi-agent strategies.

The PID controller parameters were adjusted
according to the need to compromise between quick
response to changes and control stability in complex or
noisy environments. Additional tests showed that overly
aggressive parameters negatively affect the result
in turbulent conditions.

The Swarm module was modeled using weight
coefficients (alpha, beta, gamma) that determined the
strength of alignment, attraction to the center of the
group, and collision avoidance. The introduction of
Gaussian noise (sigma_turbulence = 0.05) made it
possible to evaluate the robustness of the controller
in turbulent conditions.

All these parameters were selected empirically
based on numerical experiments with cross-validation.
The detailed influence of each parameter on the

Parameter Mean Impact
learning_rate 0.0003 | Speed of agent adaptation
ent_coef 0.05 Level of exploration
clip_range 0.25 Stability of learning
net_arch [128, 128] | Quality of policy approximation
Kp, Ki, Kd 1.0/0.1/0.01 | Stability and speed of PID control
sigma_turb 0.05 Realism of the model (noise testing)
total_timesteps | 100_000 sDel:ir:gg? ecfpl:re:rmn;r;]gzsfor each

Training was performed using a train-test scheme
with random initial positions to avoid overfitting. Each
model was tested on 30 independent episodes. Stability
was checked using cross-validation on different seeds.

The choice of parameters was justified by a series of
tests that showed that increasing ent_coef to 0.1 reduces
stability, and smaller networks ([64, 64]) worsen the
convergence rate.

The entropy coefficient allows the agent to explore
trajectories more actively in complex situations. Increasing
the number of neural network layers contributes to better
policy approximation in multi-agent cases.

Success criterion: an episode is considered
successful if MAE < 0.7 in 40 steps. The MAE threshold
value was chosen as a compromise between positioning
accuracy and time/resource constraints and was
confirmed by experiments.

The following experiments are based on the above-
selected system hyperparameters.

Research sequence

The effectiveness of the proposed system was
evaluated through a series of numerical experiments
implemented in a specialized simulation environment
developed on the basis of the Gymnasium platform.
The research was conducted according to a carefully designed
scenario that included several interrelated stages.

The first stage involved preparing the
environment, during which airspace was formed
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in the form of an oriented graph with specified nodes
(start, targets, obstacle zones) and edges denoting
possible movement routes. To increase the realism of the
simulation, random obstacles, high-risk areas, and
so-called no-fly zones were added. This configuration
made it possible to test the system's ability to adapt
to complex and unpredictable scenarios.

Next, the agents were initialized: a group of
UAVs was placed in random or predetermined starting
positions. Each agent received individual controller
parameters, as well as initial speed and orientation values.
This ensured diversity of behavior within the group
and made it possible to evaluate the model's ability
to coordinate flexibly.

The simulation consisted of sequential episodes,
in each of which the agents moved according to
a combined RL+Swarm+PID algorithm. At each step of
the trajectory, the trajectories were dynamically updated
to account for changes in the environment, interactions
between agents, and the presence of turbulence or
obstacles. Particular attention was paid to testing the
system's behavior under stress conditions, such as the
appearance of new obstacles or increased noise.

During the simulation process, key metrics were
collected: mean absolute error (MAE), success rate,
number of collisions, average number of steps to reach
the goal, and other performance indicators. Analysis of
these indicators provided an objective picture of the
system's performance.

To substantiate the advantages of the proposed
architecture, the results were compared with basic
approaches, in particular with classic PID control
without swarm control and reinforcement learning
elements. This comparative analysis helped to identify
specific advantages of the new model in terms of
robustness, flexibility, and convergence speed.

A separate stage was repeating the experiments
for different scenarios: the number of agents (from 1
to 10) was changed, the noise level, the number and
topology of obstacles were varied. To avoid overfitting,
a train-test scheme with random initial conditions
and cross-validation was used, which ensured the
reliability of the results.

This comprehensive approach made it possible
to comprehensively assess the stability and adaptability
of the developed control system in various operating
conditions, as well as to determine the influence
of individual parameters on the overall efficiency of
the model's functioning.

At each stage of the experiments, the influence of
the key hyperparameters of the RL agent, PID controller,
and swarm module on the main performance metrics was
analyzed separately: average absolute positioning
error, frequency of successful episodes, and system
robustness to external disturbances. The results of
comparing different configurations made it possible
to identify the optimal settings for achieving stable
model operation in various airspace scenarios.

