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Abstract—Unmanned aerial vehicle (UAV) swarms have at-
tracted increasing attention for cooperative missions such as
surveillance, environmental monitoring, and formation flight. In
formation transition tasks, a swarm must move from an initial
formation to a prescribed target formation while respecting
kinematic limits, maintaining safe inter-UAV separation, and
avoiding environmental hazards. The transition tasks become
more challenging in dynamic environments, where observable
obstacles must be avoided proactively, and unobserved distur-
bances can perturb executed motion and degrade formation
accuracy unless timely path planning is performed. This study
proposes the evolutionary online swarm path planning (EOSPP)
framework, which formulates swarm navigation as a sequence
of time-bounded constrained optimization problems solved along
the flight. The EOSPP employs evolution strategies (ES) as the
backbone optimizer to generate control vectors for each UAV
within a fixed computation budget, explicitly enforcing speed
limits, minimum inter-UAV separation, and obstacle clearance
during optimization. Unobserved wind disturbances are modeled
as execution-time perturbations and are compensated through
repeated online path planning. Experiments in a bounded two-
dimensional workspace show that EOSPP achieves collision-free
convergence to the target formation in the presence of uniformly
sampled obstacles and maintains convergence under unobserved
wind gusts, demonstrating the practicality of evolutionary online
path planning for safety-critical swarm formation transitions.

Index Terms—UAV swarm, formation transition, online path
planning, constrained optimization, evolution strategies, partially
observable dynamic environment.

I. INTRODUCTION

Unmanned aerial vehicle (UAV) swarms have attracted
increasing attention for cooperative missions such as surveil-
lance, environmental monitoring, search-and-rescue, and for-
mation flight [1]. In formation transition tasks, a swarm is
required to move from an initial formation to a prescribed
target formation while respecting kinematic limits, maintain-
ing safe inter-UAV separation, and avoiding environmental
hazards such as obstacles. These requirements become more
challenging when the environment is dynamic. Observable
hazards such as obstacles must be avoided proactively, while
unobserved disturbances such as wind can perturb the executed
motion and gradually degrade formation accuracy unless cor-
rective replanning is performed.

A variety of path planning approaches have been studied
for UAV navigation and coordination. Classical graph-based
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planners such as A* [2], D* [3], and D* Lite [4] formulate
navigation as shortest-path search over discretized spaces and
provide strong theoretical properties. However, in dynamic
and multi-agent settings, frequent replanning can incur sub-
stantial computational cost, and the discretization required for
tractability can limit real-time responsiveness. Sampling-based
planners, including rapidly-exploring random tree (RRT) [5]
and RRT* [6], explore continuous spaces via randomized
sampling and offer probabilistic completeness or asymptotic
optimality. Nevertheless, they typically produce geometric
paths that require replanning or tree repair when conditions
change, and extending them to tightly coupled swarms is
nontrivial because inter-agent constraints significantly increase
the complexity of feasible planning.

Model predictive control (MPC) provides an online alterna-
tive by repeatedly solving constrained optimization problems
over a receding horizon [7]. Variants such as nonlinear MPC
(NMPC) [8], stochastic MPC (SMPC) [9], and distributed
MPC (DMPC) [10] have been applied to UAV navigation
and coordination. Solving nonlinear constrained optimization
problems at each control cycle, however, can become compu-
tationally demanding as the swarm size increases and coupling
constraints intensify.

Evolutionary algorithms (EAs) are powerful optimization
techniques inspired by Darwinian evolution. Owing to their
gradient-free search capability and robustness under complex,
nonconvex, and constrained landscapes, EAs have been widely
adopted in robotics, control, and autonomous systems [11],
[12]. In particular, EC-based approaches have been explored
for UAV path planning because they can naturally accom-
modate nonlinear objectives and constraints. Early studies
typically evolved waypoint-based trajectories offline [13], and
later works extended evolutionary planning to multi-UAV
settings [14]-[16]. Despite their global search capability, many
existing evolutionary approaches remain offline, which limits
adaptability under disturbances and hazards that occur during
execution.

