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Abstract

Unmanned aerial vehicle swarms are increasingly deployed for tasks that require cooperative motion and agile adaptation
of formation patterns. In realistic low-altitude environments, the dynamics of each vehicle are significantly influenced
by spatially and temporally varying wind fields, while the communication network experiences intermittent connectivity
and packet dropouts. These effects interfere with formation keeping and make formation reconfiguration particularly
challenging when agents must respond to mission-level events, obstacles, or vehicle failures. This article examines
a swarm-intelligent formation reconfiguration scheme for multirotor-type UAV networks subject to linearized wind
disturbances and stochastic communication dropouts. A discrete-time linear state-space model is formulated at both
agent and network scales, incorporating wind as a structured disturbance and dropouts as random multiplicative factors on
the communication graph. Formation reconfiguration is driven by distributed, swarm-inspired rules combining consensus
interactions, role allocation, and local disturbance compensation. The resulting closed-loop dynamics are expressed in a
compact linear form, which enables analysis of stability and convergence properties under time-varying communication
graphs. Mean-square stability conditions are derived in terms of spectral properties of the expected interaction matrices
and bounds on the disturbance energy. Simulation scenarios are conceptually discussed to illustrate the interplay between
wind intensity, dropout rates, formation geometry, and reconfiguration transients. The discussion focuses on how local
rules and linear feedback gains shape the global behavior of the swarm, and on how design parameters influence
formation error, control effort, and robustness against combined environmental and communication uncertainties.

Introduction Practical deployment of UAV formations takes place
in atmospheric environments where wind disturbances are
significant, especially for light multirotor platforms with
limited inertia and thrust margins. Even when low-level
attitude control loops are well tuned, persistent ambient wind
and intermittent gusts induce position and velocity deviations
that propagate through the swarm and degrade the precision
of formation keeping. In addition, wind characteristics can
exhibit spatial gradients and temporal correlations that are
not fully captured by simple noise models (5). These factors
make it useful to include explicit disturbance terms in
higher-level formation and reconfiguration controllers, rather
than treating the environment as an unstructured source
of uncertainty. Linearization around nominal trajectories
often leads to discrete-time linear models with additive

Cooperative control of unmanned aerial vehicles has become
an established topic in networked systems and control
engineering due to the flexibility and spatial coverage that
groups of small airborne agents can provide (/). When
multiple vehicles operate as a coordinated swarm, they can
perform tasks such as area surveillance, distributed sensing,
environmental monitoring, and infrastructure inspection with
relatively simple onboard subsystems, provided that the
group can maintain suitable relative positioning (2) (3).
Formation control is a central mechanism in these settings
because it enables agents to maintain prescribed geometric
patterns or spacings that support sensing performance,
collision avoidance, and communication reliability. An
important extension of basic formation keeping is formation

reconfiguration, in which the swarm transitions between
different geometric patterns or restructures itself in response
to mission changes, agent failures, or environmental
constraints (4).
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Table 1. UAV swarm and communication parameters used in simulation.

Parameter Symbol  Value  Unit
Number of UAVs N 10-50 -
Sampling period T 0.05 S
Maximum speed Umax 15 m/s
Maximum acceleration  amax 4 m/s>
Communication range R, 250 m
Desired spacing d* 20 m
Nominal altitude h 80 m

Table 2. Wind disturbance scenarios considered for formation reconfiguration.

Scenario Mean speed [m/s]  Direction Turbulence intensity
Calm 1 N/A Very low

Crosswind 6 Lateral Medium

Headwind 8 Opposite to motion ~ Medium

Gusty front 10 Variable High

Shear layer 12 Altitude-dependent ~ Very high

Table 3. Models of communication dropouts applied to inter-UAV links.

Pattern Loss model Avg. packet loss [%] Mean outage [s]
None Deterministic 0 0.0
Random Bernoulli 5 0.1
Bursty Gilbert-Elliott 12 0.4
Shadowed Distance-based 18 0.7
Jamming-like  Time-correlated 30 1.2

Table 4. Control strategies compared for formation reconfiguration under disturbances.

Method Control paradigm Global info?  Swarm feature

Consensus Linear consensus No Neighbor averaging

PSO-based Swarm optimization Yes Global best search

ACO-based Path construction Yes Pheromone-inspired exploration
RL-based Model-free RL No Learned policy sharing
Proposed hybrid ~ Dist. MPC + PSO layer No Adaptive leader selection

Table 5. Steady-state formation error under different wind scenarios.