Experiment results

To evaluate the effectiveness of the proposed
approach, numerical simulations were performed in
a self-developed environment based on the Gymnasium
platform. The experiment scenarios included both single
UAV flights and group interactions of up to 10 agents
in environments with varying amounts of obstacles and
noise levels. All models were trained for 100,000 steps
using pre-selected hyperparameters (see Table 1), which
ensured balanced learning dynamics and resistance
to noisy conditions.

The criterion for the success of the experiment
was to achieve a mean absolute error (MAE) of less
than 0.7 over 40 steps. This threshold value was chosen
based on previous studies as one that guarantees
approach to the target with minimal collision risk
and meets realistic requirements for positioning accuracy
in multi-component control systems.

Each model underwent a series of 30 independent
episodes, which made it possible to evaluate the statistical
stability, robustness, and reproducibility of the results.
Two approaches were tested to compare their
effectiveness: RL+Swarm (a combination of deep
reinforcement learning Proximal Policy Optimization
with swarm control) and a classic PID controller with
fixed coefficients. The evaluation was based on the
average MAE, the proportion of successful episodes,
the convergence rate, and adaptability to changing
environmental conditions.

Key evaluation metrics

A comparison of the total rewards of RL+Swarm
and Baseline PID is shown in Fig. 2.

As can be seen from the graph, RL+Swarm
demonstrates  significantly  higher  rewards for
most episodes.

The MAE values for each episode are shown in Fig. 3.
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Comparison of RL+Swamp and Baseline PID (Reward)
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Fig. 2. Reward comparison between algorithms
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Fig. 3. Comparison of MAE distribution per episode for both algorithms

The value of Mean RL MAE is 2.4, and Mean PID
MAE is 2.67. This means that the number of errors made
by agents on the way to the target for the RL algorithm
has decreased.

The percentage of successful episodes is shown
in Fig. 4.

The goal achievement rate for RL is 73.3%, and for
PID = 50%. This indicates that the proposed algorithm
achieves the goal approximately 50% more often.

The number of steps to the goal is shown in Fig. 5.

The analysis shows that RL+Swarm demonstrates
better adaptation to dynamic changes and learns more

effectively in scenarios with a changing environment.
At the same time, PID baseline reaches the goal faster in
terms of the number of steps, but has a lower success rate.

Fig. 6 shows a comparison of the movement of an
agent controlled by RL+Swarm (red line, Fig. 6, a) and
a classic PID controller (green line, Fig. 6, b) during
the first episode of the experiment, where the target
is marked as Goal.

As can be seen in Fig. 6, RL+Swarm demonstrates
a more straightforward and efficient path to the target,
while the PID controller deviates more often from
the shortest trajectory.
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Fig. 6. Typical trajectories of a single agent in an XY environment
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This analysis allows to visually assess the advantage
of the trained RL+Swarm model over the classical
approach, especially in complex or noisy environments.

Research results and their discussion

The results show that RL+Swarm demonstrates
a significantly higher total reward compared to the
PID controller (average 576.6 vs. 357.1). In MAE metrics,
RL+Swarm also outperforms PID: the average MAE
value was 2.45 vs. 2.67. The percentage of successful
episodes for the RL agent reached 73.3%, while for
PID it was only 50%. At the same time, the average
number of steps to the target is lower for PID, which
is associated with aggressive behavior, but at the same
time, there are more unsuccessful episodes (the agent
"flies” past the target or hits an obstacle).

The RL agent provides a significantly more stable
approach to the target under difficult conditions
(obstacles, noise), while the PID controller does not adapt
to dynamic changes in the environment. In general,
RL+Swarm takes better account of both individual
and collective movement characteristics, adapts to
dynamic changes and complex topologies, although
it sometimes requires more steps to reach the target.

The PID controller is easier to implement but
less resistant to obstacles and gets stuck in local
minima. Analysis of unsuccessful episodes showed
that the shortcomings of RL+Swarm are related to
strong noise, aggressive starting positions, or
insufficient training.

Conclusions

— Swarm intelligence (a collective behavior
algorithm modified by Boids) for coordinating
movement and avoiding collisions;

— Deep reinforcement learning (PPO) methods used
for dynamic real-time adjustment of control strategies.

For the first time:

— RL agent interaction with PID and swarm
controller for UAV routing tasks has been implemented;

— A reward function has been introduced that takes
into account progress towards the goal, penalties
for steps, collisions, and goal achievement, allowing
for a balance between speed and safety;

— A comparative analysis with classic PID control
was performed, and performance metrics (MAE,
reward, % of successful episodes, number of steps

to the goal) were presented for representative
experimental scenarios.
—The influence of wvarious RL and PID

hyperparameters, as well as external factors (noise,
obstacles) on the result was investigated.