To address the need for real-time responsiveness in UAV
swarm formation transition, this study proposes an evolu-
tionary online swarm path planning (EOSPP) framework for
a UAV swarm operating in a partially observable dynamic
environment. The EOSPP framework formulates formation



transition as a constrained online optimization problem solved
at each planning time step along the flight to compute swarm-
level control vectors, where each control vector consists of the
speed and heading angle of a UAV. In this study, evolution
strategies (ES) [17] is adopted as the backbone optimizer
to perform optimization within a fixed computational budget
at every planning step. Observable obstacle information is
incorporated into constraint checking and fitness evaluation to
enable anticipative collision avoidance, while unobserved wind
disturbance perturbs the executed motion and is compensated
through repeated replanning based on the updated swarm
state. A series of experiments were conducted to validate the
effectiveness and efficiency of the EOSPP framework. Overall,
the EOSPP framework provides a practical approach for real-
time formation transition with explicit constraint handling and
online correction under disturbances.

The remainder of this paper is organized as follows: Sec-
tion II reviews the related work. Section III elaborates the
design of the EOSPP framework. Section IV presents the
experimental settings and results. Finally, a concluding remark
is given in Section V.

II. RELATED WORK

UAV swarm formation transition and navigation have been
studied from multiple perspectives, including graph-based and
sampling-based motion planning, optimal control, determin-
istic assignment, and evolutionary optimization. Graph-based
planners formulate navigation as a shortest-path search over
a discretized state space. A* [2] uses heuristic guidance
to expand nodes efficiently and guarantees optimality under
admissible heuristics, while D* [3] and D* Lite [4] improve
practicality in changing environments through incremental
replanning. Despite these advances, repeated graph exploration
remains a core bottleneck. For swarm navigation, joint-state
representations and inter-agent collision constraints substan-
tially enlarge the search space, and the replanning cost can
grow rapidly, making strict real-time execution difficult with-
out aggressive simplifications.

Sampling-based planners address continuous configuration
spaces by constructing trees through randomized sampling.
RRT [5] emphasizes exploration, and RRT* [6] incorporates
rewiring to achieve asymptotic optimality. Extensions such
as RRTX [18] further enable replanning by maintaining and
repairing trees when costs or obstacles change. However,
maintaining large trees and repairing them online can still
incur nontrivial overhead. In addition, these methods typi-
cally output geometric paths and rely on separate tracking
controllers. When disturbances occur during execution or
when multi-agent coupling is strong, replanning latency and
constraint handling can become critical concerns.

MPC provides an online planning paradigm by repeatedly
solving constrained finite-horizon optimization problems in a
receding-horizon manner [7]. Variants including NMPC [8],
SMPC [9], and distributed MPC (DMPC) [10] have been
applied to UAV navigation and coordination. These approaches
offer principled constraint handling and closed-loop feedback.

Nevertheless, solving nonlinear constrained optimization prob-
lems at every control cycle can be computationally expensive,
and the burden increases with swarm size because coupling
constraints typically increase both decision dimensionality
and solver complexity. As a result, achieving strict real-time
feasibility often requires simplifying the dynamics, reducing
the horizon length, or relaxing the coupling, which may
compromise adaptability or safety margins.

On the other hand, a standard engineering baseline for for-
mation transition decomposes the problem into target assign-
ment and trajectory execution. The Hungarian algorithm [19]
is widely used to compute an optimal one-to-one assignment
that minimizes the total travel distance between the current
UAV positions and the target formation points. This assign-
ment step effectively reduces unnecessary travel and is fre-
quently paired with simple motion policies, such as directing
each UAV to its assigned target. However, when assignment
and control are computed only once before execution, the
resulting plan can be brittle in the face of hazards encountered
along the path or disturbances that cause drift.

EAs have also been extensively applied to UAV path plan-
ning due to their ability to optimize nonlinear objectives under
complex constraints without requiring gradients. Early studies
evolved waypoint-based trajectories offline using EAs [13].
To improve scalability, cooperative coevolutionary algorithms
decompose high-dimensional decision vectors into interacting
components and evolve subpopulations cooperatively [14],
[15]. While these approaches alleviate dimensionality growth
and can achieve high-quality solutions, they are commonly
designed for offline optimization or for long planning horizons
and do not explicitly target time-bounded decision-making in
online replanning settings. Consequently, the ability to produce
feasible control decisions reliably within a small computation
budget at every replanning step remains underexplored. Over-
all, these studies motivate a time-bounded online optimization
framework that recomputes swarm control decisions at every
replanning step, incorporates observable hazards directly into
feasibility checks and evaluation, and compensates for un-
observed disturbances through repeated replanning based on
updated swarm states.