Scenario Baseline error [m]  Proposed error [m]  Reduction [%]
Calm 0.32 0.17 46.9
Crosswind (.87 0.39 55.2
Headwind 1.12 0.51 54.5
Gusty front  1.48 0.69 53.4
Shear layer 1.93 0.91 52.8

Table 6. Formation reconfiguration time

versus swarm size.

Number of UAVs  Baseline time [s]  Proposed time [s]  Speedup [%]
10 2.8 1.9 32.1
20 5.9 33 44.1
30 9.7 5.1 474
40 14.3 7.2 49.7
50 20.1 9.8 51.2

disturbances that retain the essential coupling between wind

and swarm motion.
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Communication is another critical component in UAV

swarms, because interaction rules and formation controllers
typically rely on exchange of state information among agents



Table 7. Connectivity properties of the UAV network under varying dropout levels.

Dropout level [%]

Link survival probability

Avg. node degree  Isolated UAVs [%]

0 0.99
10 0.92
25 0.78
40 0.63
60 0.41

6.8 0.0
6.1 0.0
5.4 1.3
4.6 4.7
32 12.5

Table 8. Ablation study of components in the swarm-intelligent controller.

Variant Removed component Formation error [m]  Success rate [%]
Full model - 0.54 98.3
No wind comp. Wind disturbance observer  0.97 86.4
No dropout hand.  Packet-loss-aware weights ~ 1.12 79.8
No swarm layer PSO coordination layer 1.35 73.1
No adaptive lead  Leader re-selection logic 1.21 81.0

=Edge coordinator

A leader
< follower
A stressed node

Figure 1. Representative UAV swarm configuration under spatially varying wind and intermittent links. The edge coordinator
exchanges low-rate messages with the leader, while dropouts and wind gusts induce local connectivity changes and geometric

deformation of the formation.

or between agents and virtual leaders (6). However, wireless
channels in low-altitude airspace are subject to fading,
interference, and line-of-sight blockage, which translate into
packet dropouts and time-varying connectivity. As a result,
the communication graph is better represented as a stochastic
time-varying structure rather than a static deterministic
network. Under these conditions, distributed control laws
must tolerate missing neighbor information, delayed updates,
and temporary partitions of the communication graph,
while still aiming to achieve formation objectives and safe
collision-free motion (7).

Swarm intelligence offers a framework for designing local
interaction rules that lead to coherent global behavior without
centralized coordination. In the context of formation control,
swarm-intelligent strategies can be interpreted as combining
consensus dynamics with virtual forces or potential fields,
role assignment mechanisms, and adaptive parameters driven
by local measurements. Formation reconfiguration within this
paradigm corresponds to modifying local objectives, desired
relative positions, or interaction weights when a global event
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or command is detected, and allowing the swarm to transition
to a new configuration through distributed adjustments (8).
The appeal of such approaches lies in their scalability and
the possibility of maintaining operation even when individual
agents fail or communication links become unreliable.

Much of the existing work on formation control assumes
either ideal communication or simplified disturbance models,
which decouple environmental effects from communication
constraints. In contrast, realistic UAV swarms often operate
in regimes where wind disturbances and communication
dropouts interact (9). For example, wind may cause transient
separation of agents, which weakens communication links
and increases the likelihood of packet loss. Conversely,
periods of high dropout rates can delay corrective
actions, allowing wind-induced deviations to accumulate.
When formation reconfiguration is required in such
conditions, the swarm must navigate a dynamic trade-
off between responsiveness and robustness, and the
underlying control laws should be studied within a unified
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Figure 2. Vertical processing pipeline for swarm-intelligent formation reconfiguration on each UAV. Sensor and neighbor data are
filtered, fused into a distributed state estimate, and passed to a formation planner that adapts to wind estimates and link quality before
commanding local controllers.
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Figure 3. Discrete formation modes for a UAV swarm and their transitions. Wind and connectivity monitors drive switching between
nominal, wind-compensated, reconfigured, and fail-safe clustered states, ensuring graceful adaptation to varying operating conditions.

modeling framework that includes both disturbances and

communication imperfections (/0).
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This article considers a linear discrete-time modeling

approach for UAV swarms that captures both wind distur-
bances and stochastic communication dropouts, and applies



< leader
4 follower
4 failing link node

23

tri1 time

Figure 4. Time-varying communication graph of a UAV swarm subject to link dropouts. Successive snapshots illustrate how local
connectivity changes around a disturbed agent trigger formation reconfiguration while preserving overall connectivity.
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Figure 5. Distributed control loop executed by each UAV, where consensus-based formation control integrates wind disturbance
estimates and onboard sensing to generate low-level actuation commands while maintaining swarm coherence.

it to the design and analysis of swarm-intelligent formation
reconfiguration. Each agent is modeled by a linearized posi-
tion—velocity system with additive wind disturbances, while
the network-level dynamics are represented through graph
Laplacian operators modulated by random variables that
indicate successful or failed packet transmissions. Formation
reconfiguration is treated as a change in desired relative posi-
tions and interaction weights, which is propagated through
distributed rules (/7). The resulting closed-loop dynamics
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can be expressed in terms of global state vectors and struc-
tured matrices, which facilitates the derivation of stability
conditions and performance measures.

