4
& acrospace
g ey

Article

Rapid Linear Formation Establishment During UAV

Swarm Takeoff

Enrique Machi !, Henok Gashaw-Abejie 2(”), Jamie Wubben 10, Enrique Hernandez-Orallo !

and Carlos T. Calafate '*

W) Check for updates

Academic Editors: Bosko Rasuo and

Marco Ciarcia

Received: 2 January 2026

Revised: 20 February 2026

Accepted: 28 February 2026
Published: 2 March 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Department of Computer Engineering, Universitat Politecnica de Valencia, 46022 Valencia, Spain
Department of Electrical and Computer Engineering, Bahir Dar Institute of Technology, Bahir Dar University,
Bahir Dar, Ethiopia

Correspondence: calafate@disca.upv.es

Abstract

Achieving a fast and safe takeoff procedure for UAV swarms poses significant challenges,
particularly when the target aerial formation is linear. In such formations, UAVs often
follow overlapping paths, which increases collision risks or forces the use of overly conser-
vative strategies that prolong takeoff time. To address these issues, this study investigates
how attraction-repulsion mechanisms can accelerate the takeoff phase while ensuring
safety through fully distributed control. We evaluate five takeoff methods—Sequential,
Staggered, Simultaneous, Simultaneous with Magnetic Repulsion (M1), and Simultaneous
with Magnetic Repulsion and Dispersion (M2)—under two initial ground setups (Matrix
and Random) and varying swarm sizes. The primary objective is to achieve low takeoff
times when targeting linear aerial formations while maintaining operational safety. Using
a simulation-based approach with controlled environmental conditions, total takeoff time
and safety (measured as episodes where UAVs violate a predefined separation distance)
were analyzed. Results confirm that simultaneous strategies substantially reduce takeoff
time, whereas the proposed repulsion- and dispersion-based mechanisms significantly
mitigate conflicts in dense deployments. Overall, the study highlights a practical trade-off
between speed and safety and shows that the proposed M2 mechanism offers an efficient
and robust solution for organizing UAV swarms into linear formations.

Keywords: UAV swarm; takeoff; linear formation; collision avoidance; distributed control;
magnetic repulsion; dispersion; multi-robot systems

1. Introduction

Unmanned aerial vehicles (UAVs) are increasingly being deployed across diverse
application domains—ranging from precision agriculture and environmental monitoring
to emergency response and infrastructure inspection—because of their versatility, cost-
efficiency, and ability to access hazardous or remote environments that are otherwise
difficult to reach [1,2]. With the rise of cooperative multi-UAV systems (swarms), mission
complexity has grown significantly, placing new demands on coordination, autonomy;,
and safety. Medium- to large-scale UAV swarms, in the range of 15-25 agents or beyond,
arise naturally in several operational domains. Examples include (i) post-disaster rapid
mapping missions, in which fleets of UAVs can be launched simultaneously to survey large
affected regions in minimal time [3,4]; (ii) environmental monitoring campaigns—such as
coastline inspection, wildfire perimeter tracking [5], where missions benefit from deploying
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20+ units in parallel to maximize spatial coverage; and (iii) security and infrastructure
operations, where coordinated inspection of long linear assets (pipelines, power lines,
or rail corridors) is performed by swarms exceeding 15 UAVs [6]. In all these scenarios, fast
and safe collective takeoff is essential because deployment time strongly impacts mission
effectiveness, and there is typically limited safe airspace near the ground. In this context,
the takeoff phase of a UAV swarm, encompassing the entire process from the time the
UAVs depart from their ground positions until they reach their target position, defined
according to the swarm formation, is critical since it sets the foundation for formation
coherence, collision avoidance, and overall mission efficiency. However, it presents a
critical operational bottleneck due to the limited battery lifetime these flying artifacts
typically offer.

Achieving a fast and safe takeoff becomes particularly challenging when the desired
aerial formation diverges from the ground deployment layout, requiring more maneuvers
than a mere vertical takeoff. This difficulty is amplified when the target formation is
linear, since UAVs tend to follow overlapping ascent and transition paths, substantially
increasing collision risks. More conservative strategies can mitigate these risks but often
lead to excessive delays (especially in large swarms or when ground deployment is dense
or irregular [7]). Despite extensive research on formation control and in-flight coordination,
comparatively little attention has been devoted to the takeoff phase itself, even though
it exerts a disproportionate influence on both takeoff time and operational safety. These
challenges motivate the search for takeoff algorithms that balance speed with robust
collision-avoidance mechanisms.