III. METHODOLOGY

This study proposes the EOSPP framework for the UAV
swarm operating in a partially observable dynamic environ-
ment. ES is adopted as the backbone optimizer to enable
efficient online planning toward the target formation while sat-
isfying safety constraints. The following describes the EOSPP
framework in detail.

A. Problem Formulation

In this study, the considered scenario involves a swarm of [V
autonomous UAVs required to move from an initial formation
Cstary to a target formation Ciarget in a two-dimensional
Euclidean space. During the flight, environmental conditions
may vary over time, such as the appearance of obstacles along
the path or the occurrence of wind gusts, which necessitate



Inputs: state of
environment and UAVs
for current time step t

Initialization

Population

Parent selection

v

Crossover

v

Mutation

v

Evaluation

v

ES Optimizer

Survival selection

Output:
control vectors
for each UAV for next
time step t+17

Fig. 1: Workflow of the EOSPP framework.

online adjustments of UAV trajectories. Accordingly, the path
planning task is formulated as a real-time constrained online
optimization problem in a partially observable dynamic envi-
ronment, where an optimization procedure is executed at every
discrete time step to compute control vectors for the swarm.
The flight from Cgiary t0 Charger is divided into uniform
planning steps indexed by ¢ € {0,1,2,...}, in which each
step corresponds to a fixed planning interval of duration T,
such that the transition from step ¢ to ¢t + 1 represents the
swarm motion executed over a time span of 7.

Mathematically, the UAV swarm can be modeled as a set
of N particles. For each UAV i € {1,..., N}, the position at
time step ¢ is denoted by a position vector [z;(t), y;(t)]T. The
control action of UAV i at time ste:lp t is represented by a con-
trol vector u;(t) = [s;(t), a;(t)]", where s;(t) is the speed
and o;(t) is the heading angle. For notational convenience,
the corresponding commanded translational velocity vector is
defined as v;(t) = s;(t)[ cos a;(t), sin ozi(t)]T

To model dynamic environmental disturbances, a time-
varying wind gust is incorporated into the executed motion as
an additive velocity term. The wind disturbance is assumed to
be spatially uniform across the operating region and identical

for all UAVs at a given time step. Let v, (t) = [v (t), v¥(t)]"
denote the wind-induced velocity vector at time step t. Since
v4(t) is not observable during online optimization, candidate
control vectors are evaluated under a kinematic model with-
out wind disturbance. Accordingly, two state transitions are
distinguished. Given a fixed planning interval 7, the predicted

next position used for optimization is defined as
pi(t+1) = p;(t) + Tvi(t), (1)

while the executed next position is affected by the unobserved
wind disturbance and follows

pi(t+1) = p(t) + 7(vi(t) + vy(t)). )

At each time step ¢, the wind disturbance v, (t) is unobserved
during optimization and is reflected only in the realized state
transition. As a result, the online planning process serves
as a feedback correction mechanism, where deviations from
the nominal trajectory induced by wind are compensated in
subsequent time steps based on the updated swarm state.

In the target formation Ciarget, a set of IV target points is
specified. Let g; denotes the target point assigned to UAV ;.
The assignment of the target points is determined using the
Hungarian algorithm [19] to minimize the total assignment
cost, defined by the sum of Euclidean distances between the
current UAV positions and the candidate target points. This as-
signment step ensures that the swarm transition toward Clarget
starts from a distance-efficient matching, thereby reducing
unnecessary travel.

At each time step ¢, an online optimization problem is
solved within a finite time budget corresponding to one
planning interval 7. The decision variables are the control
vectors of all UAVs at time step ¢, equivalently the speed and
heading angle {s;(t),a;(t)},. The objective is to minimize
the aggregate distance between the predicted next position
Pp,;(t + 1) and the assigned target point g; of each UAV i,
which leads to the following constrained optimization prob-
lem. Let N = {1,..., N} denote the set of UAV indices, and
P ={(i,j) € N x N'| i < j} denote the set of UAV pairs
used in the inter-UAV safety constraint. The constraints are
enforced for all i € A, all (i,j) € P, and all 0 € O(t).

