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Abstract—This work is devoted to solving the problem of restructuring the structure of a drone swarm
from one topology to another. A hybrid topology is proposed that combines global centralized assignment
of target positions with local potential control of each drone. Attractive and repulsive fields are used for
safe maneuvering, while periodic global coordination ensures optimal distribution of roles. A
mathematical model, rules for forming control influences, and convergence criteria are presented. The
implementation of the proposed hybrid methodology is based on the sequential interaction of a global
optimizer that determines the target positions of the swarm and a local potential regulator that ensures
safe convergence of drones to these positions. Calculations are performed in discrete time steps with
periodic restart of the global planner in case of a task change, the appearance of obstacles, or the loss of

individual devices.
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I. INTRODUCTION

Swarms of unmanned aerial vehicles (UAVs) are
increasingly becoming an integral part of modern
military, commercial, and research operations,
providing new opportunities for the interaction of
multiple autonomous systems. This integration of
drones into a single network significantly increases
the flexibility and reliability of their use, as the
simultaneous involvement of dozens or hundreds of
drones allows for the coverage of large areas for
monitoring, reconnaissance, and rapid delivery of
goods [1], [2]. At the same time, the swarm
configuration can be adapted to specific tasks or
environmental conditions, which ensures high
efficiency and effectiveness.

The most advanced research in this area covers
decentralized control methods, where each drone uses
only local information and interactions with close
neighbors, as well as approaches with centralized
trajectory planning, when there is one or more
"master" nodes (leaders) [3], [4]. However, regardless
of the specific algorithmic approach, the problem of
flexible and reliable reconfiguration of the swarm in
real time remains an urgent one. Such reconfiguration
includes the selection of a new drone topology (e.g.,
transition from a "star" to a hierarchical structure) and
the adjustment of individual UAV routes, taking into

account safety factors, energy consumption, and
mission changes [5].

In view of this, current research focuses on the
development of coordinated swarm reconfiguration
mechanisms that would minimize the risk of
collisions, the time to transition to a new
configuration, and the overall cost of resources.
Attention is also paid to the system's resilience to
individual device failures, since in a decentralized or
hybrid control environment, it is critical to ensure
the swarm's functioning even in the absence of
individual drones or lost communication channels
[6]. In addition, when transitioning between
different formations, it is necessary to optimally
distribute the roles of leaders, determine their
number and rules of interaction with followers to
avoid bottlenecks in the network [7].

Thus, research in the field of drone swarm
reorganization goes beyond simple route planning
and includes interdisciplinary aspects: from
mathematical models of autonomous agent
interaction to self-organization mechanisms and
artificial intelligence. It is a comprehensive analysis
of existing topologies, reconfiguration algorithms,
and the proposal of our own approach to the
formation and reconfiguration of swarms that are
crucial for improving the operational capabilities of
unmanned aerial systems in modern conditions.
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II. PROBLEM STATEMENT

Reorganizing a swarm of unmanned aerial
vehicles into different formations is a critical
component of modern multi-drone systems, as it is
the ability to quickly change the geometry of a group
that determines the success of complex missions in a
dynamic  environment. Changing operational
requirements, the emergence of new obstacles, or the
sudden loss of individual vehicles require an instant
transition from one topology to another to maintain
coverage, minimize the risk of collisions, and ensure
the stability of the communication network.

Studies show that even in narrow corridors, an
adaptive V-shaped configuration with adjustable
wing flap angle can successfully overcome obstacles
and maintain the swarm's aerodynamic efficiency
[1]. While traditional static schemes often fail in
such conditions. In the case of hierarchical structures
such as leader-follower, the key is to ensure
continuity of control after the leader's failure; in
practice, this is solved by immediately redistributing
roles and updating the communication topology,
which demonstrates an increase in system
survivability and a reduction in downtime [3].

Flight experiments with the "line — triangle"
formation confirm that vertical separation and
gradual displacement of drones reduce the likelihood
of collisions and allow the maneuver to be
performed without losing control of the formation
[2]. The availability of algorithms that ensure safe
altitude reconfiguration is especially important in
complex environments where horizontal
maneuvering is limited.