Comparison with analogues (shown in Table 2)
demonstrates that the proposed approach provides:

— an increase in the proportion of successful
episodes by 20-35% compared to the baseline PID;

— a reduction in the mean error (MAE) and
more stable agent behavior in the event of changes in
external conditions.

Table 2. Comparison of the proposed algorithm with
the classic PID

The paper proposes and investigates an integrated
simulation model of swarm control and adaptive routing
of a group of UAVs in a dynamic air environment.
Numerous experiments confirmed the effectiveness
of the proposed approach according to a number of
metrics: average reward, MAE, and proportion of
successful episodes.

Scientific novelty of the work

In this study, for the first time, a hybrid approach
is proposed for collective control of a group of UAVs
in a dynamic air environment, combining:

— adaptive PID control with parameter optimization
through gradient or evolutionary mechanisms;

Metrixes | RL+Swarm Pl D Result
Baseline

Mean reward 576.6 357.1 |RL advantage: = +61%

Mean MAE 2 45 267 RL advantage: less error
on the way to the goal
RL advantage: almost

Success Rate 73.3% 50.0 % |50% more successful
episodes

Steps to goal 26.8 19.4 RL agent takes more
steps on average

As can be seen from Table 2, the proposed approach
demonstrates a significant increase in performance
indicators.

Limitations and prospects

The main limitations of the study are the need
for large computing resources for training, as well as
the potential complexity of scaling to larger groups
of agents in real-world conditions. Further research
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is planned to focus on optimizing the reward Practical significance of the results achieved
function, hybridization with other planning algorithms,
testing on more complex topologies, and conducting
field experiments.

Application of the proposed architecture for
monitoring systems, logistics, search and rescue operations,
as well as in urban mobility scenarios (Urban Air Mobility).
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€na Maxcum BikropoBnu — HamionansHuii aepokocMiuHuil yHiBepcuteT "XapkiBChbKHMH aBiamiHHH iHCTHUTYT', acmipaHT
Kadenpy iHpopMaIiifHIX TEXHOJIOTiH MPOEKTYBaHHs, XapKiB, YKpaiHa.

Horyaina Onasra KocTAHTHHIBHA — KaHAWAAT TEXHIYHUX HayK, MOLEHT, HamioHadbHWH aepOKOCMIYHHH YHIBEPCHTET
"XapkiBCchbKUH aBialliitHUI IHCTUTYT", TOLEHT Kadenpu iHpopMaiiHIX TEXHOJIOT1H MPOEKTYBaHHsI, XapKiB, YKpaiHa.

THTETPOBAHA CUMYJISAIIAHA MOJEJIb
POMOBOI'O YIIPABJIIHHA M ATAIITUBHOI MAPIIPYTHU3AIIII BiJIA
B YMOBAX 3MIHHOTI'O ITIOBITPAAHHOI'O CEPEJOBHIIIA