N

min llg; — ;(t + 1)
{si(t), a; ()}, ;

pi(t+1) =p;(t) +Tv(t)
wilt) = s:(1) {cos ai(t)]

sin o (t)
0 < 5i(t) < Smax
0 <at) <2m
1D:(t +1) = p;(t + 1| = dyav
1D (t +1) = Poll = o + dobs

s.t.

The above constraints ensure feasibility and safety require-
ments for real-time swarm navigation. The speed constraint
bounds the speed of each UAV by a maximum speed Sy,ax. The



inter-UAV safety constraint enforces a minimum safety separa-
tion d,ay between any pair of UAVs, thereby preventing inter-
UAV collisions during formation transitions. Furthermore,
obstacle avoidance is imposed with respect to a set of obstacles
O(t), where each obstacle o € O(t) is described by a center
position p, = [z,, ¥,]* and a radius 7,. A clearance margin
dobs 18 introduced so that each UAV maintains a safe distance
from obstacle boundaries. The obstacle avoidance constraint is
enforced with respect to the predicted next positions p, (¢t + 1)
using the observed obstacle set O (), while wind-induced
deviations are corrected through repeated planning across time
steps. Under this formulation, the control vector of each UAV
at each time step is obtained by solving the above constrained
optimization problem, enabling the swarm to approach Ciarget
progressively while reacting online to dynamic environmental
changes.

B. EOSPP Framework

The workflow of the EOSPP framework is shown in Fig-
ure 1. At each discrete planning step ¢, the current swarm
state and observable environmental information are collected,
including the UAV positions {p,(t) };car and the obstacle set
O(t). These observations are provided to an ES optimizer,
which solves the constrained online optimization problem in
Section III-A to determine the control vectors {w;(t)}ien -

Given the current state at time step ¢, the ES-based optimizer
initializes a candidate population of control vectors and itera-
tively refines it within a fixed computation budget determined
by the planning interval 7. Specifically, the population is
updated through repeated parent selection, crossover, muta-
tion, and fitness evaluation, and the survival selection stage
preserves higher-quality candidates for subsequent iterations.
The optimization loop terminates when the time budget is
exhausted, and the best-so-far control vectors are returned as
the output for time step t.

After the control vectors are applied, the swarm state is
advanced to the next step. During optimization and fitness
evaluation, candidate solutions are propagated using the kine-
matic model in (1) without wind to obtain the predicted
next positions {p, (¢ + 1) };enr- In execution, the realized next
positions {p, (t+ 1) };en follow the wind-disturbed kinematic
model in (2), where the unobserved wind-induced velocity
v4(t) perturbs the commanded motion. The realized positions
{p;(t + 1)};cn then serve as the initial swarm state for
planning optimization at time step ¢ + 1, enabling continuous
online correction under unobserved disturbances and antici-
pative avoidance of observed obstacles throughout the flight
toward the target formation Clarget-

C. ES Optimizer

1) Representation: For the ES optimizer employed in the
EOSPP framework, each chromosome encodes a complete
candidate control solution for the UAV swarm at a given time
step. A chromosome c is constructed by concatenating the

control variables and the associated strategy parameters of all
N UAVs, and is defined as

Cc = (v17a17<17017 7vN7aN7<N70-N)~

UAV 1

UAV N

For UAV i € {1,...,N}, the corresponding four genes
(vi, a;, G, cri) are interpreted as follows.

o Speed level (v;): v; € {0,1,2,3} C N is an integer-
encoded speed level, which is mapped to a physical speed
from the set {0, 0.75, 1.5, Smax}-

o Heading angle (o;): a; € [0,2m) C R denotes the
forward heading angle of UAV ¢, which determines the
direction of motion at the current time step.

o Integer-step mutation parameter ((;): ¢; € R controls the
mutation step size associated with the integer-encoded
variable v;.

» Real-step mutation parameter (0;): 0; € R controls the
mutation step size associated with the real-valued variable
Q5.

2) Crossover: Crossover is applied to generate offspring
by recombining information from two selected parent chromo-
somes. Since chromosome ¢ contains both decision variables
{vi,;} and strategy parameters {(;,0;}, global crossover
with different operators is adopted:

o Uniform crossover for control variables (v;, c;): For each
gene, the offspring inherits the corresponding value from
either parent with equal probability 0.5.

e Whole arithmetic crossover for strategy parameters
(Ciy04): With @ = 0.2, the offspring parameters are
computed by

ol =(1- oz)agl) +a0® and ¢=0- oe)Ci(l) JrozCi(Q).