In modern experimental environments, more and
more attention is paid to the ability of a swarm to
adapt to the emergence of new vehicles or the loss of
existing ones through event-driven reassignment of
goals and roles. This requires algorithms that
combine global planning with real-time local
response [4], [5].

Thus, the relevance of the restructuring problem
lies in the need to create universal algorithms that
can guarantee a safe and energy-efficient transition
between formations in real time, which, in turn,
directly affects the efficiency, scalability, and
reliability of modern UAV swarms.

Controlling a swarm of drones (UAVs) is
complicated by many interdependent factors: from
the interaction of each UAV with the environment
and its neighbors to the global mission requirements.
In particular, when the operational task or
environmental conditions change, there is a need to
rebuild (reconfigure) the formation — to move from
the current swarm topology to a new one, taking into
account the new conditions.

1) Flight safety, which requires maintaining the
minimum permissible distances between aircraft
during the adjustment process:

x(1)-x,(1)=8,,, Vi#j,te[0,T], (1)

where & is the allowable safety distance.

2) Minimize time and trajectory costs. The total
cost of restructuring should be minimized. Formally,
the objective function can be represented as a
weighted combination of time and resource
consumption:

J- _ﬁi(”x,. Of +ole (). @

i=1

where X, is the speed: X, is the is the acceleration of
the ith UAV; p>0 is the weighting factor for
dynamic costs.

Fault tolerance. The swarm should remain
functional after the loss of a subset of agents
Lc{l,..,N}, that is, to
reassignment of target positions to other drones
{L,.,N}]\L for the new plan X*, that satisfies

conditions 1-2.

3) Variability of topologies: The ability to
transition between different classes of geometric
formations (e.g., from chain to V-shaped, or from
hierarchical to grid) should be provided. Each such
formation has a parametric representation:

X°(0)=F(0), 6eR", 3)

ensure automatic

where 0 is a vector of parameters (e.g., radius,
opening angle, number of rows); and F is the
functional transformation that defines the structure
of the target formation.

4) Consistency of local and global decisions.
Local control of the agent is carried out through the
potential field:

U (x,)= %a”xi —x,.*Hz +ZW(HXI' —-X;
J#i

) @

where the first term ensures approaching the target,
and the second term ensures avoiding collisions. The
control is defined as a gradient descent:

u, =—kV, U, (), (5)

5) Limitations on global optimization: within the
hybrid architecture, the global module calculates the
optimal set X", solving the problem of minimizing
the functional:
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rr)l(ing:“xi* + X, (O)H;I + XZ‘ x =x . (6)

i<j
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WZ
where W), W, are weight matrices; A is a coefficient
that penalizes close locations of target points that
may violate condition 1.

Thus, the mathematical formulation of the
problem is reduced to a multi-level optimization, in
which the global level determines X, and local
guarantees safe and convergent control to this set.
The use of such a structure corresponds to modern
approaches to decentralized or hybrid control in
UAV swarms [1] — [3], ensuring scalability,
survivability, and flexibility of the system.

TABLE L.

111 RELATED WORKS

The current scientific and applied literature
describes a wide range of geometric configurations
that UAV swarms use depending on the nature of the
task, environmental conditions, and safety
requirements. The analysis of these sources shows
that each formation has clearly defined advantages
and limitations, and thus its choice significantly
affects mission efficiency, power consumption, and
fault tolerance of individual vehicles [1] — [5]. The
results of this analysis are summarized in Table I,
which systematizes the most commonly used
formations and their functional purpose.

SYSTEMATIZATION OF THE MOST COMMONLY USED FORMATIONS

AND THEIR FUNCTIONAL PURPOSE

Type of formation

Definition

The letter V

Increased maneuverability and visibility during flight in gorges, narrow corridors
and dense obstacles; reduced acrodynamic drag at the cruise stage [1], [6].

Line objects [2], [7].

Transit along narrow routes, initial formation after takeoff, patrolling roads or linear

A tricut, a "wedge"

Tightened reconnaissance and search in a small area; increased strike concentration
in the center of the formation[2], [8].