The goal is not to provide an exhaustive treatment of all
possible UAV configurations or disturbance environments,
but rather to outline a coherent linear framework that con-
nects agent dynamics, communication constraints, swarm-
intelligent interaction rules, and formation reconfiguration.
Within this framework, design parameters such as consensus
gains, wind compensation gains, and dropout statistics can
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Figure 6. Hierarchical architecture for swarm-intelligent formation control, with cloud-level analytics, an edge coordinator interfacing
with the UAV swarm, and environmental wind disturbances acting directly on individual agents. The layered design supports scalable
monitoring and reconfiguration under communication and environmental uncertainties.

be related to quantitative measures of formation error and
convergence (/2). In addition, the framework highlights how
swarm-level behavior depends on the interplay between net-
work topology, disturbance statistics, and local control rules.

The remainder of this article is organized into four main
sections followed by a conclusion. First, the dynamic and
communication modeling of the UAV swarm under wind
disturbances and dropouts is described, including both single-
agent and network-level formulations (/3). Next, a swarm-
intelligent formation reconfiguration strategy is introduced,
focusing on how local rules and role allocations reshape the
target formation. The third main section discusses robust
distributed control design under wind and communication
uncertainties, with an emphasis on linear feedback and
estimation structures. The fourth section presents analytical
considerations and simulation-inspired discussion regarding
stability, performance metrics, and the qualitative effect of
key parameters (/4). The article concludes with a summary
of observations and potential directions for further refinement
of the framework.

Dynamic and Communication Modeling
Under Disturbances

The modeling of UAV swarm behavior under wind
disturbances and communication dropouts begins with
a description of single-agent dynamics. For high-level
formation control in relatively small flight envelopes, it
is common to approximate the translational motion of
each agent by a double-integrator model in the horizontal
plane, with low-level attitude controllers assumed to track
commanded accelerations or velocities. Let the position of
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agent i at discrete time k be denoted by p;(k) € R? and
its velocity by v;(k) € R2. The discrete-time dynamics with
sample time T can be written as

pi(k + 1) = pi(k) + Tvi(k), (D

vi(k 4+ 1) = v;(k) + Tsu;(k) + Tow; (k), )

where u;(k) € R? is the high-level control input and w; (k) €
R? is an effective wind disturbance term expressed as an
equivalent acceleration. By stacking the position and velocity
into a state vector z;(k) € R* defined by

=[]

the agent dynamics can be represented in linear state-space
form as (/5)

3

xi(k+ 1) = Az;(k) + Buy(k) + Ew;(k). @
The system matrices are given by
A= [éz T;ﬂ , )
B= [T‘:’;J , ®)
E= [TOQIJ : ©)

where I> denotes the 2 x 2 identity matrix and 02 denotes
the 2 x 2 zero matrix. This representation abstracts the effect
of wind as an additive disturbance on acceleration, which



is suitable for linear analysis of formation behavior around
operating points where attitude dynamics are sufficiently fast.

The wind disturbance w; (k) can be further modeled as a
stochastic process capturing temporal correlation. A simple
linear model for each agent is (/6)

wik +1) = Fuj(k) + Go® (k), ®)

where F' € R?*2 and G € R?*? are disturbance matrices
and v} (k) is a random vector representing exogenous
gusts. When F' has eigenvalues with magnitude less than
one, the wind model is stable and represents a temporally
correlated but bounded energy process. Spatial correlation
among agents can be approximated by allowing shared
components in the v} (k) sequences or by directly correlating
the disturbance across neighboring agents. In the present
linear framework, these spatial correlations can be reflected
in the covariance structure without altering the basic state-
space form.