K3

3) Mutation: To handle the mixed discrete continuous
decision space arising from the speed level v; and the heading
angle o, the mixed integer evolution strategies (MIES) [20]
is adopted. MIES applies an uncorrelated mutation scheme
with self adaptation, enabling integer and real variables to
be evolved jointly. In particular, a geometric-based mutation
operator is used for the integer variable v;, while a Gaussian-
based mutation operator is used for the real valued variable
«;. The mutation strengths are controlled by the strategy
parameters (; and o,;. The self-adaptation of these strategy
parameters is driven by a global learning rate v and a local
learning rate /. These rates are set as v = 1/v/2n and
v = 1/4/2y/n, where n denotes the dimension of the
respective decision variable space. The global learning rate ~y
controls the overall mutation scale for an individual, whereas
the local learning rate +' allows for coordinate-specific fine-
tuning of the step sizes.

« Gaussian mutation for «;: The heading angle a; € [0, 27)
is mutated by adding a Gaussian perturbation with a self
adapted step size. Specifically, the step size o; is updated
first as o = oy - exp(yN(0,1) + 7' N;(0,1)), and the
decision variable is then mutated by

o = a; +o; - N;(0,1),



where N(0,1) denotes a Gaussian random variable
shared by all dimensions of the offspring, and N;(0,1)
denotes an independent Gaussian random variable asso-
ciated with UAV .

o Integer mutation for v;: The speed level v; € {0, 1,2, 3}
is mutated using the geometric-based operator in MIES.
Specifically, the step size (; is updated first as (, =
Ci-exp(yN(0,1) +~+'N;(0,1)) . Then, the decision vari-
able is mutated as

’U; =v; + (Gl - GQ),

where G; and G5 are independent geometrically dis-
tributed random variables whose distribution width is
controlled by the step size (;. The difference (G — Go)
produces a symmetric heavy tailed perturbation, which
supports occasional larger jumps while maintaining local
search capability.

4) Fitness Evaluation: During fitness evaluation, chromo-
somes that violate any hard constraint are discarded. The
remaining feasible chromosomes are evaluated by a distance-
based cost with an exponential transformation to promote rapid
convergence, augmented with a penalty that discourages near-
collision behaviors.

Let g; denote the target point assigned to UAV 3, and the
distance of UAV 1 to the assigned target point at time step
t+1is defined as d; = ||g, —p;(t+1)||. Let N = {1,..., N}
denote the set of UAV indices, and P = {(i,7) e N xN | i <
j} denote the set of UAV pairs. The fitness of a chromosome
c is defined as

fle) = J(e) + wpP(e),

where wy, > 0 is a penalty weight. The objective term J(c)
is formulated by

1
J(C) = eXP(N Z dt) )
1EN
and the penalty term P(c) aggregates proximity penalties for
both UAV-to-UAV separation and UAV-to-obstacle clearance,
such that

P(C) = Z ¢uav(di,j)+z Z d)obs(di,o)?

(4,J)EP 1€N 0€O(t)

where d; ; denotes the minimum Euclidean distance between
UAV i and UAV j during the next planning interval, deter-
mined along their predicted one-step trajectories from p,(t) to
p;(t+1) and from p;(t) to p,(t + 1), respectively. Similarly,
di,, denotes the minimum Euclidean distance between UAV
i and the boundary of obstacle o € O(t) during the next
planning interval.

In P(c), a buffer margin 6 = 1 is introduced so that the
penalty is applied only when the predicted separation falls
within ¢ of the corresponding safety threshold. Specifically, the
UAV-to-UAV warning penalty is defined using the minimum
safety separation dy,, as

2
duav + 0 — dz ) duav < dz < duav + 57
¢uav(di,j) = {( J) 7

0, di,j > dyay + 0.
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Fig. 2: Initial and target formation of the UAV swarm.

On the other hand, UAV-to-obstacle warning penalty is defined
using the clearance margin dops as

2
) _ {(dobs +0— dz’,o) ’ dobs < di,o < dobs + 6,

obs diqo -
¢ > ( ’ Oa di,o Z dobs + d.

Under this design, selection favors chromosomes that reduce
the predicted distance to the target formation quickly while
maintaining conservative separation margins from other UAVs
and obstacles.