Increasing the recognition area or strike force by grouping units; convenient

Hierarchical delegation of commands through a multi-level structure [3], [9].
Creation of a distributed communication network that maintains communication in
Grid case of node failure; large-scale monitoring or communication support in an area
without ground infrastructure [4], [10].
Chain Sequential inspection of narrow tunnels/corridors; data transmission by "relay"

between remote sectors [5], [11].

Leader V shape with self-

configuration corridors [1], [12].

Infrastructure patrolling, avoidance of static and dynamic obstacles in narrow

Scattered formation after
the loss of the leader

of the main UAV [3], [13].

Maintaining controllability and restoring topology in the event of a crash/destruction

Three key areas have emerged in the scientific
literature that define the current state of swarm
reconfiguration methods. The first area is based on
the Leader-Follower principle, when one or more
drones act as a leader, and the rest adjust their
trajectories based on its position and data from the
nearest neighbors. The advantage of this approach is
its simplicity of implementation, but the stability of
the system depends on the ability to quickly replace
the leader in case of its loss. For this purpose, a

hierarchical rule base is used Hierarchical Belief
Rule Base (HBRB) [3], that takes into account the
spatial location of candidates, energy reserves, and
communication quality. After selecting a new leader,
the network topology is automatically rebuilt, and
the relative coordinates of each drone are refined in
accordance with the new geometry.

Further stabilization is carried out by consensus
law

u == K ! (6-a+A)~(0,- 0 +A,) |- XK. (p,-p,)-Ki (6, -4 +A) =K, (= 2,)s (D)

JeN;
where ¢,,p; denote coordinates and velocities,

respectively ith drone; g, p, are the parameters of

the leader; and K1 ... K4 is the matrix of positive
(semi-) definite coefficients.

JeN;

The second direction demonstrates self-
configuring V-shape formations where the swarm
changes the angle of wing opening in narrow
corridors. Each agent calculates a local control vector
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P =u;, ®)

. {ugi +u, +u,+u,, fortheleader,

=
u,+u,+u,+u,, forthe follower,

where u,, is responsible for moving towards the
global goal; u, — for the maintenance of the

formation; u, — for orientation alignment; u, — for
maintaining the distance between drones; and u,, —

for obstacle avoidance [1].
To deviate from an obstacle, the thrust vector is
user

1 1 =D,
0, - _ka{_f_JM,
dih T |pi ~ Pa |

where d,, is the distance to the obstacle; 7, is the

(10)

radius of the sensing area.

The third area combines Model Predictive
Control (MPC) with Particle Swarm Optimization
(PSO). Each UAV solves a local problem of a finite
horizon

minJ, = 3.1 1 p, (k)= pI (k)1

+ 3, (k) [,

where H is the horizon length; Q, R are weight
matrices. The PSO population is used to globally
adjust the resulting MPC trajectories, reducing the
total formation error and the probability of conflicts
[5]. The PSO algorithm retains the classical rules for
updating particle velocities, but the fitness function
integrates energy consumption and safety criteria.

The strategies proposed in the literature
demonstrate that the combination of local rules and
global optimizers provides the best combination of
performance, security, and scalability, which is fully
consistent with the concept of the hybrid
methodology outlined in this article.

(11)

IV. PROBLEM SOLUTION

The methodology underlying this study is based
on the integration of two complementary levels of
governance: global planning and local potential
regulation. The global level is responsible for the
optimal distribution of roles and target positions
within the selected formation, while the local level
ensures the safe maneuvering of each drone using
attractive and repulsive fields.

Global planning. At the initial stage, a vector of

target coordinates is formed x” [x]* ,...,x:,] , which

minimizes the functionality

N
J=;\

where J is the objective function to be minimized.
This function represents a balance between two
goals: minimizing the total movement of drones and
maintaining a safe distance between them in the
target configuration; N is the number of unmanned

aerial vehicles (drones) in the swarm system; x, is

* * -2
X =%, (12)

X +x,.(0)”; 1Y)
i<j

the vector of target coordinates of the ith drone,
determined by the global optimizer at the swarm

rebuilding stage; x,(0) is the vector of the initial

coordinates of the ith drone before the start of the
X —xjHWZZ is the weighted square of the
Euclidean distance between the initial and target
position of the ith drone, which reflects the energy
consumption for movement; W, and W, are positive
definite weight matrices; A > 0 is a compromise
coefficient; the first term describes the total path to a
new formation, and the second term is a penalty for
potential conflicts. The minimization problem is
solved by a modified particle swarm algorithm,
where the speed and position of each candidate
particle are adjusted to take into account constraints
on the energy reserve and topological connectivity
of the network.