Existing takeoff strategies typically fall into two paradigms. Sequential deployment,
in which UAVs ascend one at a time, maximizes safety but results in long startup durations.
Simultaneous deployment greatly reduces takeoff time, but increases the risk of collisions
as UAVs ascend and maneuver in close proximity. To overcome such issues, this work
introduces two novel methods that leverage the Directional Force Field Protocol (D-FEP [8]),
a decentralized UAV swarm control protocol that uses direction-dependent repulsion
to prioritize collision avoidance along each agent’s flight path, reducing unnecessary
maneuvers and improving coordinated swarm movement. The first method enhances the
simultaneous deployment baseline by integrating repulsion during the maneuvers, while
the second adds a pre-dispersion step to reduce initial adjacency before movement toward
the final formation. These mechanisms are designed to accelerate the takeoff procedure
while maintaining a distributed structure with low computational complexity.

The primary objective of this study is to develop and evaluate algorithms that
optimize the takeoff process of UAV swarms under realistic operational constraints.
Specifically, the work aims to (i) implement a repulsion-integrated simultaneous takeoff
method, (ii) design a hybrid approach combining spatial dispersion with force-field-guided
ascent, and (iii) assess their performance against traditional strategies across varying
swarm sizes and initial deployments. Experimental results obtained through system-
atic simulations show that the proposed mechanisms substantially accelerate the takeoff
procedure—achieving times close to those of simultaneous takeoff—while maintaining
collision risk at levels comparable to sequential deployment. Overall, the findings demon-
strate that these new methods offer fast, safe, and practically deployable solutions for
organizing UAV swarms into target formations, particularly linear ones.

The remainder of this paper is organized as follows. Section 2 reviews the relevant
literature on UAV swarm coordination, takeoff strategies, and force-field-based control
methods, highlighting the gap addressed by this study. Section 3 presents the proposed
Takeoff Methods, both previous and proposed Approaches, detailing the nature-inspired
control scheme and the novel intermediate strategies. Section 4 then describes the Experi-
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mental Setup and Methodology, outlining the simulation environment, defined scenarios,
and evaluation metrics. Section 5 reports the experimental results, analyzes trends in
takeoff time, path length and safety, and discusses the implications of initial formations
and swarm sizes. A brief discussion of the results achieved and insights gained from this
work is provided in Section 6. Finally, Section 7 concludes the paper and outlines directions
for future research to further enhance UAV swarm takeoff operations.

2. Related Work

The efficient and safe deployment of UAV swarms is a rapidly evolving area of
research, primarily concerning two distinct but interdependent challenges: coordinated
formation control and robust collision avoidance under strict time constraints. Our study
focuses on the critical initial phase—simultaneous swarm takeoff—which bridges these
two areas under high-density constraints.

The existing literature can be categorized into three main themes: fundamental multi-
agent control for formation maintenance (Section 2.1), sophisticated collision avoidance
mechanisms (Section 2.2), and, most relevantly, integrated take-off and scheduling strategies
(Section 2.3).

2.1. Swarm Formation and Maintenance Strategies

The foundation of any successful swarm operation is a robust Multi-Agent System
(MAS) control architecture that can reliably achieve formation goals.

Earlier work by Agrawal et al. [9], establishes the necessary decentralized consensus-
based control for combining formation, waypoint following, and general obstacle avoidance.
Expanding upon this, the study by Fu et al. [10] directly addresses the issue of formation
maintenance and transformation. This method uses consistency control laws between
individual UAVs and a virtual leader to manage both position and speed. It further inte-
grates the Artificial Potential Field (APF) method for basic obstacle avoidance, and utilizes
the Consensus-Based Bundle Algorithm (CBBA) to flexibly re-allocate positions during
formation transformation.

Recent studies have advanced multi-UAV formation control by addressing limitations
of traditional APF and leader-follower approaches. Li et al. [11] propose an improved APF
integrated with consensus control, overcoming local minima and accelerating formation
convergence in dense, unknown environments. Zhang et al. [12] develop dynamic recon-
figuration strategies for leader-follower swarms, including leader election and follower
detachment mechanisms, ensuring swarm cohesion despite agent losses or communication
failures. Zhu et al. [13] introduce CMUFC, which adapts formation topology and employs a
speed-based APF to maintain connectivity and safely navigate obstacle-rich environments.
These works collectively demonstrate the state-of-the-art in distributed control for in-flight
maneuvers and obstacle handling; yet, they typically treat the initial swarm deployment
phase as an auxiliary problem, not the primary safety challenge.