IV. EXPERIMENTAL RESULTS

This study conducts several experiments to validate the ef-
fectiveness of the EOSPP framework in a partially observable
dynamic environment, integrated with ES as the backbone
optimizer.

A. Experimental Settings

The experiments are conducted in a two-dimensional Eu-
clidean space bounded by [0,60] x [0,60]. A swarm of
N = 9 UAVs is considered. The flight is discretized into
uniform path planning time steps indexed by ¢t € {0,1,2,...},
where each step corresponds to a planning interval of du-
ration 7 = 0.2s. At each time step ¢, the ES-based opti-
mizer optimizes control vectors {w;(t)};cnr, where u;(t) =
[si(t), a;(t)]T, and the commanded translational velocity is
v;(t) = si(t)[cos a;(t), sina;(¢)]7.

The maximum speed is set t0 Spax = 2.0. The minimum
inter-UAV separation and obstacle clearance parameters are
set to dyay = 1.5 and dops = 1.0, respectively. The swarm
is initialized as a 3 x 3 grid formation with edge length 2,
centered at (30,30), as shown in Figure 2a. The pattern of
the target formation is defined as a circle centered at (30, 30)
with radius 25, where the nine target positions are uniformly
distributed along the circumference, as shown in Figure 2b.
A one-to-one assignment between UAVs and target points
is computed using the Hungarian algorithm [19] whenever a
target formation is specified.

To demonstrate the necessity of online path planning,
EOSPP is compared with a baseline strategy without online
path planning. In the baseline, the Hungarian algorithm [19]
is first used to determine the target assignment. Then, only a



TABLE I: Parameter settings.

Parameters Value
Population size p 30
Offspring subpopulation size A 2u
Parent selection 6-tournament
Mutation rate pm, 1.0
Crossover rate p. 1.0
Survival selection (1, A)
Termination 0.2s

single optimization is performed at the beginning of the flight
to determine the control vectors. No real-time optimization or
feedback-based adjustment is performed in subsequent time
steps. In contrast, EOSPP performs time-bounded evolutionary
optimization at every planning step. At each step ¢, the current
swarm state {p,(t)};en and the observable obstacle set O(t)
are provided to the ES optimizer. The ES optimizer searches
for control vectors within the computation time budget as-
sociated with each planning interval 7 =0.2s, and the best-
so-far solution is immediately applied for execution. Due to
the stochastic nature of EAs, each experimental scenario is
repeated 30 times. Table I lists the ES optimizer settings.

In this study, two scenarios are designed to test different
types of online adaptability: 1) obstacle scenario, and 2) wind
scenario. In the obstacle scenario, a static circular obstacle of
radius r, = 2.5 is uniformly sampled at the two-dimensional
Euclidean space bounded by [0,60] x [0,60]. The obstacle
is assumed observable and is included in constraint checking
and fitness evaluation through O(¢). In the wind scenario, a
wind gust is injected as an additive velocity disturbance during
execution. The wind is assumed spatially uniform and identical
for all UAVs at a given time step. In this scenario, a constant
wind v, (t) = [0.25, 0.5] is applied starting from a random
time step and remains active thereafter.

B. Results and Discussion

First, the effectiveness of the EOSPP framework is evaluated
in the presence of a static obstacle, with the goal of verifying
whether real-time path planning can preserve safety while
guiding the UAV swarm toward the target formation under
obstacle-induced constraints. Figures 3 shows the anytime
behavior of the UAV swarm in the obstacle scenario, in
comparison with that in the wind scenario (Figure 4). The
performance is measured by the sum of Euclidean distances
from all UAVs to their assigned target points at each time step.
With online planning (blue curve), the aggregate distance de-
creases steadily and ultimately approaches zero, indicating that
the swarm completes the formation transition while satisfying
the safety constraints. In contrast, the baseline without online
planning (red curve) only reduces the distance in the early
stage and then terminates prematurely because at least one
UAV collides with the obstacle.