For each UAV, a total potential is formed, which
is a mathematical scalar state function that evaluates
the "energy profitability" of the drone's current
position relative to the desired location and its
neighbors. This potential consists of two
components: an attractive one that pulls the vehicle
toward its target point, and a repulsive one that
models interagent interaction to avoid collisions.
The potential function allows us to build the control
in the form of a gradient descent, which guarantees
convergence to the configuration with the minimum
total potential energy, i.e., to the desired formation.

2
+ 2w -x,
J#i

where U,(x;) is the total potential of the ith drone,

which determines the measure of "energy
profitability" of the current drone position relative to
the target point and other agents; \alpha is a positive
coefficient that determines the intensity of attraction

rebuilding;

1

U.(xl.) =%a”xi —xl.*

) a3

to the target position; \V(Hxi—xju) a repulsive

potential function that models the interaction
between agents to avoid collisions. It increases
sharply as the distance between drones decreases,
thereby ensuring a safe distance between them; the
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first term attracts the drone to the designated point,
and the second prevents approaching below the safe
distance d_; . The control signal is determined by

the gradient descent
(14)
(15)

The system constantly monitors status indicators
(remaining charge, loss of connection, interference).
If there is a deviation beyond the specified threshold,
a repeated global planning cycle is initiated with an
update x".

The restructuring is considered successful when

for all i”xi —xf”< ¢ and Hxl. —xjHZSmm. If the time

u, =—kV U, (x,),

X =U;,

limit \bar{t} is exceeded, the algorithm switches to
emergency stabilization mode with a safety priority.

The proposed two-layer architecture provides a
quick response to global mission changes while
guaranteeing local security and swarm fault tolerance,
which fully meets the research goals of dynamic and
reliable reconfiguration of multi-drone formations.

The implementation of the proposed hybrid
methodology is based on the consistent interaction of
a global optimizer that determines the target positions
of the swarm and a local potential controller that
ensures the safe approach of drones to these positions.
The calculations are performed in discrete time steps
with periodic event-driven restarts of the global
planner in the event of a task change, obstacles, or
loss of individual drones. All values below are
presented in the same inertial coordinate system;
vector variables are denoted in bold.

x(0) :[x] (0),...,xy (0)] is the vector of initial
coordinates of all N drones. The optimal vector of
target points x :[x,* ,...,x:,] is determined by

minimizing a function that combines the transition
length and the penalty for possible conflicts between
target positions:

N
J=;\

The first term minimizes the total path of the
swarm, the second provides the minimum allowable
distance between the target points; W, W, are
positive definite weight matrices; A > 0 is the
coefficient of compromise. The minimization
problem is solved by a modified particle swarm
algorithm, where the speed and position of each
candidate particle are adjusted to take into account
constraints on the energy reserve and topological
connectivity of the network.

* *72
x=x.. a6

X' +x,.(0)”; 1Y)
i<j

After fixing x* each device switches to local
control mode. For the ith drone, the total potential is
entered U;, which consists of attractive and repulsive
members.

The attractive potential is given by the quadratic
form

U,

1 .
ai = 0llx = ||2: (17)
2
where o >0 is the convergence coefficient. Repulsive
potential describes the interaction with all other

agents:

Ui = 29 (5= x,]): (18)
j#i

where y(r)=(-5_)° for r <R, and zero
otherwise; o . is the minimum safe distance; R, is
the repulsion range.

Total potential
U, =U,, +U,

rep,i ?

(19)

The control signal is determined by the gradient

rule
u,=—kV U, (20)

where k > 0 is the reaction constant. In the expanded
form

u =tas )43V, w(ls—x ). @
i

The dynamics of the apparatus movement in
discrete time is described by the equations

v, (t+At) =v, () +u, ()AL, (22)

X, (t+ A1) = x, (1) +v,(t+ At)At, (23)

The system continuously monitors the battery
level, the integrity of communication channels, and
the presence of new interference. If an event is
detected that goes beyond the permissible limits, a
repeated global optimization cycle is initiated, during
which x;, ast is refined and, if necessary, new

leaders are appointed. This event-based mechanism
allows the swarm to adapt to changes without
significantly increasing the computational load.