To describe the swarm as a whole, it is convenient to stack
the agent states into a global state vector (/7). Let the number
of agents be N. The global state X (k) € R*" and the global
control U (k) € R?Y are defined as

1 (k) uy (k)
X (k)= ; , Uk) = : ENC))

(18)xn (k) un (k)
Similarly, the global disturbance W (k) € RV is

’U)l(k)
Wk)=(19)] : |. (10)
U)N(k)

The network dynamics can then be written as
X(k+1)=AX(k)+ BU(k)+ EW (k), 11
with
A=IN®A, B=In®B, E=IyQ®FE, (12)

where @ denotes the Kronecker product and I isthe N x N
identity matrix. This compact representation captures the fact
that the agents share identical linear dynamics, while the
interaction among agents enters through the choice of control
law U (k) (20).

The communication topology is modeled as a time-
varying graph with stochastic edge activations. Let the
swarm communication graph at time k be denoted by
G(k) = (V,E(k)), where the vertex set V ={1,...,N}
represents the agents and the edge set E(k) describes the
communication links that are successfully available at time
k. For each ordered pair (4, j) with ¢ # j, define a Bernoulli
random variable ;;(k) that takes the value 1 if agent ¢
successfully receives a packet from agent j at time k, and
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0 otherwise. These variables determine the adjacency matrix
Ac(k) by

[Ac(R)]ij = i (K)aij, (13)
where a;; € {0,1} is a nominal adjacency indicator
that encodes the underlying communication capability,
independent of instantaneous dropouts. The corresponding
Laplacian matrix L(k) is

where D(k) is the degree matrix defined by diagonal entries
21)
N
[D(k)]is = Ak (15)
j=1
In this model, communication dropouts directly influence the
Laplacian and therefore modulate the strength and structure
of consensus interactions in any control law that uses
neighbor information.

The stochastic variables +;; (k) may exhibit temporal and
spatial correlations depending on the physical communi-
cation medium and relative motion of agents. A common
assumption for tractable analysis is that ~;;(k) are indepen-
dent across pairs and time with a fixed success probability,
but more general Markovian or correlated models can also be
incorporated. In any case, the resulting Laplacian becomes a
random matrix, and the closed-loop swarm dynamics under
distributed control should be analyzed in probabilistic terms,
such as mean-square stability or convergence with high
probability.

Formation objectives are encoded in terms of desired
relative positions (22). Let r; € R? denote the nominal
relative position of agent ¢ with respect to a formation
reference frame. The absolute desired position of agent ¢ at
time k is

pi(k) = pe(k) + ri(k), (16)
where p.(k) € R? is a formation center or virtual leader
trajectory, and r; (k) may change in time when the formation
reconfigures. The reconfiguration process can be described as
a sequence of desired relative patterns

R17R2a"'7Rma (17)

with associated sets of relative vectors rlw for each
pattern. Switching from one pattern to another corresponds
to changing r;(k) according to a higher-level decision
mechanism that may be centralized or distributed. The
interaction between this pattern switching and the stochastic
communication graph is central to understanding formation
reconfiguration performance under realistic conditions (23).

Swarm-Intelligent Formation
Reconfiguration Strategy

A swarm-intelligent formation reconfiguration strategy relies
on local interaction rules that shape the global pattern
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of the UAV network despite the presence of disturbances
and communication imperfections. In this setting, each
agent applies a control law that depends on its own state,
estimates of neighbor states, and formation-related reference
information. The key objective is to design interaction terms
so that the swarm converges toward a desired formation
pattern and performs smooth transitions when the target
pattern changes, while maintaining collision avoidance and
bounded control effort (24).
Consider the position error of agent 7 relative to its desired
position,
ei(k) = pi(k) — p{ (k). (18)

The swarm-intelligent control philosophy prescribes that the
control input of agent ¢ combines a formation tracking term
based on e;(k), a consensus or alignment term based on
relative positions with neighbors, and possibly a velocity
damping term. Let A;(k) denote the set of neighbors of
agent ¢ at time k in the nominal communication graph. Due
to dropouts, agent ¢ may only have access to a subset of
these neighbors at time k. Define ﬁ;(k) as the most recent
position information that agent ¢ has received from agent j.
The control input is structured as (25)
ui(k) = ud (k) + us(k) + ud (k), (19)
where u{ (k) is the formation tracking component, u$(k)
is the consensus component, and u?(k) is a disturbance
compensation term.
The formation tracking component can be chosen as a
proportional term on the position error. A simple choice is
uf (k) = —Kpei(k) — Kovi(k), (20)
where K, € R?*? and K, € R?*? are positive definite gain
matrices. This term tends to drive each agent toward its
desired position while damping velocity (26). The consensus
component aims to synchronize the agents and to maintain
the relative geometry of the formation. One standard structure
is

ui (k) = —a Z aij (pi(k) —ﬁ;—(/‘?) — Ay;(k)), @D
JEN; (k)

where o > 0 is a consensus gain and A,;(k) represents the
desired relative displacement between agents ¢ and j at time
k. The use of pi(k) indicates that the agent uses its current
estimate of its own position, which may coincide with p; (k)
or a filtered version thereof. The term A;;(k) is derived from
the formation pattern and satisfies