Figures 5 and 6 visualize the swarm evolution at represen-
tative time steps with online path planning using EOSPP, and
without online path planning, respectively. Under online path
planning, the swarm expands outward from the compact initial
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Fig. 3: Anytime behavior of the UAV swarm in the obstacle
scenario.
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Fig. 4: Anytime behavior of the UAV swarm in the wind
scenario.

grid, locally adjusts headings to detour around the obstacle,
and then resumes directed motion toward the assigned targets
once the obstacle is cleared. The resulting trajectories are
smooth and collision-free, indicating that EOSPP with ES opti-
mizer can generate control vectors that anticipate the obstacle
before contact based on the observed obstacle set. Overall,
these results confirm the necessity of online planning for
safety-critical formation transitions, where feasibility cannot
be ensured by an initial plan alone, while iterative optimization
with updated swarm states enables robust convergence to the
target formation.

Next, the effectiveness of the EOSPP framework is evalu-
ated in the presence of an unobserved wind disturbance that
perturbs the executed motion of the UAV swarm. The goal
is to examine whether continual planning can compensate for
wind-induced drift and still achieve convergence to the target
formation. Figure 4 shows the anytime behavior of the swarm
in the wind scenario, where the dashed vertical line indicates
the time step at which a constant wind is activated and remains
present thereafter. Before the wind is applied, both methods
reduce the sum of distances to the target points, reflecting
that an initially optimized plan can drive the swarm toward
the targets in a disturbance-free setting. After the wind onset,
the baseline without online planning (red curve) exhibits a
persistent increase in the distance, indicating that the fixed
control strategy cannot counteract the accumulating drift and
thus moves the swarm away from the intended formation. In
contrast, EOSPP with online planning (blue curve) continues
to decrease the distance over time and ultimately converges,
demonstrating that the online path planning strategy provides
an effective feedback correction mechanism under partially
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TABLE II: Performance of EOSPP over 30 independent runs
per scenario.

Scenario Success Rate Path Length #Timesteps
Obstacle 1.0 232.3+ 8.2 383+1.6
Wind 1.0 384.7+19.4 104.0 £ 5.1

observable disturbances.

Figures 7 and 8 further visualize how the two strategies
respond to wind. With online planning using EOSPP, the
trajectories progressively adapt after the wind onset by ad-
justing headings and speeds so that the realized positions
remain aligned with the target-directed motion despite the
unmodeled disturbance. In comparison, the baseline trajecto-
ries deviate increasingly from the intended directions after the
wind is applied, and the resulting drift accumulates because
no corrective action is taken beyond the initial optimization.
Overall, these results confirm that online path planning is
necessary for maintaining formation-transition performance
under unobserved environmental disturbances.

Table II summarizes the reliability of the EOSPP framework
over 30 independent runs per scenario. A run is counted as a
success if the swarm reaches the target formation within the
predefined time-step limit under either randomly placed static
obstacles or a uniform wind gust. EOSPP achieves a success
rate of 1.0 in both scenarios, indicating consistent convergence
across repeated trials. The small standard deviations in total
path length and the number of required time steps further
supporting the reliability of the EOSPP framework.

V. CONCLUSIONS

This study presents the EOSPP framework for UAV swarm
path planning in partially observable and dynamic environ-
ments. In the EOSPP, swarm navigation is formulated as a
sequence of time-bounded constrained optimization problems
solved at each planning step along the flight using the current
swarm state and observable obstacle information. An ES
optimizer is utilized within a fixed computation budget to
generate swarm-level control vectors that satisfy kinematic
feasibility, inter-UAV separation, and obstacle clearance con-
straints. By repeatedly planning under a time limit, the EOSPP
framework enables continuous correction of executed motion
under unobserved wind disturbances while preserving real-
time feasibility. Experimental results in obstacle and wind
scenarios demonstrate the effectiveness of EOSPP. Compared
with a baseline that performs only a single optimization
without online path planning prior to flight execution, EOSPP
consistently achieves safe convergence to the target formation,
whereas the baseline fails due to collision in the obstacle
scenario or accumulated drift after wind onset. In addition, the
anytime behavior confirms that EOSPP with ES can provide
high-quality best-so-far solutions within strict computation
budgets, supporting the practicality of evolutionary online path
planning for safety-critical swarm formation transitions.

Future research can extend the EOSPP framework in sev-
eral directions. First, the current one-step formulation can

be extended to multi-step predictive planning to improve
trajectory smoothness under more complex environments. Sec-
ond, improving computational efficiency and parallelization
may enable scaling to larger swarms under tighter time bud-
gets. Finally, extending the framework to three-dimensional
workspaces and heterogeneous UAV dynamics remains an
important direction for broadening applicability in real-world
swarm missions.
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