The restructuring is considered complete when a
dual condition is met: first, for all deviations

Hxl. - X H less than the specified error &; Second, the

distance between all pairs of drones is not less than
d.... If the time limit is reached 7 and the
conditions are not met, the algorithm switches to
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emergency stabilization mode, which prioritizes the
safe dispersal of the swarm.

V. CONCLUSIONS

The  proposed  approach to  dynamic
reconfiguration of a drone swarm aims to combine
the efficiency of local control and the consistency of
global planning, which allows achieving formally
justified trajectory optimality while maintaining
flight safety and the swarm's ability to self-heal in the
event of failures. The algorithm is based on the use
of potential functions that are designed to both avoid
collisions and orient drones to new target points in
the corresponding formation. At the same time,
periodic or event-driven updates of global parameters
(target positions, roles of leaders) allow for sudden
changes in the situation and the current mission.

The applied methods allow:

1) Respond quickly to local threats (thanks to
repulsive fields).

2) Align global swarm goals (due to periodic or
mission-initiated centralized optimization).

3) Ensure resilience to the loss of individual
drones by wupdating the distribution of target
positions and potentially reassigning roles.

Simulated experiments demonstrate that the
approach is scalable for different swarm sizes while
maintaining acceptable computational complexity
(mostly O(N?) for operations with potentials) and
allowing to guarantee the minimum permissible
distance intervals between drones. With possible
modifications, such as dynamic determination of
weights in potential functions or the use of machine
learning to predict the movement of obstacles, this
methodology can serve as the basis for real-world
multilevel swarm control systems.
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B. M. Cuneraasos, /I. B. Tapanos. I'iOpuana mertomosioris mepe0yaoBH poI0 JPOHIiB HA OCHOBi JOKAJLHHUX
MOTeHIiATIB Ta IJ100aJIbHOI KOOPAMHALT

Jlany poOOTy NpHCBSYEHO BHPINIEHHIO 3a/adi MepeOyIoBU CTPYKTYPH POIO APOHIB 3 OnHiei Tomosorii Ha iHIIy.
3anporoHOBaHO TiOPHUIHY TOIOJIOTiI0, IO MOEAHYE TJI00abHE IEHTPATi30BaHE MPU3HAYCHHS IUIOBHX MO3HMIIHN 13
JIOKAJIbHUM IOTEHIITHUM KepyBaHHSM KOXXHOT'O JPOHA. BHKOPUCTOBYIOTHCS IPUTATYBAIIBHI Ta BiJIITOBXYBAIbHI OIS
Juisi Oe3NMEeYHOr0 MaHEeBpPYBaHHS, TOAl SIK IepioJuyHe TiIo0alibHEe Y3TOIDKEHHs 3a0e3redye ONTHMAbHUHA PO3IOJIiI
pouneii. HaBeneHo MareMaTHuHy MOJeNb, NpaBuia (POPMYBaHHS KEpYOUHX BIUIMBIB 1 KpuTepii 30ikHOCTI. Peamizaris
3aMpONIOHOBAHOI TiIOPUIHOI METOAOJIOTI] IPYHTYETHCS HAa TIOCHIZOBHIN B3aeMOIil TIOOAITBHOrO ONTHMI3aTopa, M0
BU3HAYa€E ITHOBI MO3HUIII POIO, 1 JIOKAIFHOTO MOTEHIIIHHOTO PETyYISTOpa, KUl 3a0e3neuye Oe3rnedHe 30IKeHHs IPOHIB
JI0 X No3UIiid. OOYHCIEHHSI BUKOHYIOTBCS Y AUCKPETHHX YaCOBHX KPOKaX i3 MEPIOANYHHUM IIEPE3aITyCKOM TII00aIEHOTO
TUTAaHYBaIbHUKA Y pa3i 3MiHU 3aBJIaHHSI, TIOSIBU MEPEIKO]T 200 BTPATH OKPEMUX arapaTib.
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