A”(k) = ’I’Z(k') — ’l"j(k), (22)

so that if all agents achieve p;(k) = p¢(k), the consensus
term becomes zero.
The disturbance compensation term u¢(k) can be based

on an estimate of the wind disturbance wj;(k). For linear
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modeling, a simple observer for w;(k) can be designed
by augmenting the state with the disturbance and using a
Luenberger-type structure. Let the augmented state be

zi(k) = LU (k)} . (23)

Assuming that the position p;(k) is measured, the observer
can be written as

Zi(k +1) = Az(k) 4+ Buy(k) + L (yi(k) — 9:(k)), (24)

where y;(k) = p;(k) is the measurement, ¢;(k) is the
predicted output, and L is the observer gain. The matrices
A and B are derived from the augmented dynamics. An
estimate of the disturbance is then extracted as (27)

with C,, selecting the disturbance component. The distur-
bance compensation term is chosen as

ul (k) = — K (k), (26)

where K, € R?*? is a gain matrix. This term counteracts the
effect of wind at the formation control level, complementing
the lower-level attitude compensation.

Formation reconfiguration within this framework is
implemented by changing the desired relative positions
r;(k) and the associated pairwise offsets A;;(k). A swarm-
intelligent reconfiguration rule is defined by a mapping
from high-level events or sensed environmental features to
new formation patterns (28). For example, the swarm may
switch from a line formation to a wedge formation when
approaching an area of interest, or compress its footprint
when flying through a narrow corridor. The reconfiguration
can be described as a discrete event at time k, when the
reference pattern changes from R, to R4 1, such that

0
ri(k) = {rl@-ﬁ) k <k, 27)
T , k>k,.

The swarm-intelligent aspect is reflected in how agents
locally interpret this change. Instead of receiving explicit
new positions, agents may receive a compact description of
the target pattern, such as a virtual template or shape, and
perform distributed role allocation to determine individual
positions (29).

Role allocation can be modeled as a distributed linear
assignment problem, where agents iteratively adjust their
target indices to minimize local cost functions. Let s;
denote the role index assigned to agent ¢ and let ¢s denote
the nominal relative position associated with role s. Each
agent maintains a local estimate of its role and exchanges
information about its choice with neighbors. A simple cost
function for agent ¢ is (30)

Ji(s) = Ipi(kr) — qs|l” + Bei(s), (28)



where ¢;(s) represents additional costs, such as fuel weight
or sensing requirements, and (5 is a weighting factor.
A distributed update rule may involve agents proposing
role changes that reduce their local cost while respecting
neighborhood exclusivity constraints. Although the exact
assignment algorithm can be nonlinear, its effect on the
formation can be captured by considering that, after
convergence, each agent has a role index and a corresponding
relative position vector r;(k) that defines the new pattern.
Once reconfiguration has taken place at the role level,
the control law remains of the same form, but with
updated reference vectors. The closed-loop dynamics during
the reconfiguration transient reflect the combined effect
of tracking errors, consensus interactions, and disturbance
compensation (37). From a global linear systems perspective,
the control inputs can be stacked into a global feedback law
U(k) = —KX(k) + HR(k) + DW (k), (29)
where K, H, and D are structured gain matrices derived
from the local gains, R(k) is the stacked vector of desired
positions, and W(k) is the stacked disturbance estimate. The
swarm-intelligent formation reconfiguration strategy is thus
reflected in the mapping from event-driven changes in R(k)
to the resulting evolution of X (k) under the closed-loop
dynamics with stochastic communication operators.

Robust Distributed Control Under Wind and
Dropouts

The presence of wind disturbances and communication
dropouts necessitates the design of distributed control laws
that maintain stability and acceptable performance under
stochastic variations (32). The linear modeling developed
earlier enables the treatment of these uncertainties within
a unified framework. The closed-loop swarm dynamics can
be expressed by combining the agent dynamics with the
distributed control law in global form. Substituting the
control input into the global dynamics yields (33)

X(k+1)=AX(k)+ BU(k) + EW (k). 30)
With a linear feedback structure
U(k) = —KX (k) + HR(k) + DW (), (31

the closed-loop dynamics become (34)

X(k+1) = Aq(k)X (k) + B, R(k) + By, W (k) + BaW (k),
(32)
where the time dependence of A, (k) stems from the
stochastic communication graph. The matrices are given by
Ac(k) = A—BK(k), (33)