IIpenmeT mocaixKeHHST — IPOIECH POHOBOTO YHPaBIiHHS i afanTUBHOI MapuIpyTH3alii Oe3NiIOTHUX JiTansHuX amapatiB (brJIA)
y CKIagHMX 1 IUHAMIYHO 3MIHHHX IOBITPSHHX yMOBaX 13 BHUKOPHUCTAaHHAM aJalTUBHUX aJropuTMiB. Mera — po3poOuTH
IHTErpoBaHy CHMYJIALIHHY MOJENb, L0 TOEIHYE METOAW POMOBOTO YIpaBIiHHs, amantuBHOro PID-KOHTpoOdIO Ta anropuTMiB
aganTHBHOI MapmipyTu3amii s 3abes3medeHHs Oe3mekw, ONTHUManbHOCTI i edekTtuBHOCTI pyxy ¢umotwmiid brnJIA B ymoBax
MIHJIUBOTO TOBITPSIHOTO CEpeloBUINA. 3aBAaHHS: TMPOAHATI3yBaTH HAasBHI MIAXOOW JO POHOBOrO YNPAaBIiHHSA Ta AJalTHBHOL
Mmapmpyt3anii BbriJIA; po3pobutH MareMaTH4YHY MOJedb IHTETPOBAHOI CHCTEMH, sKa Oepe JO yBarm OCOOIMBOCTI B3a€MOJil
Mk bnJIA, yHUKHEHHS 3iTKHEHb Ta JUHAMIUHI 3MIiHH IOBITPSHOTO CEPENOBHINA; CTBOPUTH aJITOPHUTM POHOBOTO
YOpaBiliHHA, OCHOBaHWI Ha anjantuBHoMy PID-perymioBanHi mapamerpiB pyxy bmnJIA; po3poOut Ta BHOPOBAJAUTH
ITOPUTM aJalTHBHOI MapHIpyTH3alii, MO pearye Ha 3MiHH TpadiKy, MOTOTHHX YMOB Ta IHIHMX (PAaKTOPIB MOBITPSHOTO
NPOCTOpPY; peayi3yBaTH IHTErPOBaHy MOJENb Yy CHUMYJLIHHOMY CEPEJOBMINI Ta IPOTECTyBaTH 1i  eQEeKTUBHICTb;
NpoaHaNi3yBaTH i MOpiBHATH edexTHBHICTH podoTH BrJIA 3 po3pobnenumu anroput™vamu Ta 6e3 HUX. MeTOAM: yHIpOBaJUKEHHS
MeTOoAiB amanTuBHOro PID-KOHTpomO A [OWHAMIYHOTO PETYJIIOBaHHS TpaekTopii pyxy bBmJIA Tta 3abesneueHHs
TOYHOCTI M CTaGiIBHOCTI MOJIBOTIB; 3aCTOCYBaHHS aJITOPHTMIB POWOBOro ympaBiiHHs (Meromu Tumy boidS) mms cunxpoHizarii
PYXy Ta YHHKHEHHs 3iTKHeHb y rpymax bmJIA; HemiHiiiHa omnTHMi3amis MapIIpyTiB 3 OIJISIy HAa JAWHAMIYHO 3MiHHI YMH,
[0 Ja€ 3MOTYy MiHIMI3yBaTH pPH3UKH 3iTKHEHb, BUTpPAaTH €Heprii Ta uac MojboTy; moOyaoBa TeopeTHko-rpadoBoi momeni
HOBITPSHOrO MPOCTOPY JUisi  e(QeKTHBHOrO IUIAHYBaHHS MapUIpyTiB 1 TNpPOTHO3YBaHHS CHTYallili; CTBOpeHHS UH(PPOBHX
IBIHHUKIB ~ TOBITPSHOTO  CEpPelOBHINA JUI TNPOBEIEHHA CHUMYJLALIHHMX  eKcliepuMeHTiB. PedyabTaTH:  po3poOieHO
IHTErpoBaHy CHUMYJLILIHHY MOJeNb POHOBOTO YHpaBIiHHA Ta amantuBHOl Mapmpytu3anii brJIA, sxa 3Baxae Ha 3MiHH
HOBITPSHOTO CEpeIOBUINA; AITOPUTMH ananTUBHOrO PID-KOHTPOSMIO Ta pPOWOBOrO yMpaBiHHA 3a0e3MEYMIIM  3MEHIICHHS
cepeqHbOi MOXMOKM TO3WLIIOBAaHHI Ta YHHKHeHHs 3iTkHeHb bnJIA; 3a pesynbraramMu CHUMYJIALIHHUX —E€KCIIEPHMEHTIB
JIOCATHYTO 30LJbIICHHS HAropoju areHTiB Ha =~ 50%, 30UIbHICHHS YCIIIHOTO 3aBEpUICHHS emi3oaiB Ha =~ 50%, a Takox
3MCHIICHHS TOMWIOK areHTiB Ha nuUsaxy 10 wimi Ha <~ 10%. BHCHOBKH: CTBOpeHa IHTErpoBaHa MOJENb JIa€ 3MOTY
e(peKTHBHO ympaBiaTH QuotunismMu brnJIA B ymMoBax MiHJIMBOTO MOBITPSHOTO CEpEIOBHINA W BOAHOYAC 3HAYHO IiIBUIIUTH
0e3neKy Ta ONTUMANBHICT MapLIPyTiB; BHKOPHCTAaHHS aalTUBHUX AITOPUTMIB i TeopeTHKO-TpadoBUX Mopeneil 3abesnedye
BHCOKY TOYHICTh TPOTHO3YBaHHS Ta MIiHIMI3aIlll0 PH3HKIB, pPE3YyJNbTaTH IOCTIHKEHHS MiATBEPKYIOTh TIEPCIEKTHBHICTD
YIPOBADKEHHSI PO3POOJICHUX alNrOpUTMIB 1Sl yripaBiiHHs BriJIA B MiCbKHUX 1 perioHabHUX YMOBaX.

KuarwuoBi ciaoBa: Oe3miIOTHI JTiTANBHI amapaTH; pPOWOBE YNPABIIHHS; aJalTHBHA MapuipyTusaiis; PID-perymoBaHHs;
00pobnenHs iHpopMaLii B peaJbHOMY Yaci; ONTHMI3allisl MapIIPYTiB.
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