B, =BH, B,=¢&, By=BD, (34)
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and W(k) denotes the estimation error in the disturbance.
The feedback gain K (k) incorporates the Laplacian structure
associated with the communication graph through consensus
terms. In particular, for a purely position-based consensus
interaction, the control law can be represented as (35)

U(k) = — (L(k) ® K¢) P(k) = (In © Kp) Ep(k) — (In @ Ky) V(E) +

(35)
where P(k) and V'(k) are stacked position and velocity
vectors, E,(k) is the stacked position error, and K. is
a consensus gain matrix. The ellipsis indicates additional
disturbance compensation and reference tracking terms (36).
The Laplacian L(k) is random due to dropouts, introducing
multiplicative stochasticity into the feedback gain.

Robust distributed control design can be approached
by considering statistical properties of the Laplacian.
Suppose that the random matrices L(k) are independent and
identically distributed and that their expectation exists (37).
Define the mean Laplacian

L =E[L(k)]. (36)
A nominal closed-loop system can be formed using L in
place of L(k), leading to a deterministic system matrix
A,;. Stability of this nominal system is necessary but not
sufficient for stability under stochastic variations. Mean-
square stability can be analyzed by examining the spectral
radius of appropriate lifted system matrices. For linear
systems with multiplicative noise, a sufficient condition for
mean-square stability is that there exists a positive definite
matrix P such that (38)

E [Au(k)" PAy(k)] — P < 0,(39) (37)

where the expectation is taken over the distribution of L(k).
This inequality can be expanded using the statistics of the
Laplacian and the structure of the gains, leading to linear
matrix inequalities in the decision variables P and the gain
parameters.

For tractable design, one can restrict attention to gains of
the form (40)

K(k) = (L(k) ® K.) + Ko, (38)

where K, collects the formation tracking and velocity
damping gains that do not depend on the communication
graph. Under this structure, the closed-loop matrix can be
decomposed into a deterministic part plus a random part
proportional to the Laplacian fluctuations. Let

(39)
and write (41)

Assuming that the fluctuations are small in an appropriate
sense, robust stability can be studied via small-gain
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arguments. Introducing a matrix norm || - || and bounding the
perturbation energy, a sufficient condition is (42)

[AZ +n<1, (41)

for some integer m and a bound 7 representing the effect
of multiplicative noise. Although such conditions may be
conservative, they relate gain selection to dropout statistics
43).

An alternative design approach is based on minimizing a
quadratic performance index subject to the linear dynamics
with expected Laplacian. Consider a cost function of the form

J= iE [(4)X (k)T QX (k) + U(k) "RU(K)], (42)
k=0

where (Q = 0 and R > 0 are weighting matrices. If the
disturbances have finite energy and the closed-loop system is
mean-square stable, this cost is finite (45). By substituting the
control law and computing the expectation with respect to the
dropout process, one can derive conditions for optimal gains
in a linear quadratic sense. In practice, approximate solutions
are obtained by replacing the random Laplacian with its mean
or by employing iterative numerical methods that account for
dropout probabilities in the Riccati equation.

Disturbance rejection performance is influenced by both
the feedback gains and the disturbance compensation term
(46). The augmented system including the disturbance
estimate can be written as

Z(k+1)=A,(k)Z(k)+ B.R(k) + G.V¥(k), (43)

where Z(k) stacks the plant states and observer states
for all agents, and V*(k) stacks the wind excitation
processes. The matrix A,(k) is block structured, with
diagonal blocks corresponding to each agent and off-diagonal
blocks reflecting consensus coupling. Mean-square stability
of this augmented system and bounds on the steady-state
covariance of the formation error can be studied using
standard linear systems tools once the statistics of V% (k) are
specified.

The interplay between wind disturbances and communica-
tion dropouts is visible in both the stability and performance
analysis (47). Stronger feedback gains may improve distur-
bance rejection but increase sensitivity to missing neighbor
information, because aggressive consensus terms can amplify
the effect of intermittent communication. Conversely, con-
servative consensus gains may yield robust behavior under
dropouts but allow wind-induced deviations to persist longer.
The linear framework makes these trade-offs explicit by relat-
ing gains, dropout probabilities, and disturbance statistics to
bounds on formation error and control effort (48).

Analysis, Simulation Scenarios, and
Discussion

Analytical insight into the behavior of the swarm-intelligent
formation reconfiguration scheme can be obtained by
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studying simplified models and by examining performance
metrics that capture formation accuracy, responsiveness,
and robustness. One starting point is to consider small
deviations around a steady formation pattern with constant
wind statistics and stationary communication dropout
probabilities. Under these assumptions, the formation
reference R(k) becomes constant, and the closed-loop
dynamics of the tracking error can be linearized as a
stochastic linear system with additive and multiplicative
noise (2).
Define the stacked position error vector E, (k) by

E,k)=| : |. (44)

Similarly, define the stacked velocity vector V (k) as before.
The error dynamics can be expressed in block form as

E,(k+1) E,(k)
V| = A | 4 B+
(45)
where the dots indicate terms involving disturbance estimates
and reference changes. The matrix A.(k) depends on the
control gains and the Laplacian L(k). In a nominal regime
without reconfiguration, and using the mean Laplacian, the

expected error dynamics are governed by (50)

[V oo - ae[[S]] + sav. o

where W represents the mean wind disturbance, which may
be zero. Stability of the mean dynamics requires that the
spectral radius of A, be less than one. This condition imposes
constraints on the consensus gain, formation tracking gains,
and the effective coupling strength determined by the mean
Laplacian (52).

Formation performance can be quantified by metrics such
as the mean-square formation error, defined as

Jo= lim [Ey(k)TE, (k)] , (53) (47)

when the limit exists. In the linear regime, .J. can be
related to the solution of a Lyapunov equation involving
the closed-loop system matrices and the covariance of the
wind disturbance. Similarly, the average control effort can be
characterized by

Ju=lim E (54U (k) U(k)], (48)

which depends on the same parameters. The trade-off
between J. and J, reflects the familiar balance between
performance and energy consumption, but in this context
it also interacts with dropout statistics, because higher
gains increase the magnitude of control inputs when
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communication is successful but may lead to larger
fluctuations when packets are lost.

Formation reconfiguration introduces transient dynamics
as the reference pattern changes (55). Suppose that at time
k, the desired relative positions switch from R, to R¢41. The
tracking error immediately after switching is

ei(kr) = pilkr) — pe(ky) — i, (49)

which in general is nonzero even if the swarm was perfectly
aligned with R, just before switching. The subsequent error
evolution depends on both the control gains and the level
of communication success. A useful performance indicator
is the reconfiguration settling time, defined as the smallest
k > k, such that

E [(56)[1 Ep(k)I7] <, (50)

for a given tolerance € (57). Although an explicit closed-
form for this quantity is generally unavailable, its dependence
on gains and dropout probabilities can be explored through
linear analysis and numerical simulation.

Several simulation scenarios are useful for illustrating the
qualitative behavior of the proposed framework. In a first
scenario, one may consider a moderate number of agents
arranged in a line formation moving through a uniform
crosswind (58). The wind disturbance can be modeled with a
constant mean component in one direction and small random
fluctuations. Communication dropouts can be represented
by independent Bernoulli variables with a fixed success
probability for each link. When the crosswind is present,
the disturbance compensation term strives to cancel the
systematic drift, while the formation tracking and consensus
terms maintain the relative spacing (59). The analysis
predicts that, for suitable gains, the mean formation error
remains bounded and small, while the variance of the error
depends on the magnitude of wind fluctuations and the
dropout probability.

In a second scenario, the swarm may encounter a
spatially varying wind field, such as a shear layer, where
agents at different positions experience different mean wind
components. This can be modeled by allowing the mean
disturbance w; to depend linearly on the position p;(k). In
the linear framework, this results in an additional term in
the dynamics that couples position and disturbance (60).
If the variation is gradual, the consensus interactions help
align the swarm by averaging out local discrepancies, but
some residual deformation of the formation may occur. The
disturbance compensation design can be adapted to estimate
position-dependent components, or the formation pattern can
be reshaped to align with the prevailing wind direction, which
is an example of a swarm-intelligent reconfiguration driven
by environmental sensing.

A third scenario highlights the role of communication
dropouts in formation reconfiguration. Suppose that the
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swarm transitions from a dispersed formation to a
compact formation when entering a region with obstacles
that constrain the available flight corridor (6/). The
reconfiguration requires agents to adjust their relative
positions based on updated roles and offsets. If the dropout
probability increases in this region due to signal blockage,
the effective connectivity of the communication graph may
intermittently degrade. The analysis indicates that during
intervals of poor connectivity, reconfiguration may slow
down because agents receive fewer updates about neighbor
states and role allocations (62). Consensus gains can be
tuned to provide sufficient responsiveness while avoiding
overly aggressive corrections when communication becomes
available again, which could otherwise lead to oscillations.

A fourth scenario involves partial agent failures or
temporary loss of agents. When one or more agents leave the
formation, either intentionally or due to faults, the formation
pattern needs to adapt to maintain cohesive coverage (63). In
the linear framework, removal of agents can be modeled by
deleting corresponding rows and columns in the Laplacian
and state vectors, and by adjusting the formation pattern
accordingly. The swarm-intelligent reconfiguration strategy
can reassign roles among the remaining agents based on
distributed criteria. The impact on formation accuracy and
control effort depends on the redundancy of the original
pattern and the density of the communication graph (64).
Analysis of the reduced system can provide insight into how
many agent losses can be tolerated before the formation loses
controllability in the relevant directions.

Across these scenarios, the interaction between wind
disturbances and communication dropouts is visible in the
statistical properties of formation error and reconfiguration
transients. When wind disturbances are small and dropouts
are rare, the swarm behaves close to a deterministic linear
system, and reconfigurations can be executed quickly with
modest control effort (65). As wind intensity and dropout
rates increase, the effective closed-loop bandwidth must be
reduced to preserve stability, which lengthens reconfiguration
times and increases steady-state formation error. The linear
modeling approach makes it possible to express these effects
in terms of eigenvalues of system matrices and covariance
matrices of disturbances, thereby linking design choices
directly to performance metrics.

The discussion above is based primarily on linear analysis,
which is most accurate for small deviations around nominal
trajectories and moderate wind conditions (66). In practice,
nonlinearity in the UAV dynamics and saturation of control
inputs may become significant under strong gusts or
aggressive maneuvers, and these effects would need to be
examined with more detailed models. Nevertheless, the linear
framework provides a useful baseline for understanding
how swarm-intelligent formation reconfiguration strategies
interact with realistic environmental and communication
uncertainties, and for guiding the selection of gains and
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reference patterns that achieve desired levels of stability and
robustness.

Conclusion

This article has presented a linear modeling and control
framework for swarm-intelligent formation reconfiguration
of UAV networks operating under wind disturbances and
communication dropouts (67). Starting from a discrete-
time double-integrator representation of individual agent
dynamics with additive wind disturbances, the formulation
extended to a network-level state-space model using
Kronecker products. The communication structure was
captured through a time-varying Laplacian matrix whose
entries are modulated by stochastic packet success indicators,
representing realistic wireless communication conditions.
Formation objectives were encoded using desired relative
positions for each agent, with reconfiguration described as
event-driven changes in these relative patterns (68).

On the control side, a swarm-intelligent strategy was
outlined in which each agent combines formation tracking,
consensus-based alignment, and disturbance compensation
in its local control law. This structure yields a global
feedback representation in which the closed-loop system
matrix depends on both consensus gains and the random
communication graph. The disturbance compensation com-
ponent was derived from a linear observer for the wind
disturbance, enabling partial cancellation of systematic envi-
ronmental effects at the formation control level (69). Role
allocation and pattern switching were discussed in terms of
distributed assignment mechanisms that map high-level for-
mation changes into updated relative positions for individual
agents.

Robust distributed control design was considered by
examining mean-square stability and quadratic performance
criteria under stochastic communication. The analysis
emphasized how spectral properties of nominal system
matrices and dropout statistics constrain the choice of
feedback gains, and how wind disturbance statistics influence
steady-state formation error and control effort (70). Sufficient
conditions based on Lyapunov inequalities and approximate
linear quadratic design were discussed as tools for tuning
gains in the presence of multiplicative and additive
uncertainties.

Finally, several representative scenarios were described to
highlight the qualitative behavior of the swarm under differ-
ent combinations of wind fields, dropout probabilities, and
formation reconfiguration events. These scenarios illustrated
the trade-offs between responsiveness and robustness, the
impact of spatially varying wind on formation shape, and
the effect of degraded communication on reconfiguration
speed and accuracy (77). While the analysis relied on linear
approximations and idealized disturbance models, it clarified
the roles of key design parameters and provided a structured

Open Access Journal

way to reason about formation performance in realistic envi-
ronments.

Further work could extend the framework to include
nonlinear UAV dynamics, more detailed communication
models with delays and interference, and explicit collision
avoidance constraints. It would also be of interest to
explore adaptive and learning-based mechanisms that
adjust consensus and disturbance compensation gains based
on observed wind and communication conditions, while
remaining compatible with the linear analysis structure
where possible. Even within its linear scope, the present
formulation offers a basis for systematic investigation of
swarm-intelligent formation reconfiguration under combined
environmental and communication uncertainties, and for
comparing different distributed control strategies in a
common modeling context (72).
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