2.2. Real-Time Collision Avoidance and Trajectory Optimization

The safety constraint in dense flight necessitates sophisticated conflict resolution mech-
anisms. Basic reactive approaches, like the emergency control algorithm proposed in [7],
focus on defining sufficient conditions and using a conflict buffer to switch between safe
and danger modes. Proactive methods, such as the predictive control used in [14], integrate
safety into trajectory planning, even under complex constraints. A significant advancement
is seen in [15], which applies Artificial Intelligence (AI) techniques for trajectory generation.
This work introduces an Integrated Collision Detection, Avoidance, and Batching (ICDAB)
strategy. This strategy cleverly merges two complementary techniques: changing UAV tra-
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jectories and altering their starting times (batching). By integrating these, it seeks to reduce
complex path manipulations and minimize the overall takeoff time, addressing the very
trade-off between path complexity (safety) and time efficiency (speed) that is central to our
work. However, the use of Al for prediction introduces computational complexity that may
be difficult to implement in simple, distributed systems for immediate ground maneuvers.

Shi et al. [16] propose a real-time UAV trajectory planning method combining deep
reinforcement learning with adaptive nonlinear MPC, improving control accuracy, response
speed, and obstacle avoidance in dynamic environments. Madabushi et al. [17] focus on
close-proximity control of UAV swarms using receding horizon NMPC, maintaining safety
within bounded trajectories and enabling highly dynamic maneuvers. While these studies
advance collision avoidance and trajectory optimization, they assume UAVs are already
airborne, leaving high-density simultaneous takeoff largely unaddressed.

2.3. Integrated Take-Off Management and Scheduling

The most direct comparison to our study’s focus on the initial deployment phase
comes from research on integrated take-off scheduling. The work on [18] is highly relevant,
although focused on Urban Air Mobility (UAM) and large-scale eVTOL (electric Vertical
Take-Off and Landing) aircraft. This work proposes a Hierarchical Coordinated Take-off and
Merging Management (HCTMM) strategy which includes a novel take-off airspace design.
The strategy operates at tactical (scheduling take-off times) and operational (trajectory
optimization) levels to strictly ensure safety and efficiency during the initial take-off and
merging phases into a high-traffic corridor. The core idea is to manipulate take-off times and
merging points to manage conflict. While [15,18] directly address takeoff time overheads
by optimizing scheduling/batching (the temporal dimension), they ultimately default to
sequential or staggered deployment to ensure safety.

Zheng et al. [19] propose a unified framework for UAV fleet deployment in last-mile
delivery, integrating strategic depot location, fleet allocation, and operational scheduling.
Using deterministic, stochastic (SAA), and robust optimization models, their approach
balances cost, service reliability, and UAV availability under uncertain demand. While
focused on delivery logistics, it highlights the importance of combining strategic and
operational decisions for efficient UAV operations. However, like other takeoff management
studies, it generally assumes UAVs are already in operation, leaving the simultaneous
high-density takeoff phase—the focus of our work—largely unexplored.

Existing literature effectively handles in-flight formation [14], reactive collision avoid-
ance [9,20], and temporal scheduling for deployment [15,18]. However, a clear solution for
achieving a truly simultaneous (zero time delay) takeoff for a dense swarm from an arbitrary
ground formation, while maintaining collision safety, is lacking. Pure simultaneous lift-off
is unsafe (as shown by our Sequential vs. Simultaneous comparison), and optimization
methods [15,18], achieve safety by re-introducing a time penalty via scheduling/batching.
This gap highlights the need for decentralized strategies capable of balancing speed and
safety without relying solely on temporal deconfliction mechanisms.

Our work addresses this critical gap by investigating takeoff procedures adopting
the Simultaneous with Magnetic Repulsion and Dispersion (M1 and M2) method. This
approach maintains the minimal time overhead of a simultaneous takeoff strategy by using
a bio-inspired, cooperative pre-emptive repulsion mechanism to manage the high-density
conflict during the initial vertical ascent, rather than relying on delayed scheduling or
complex, large-scale trajectory prediction. This provides a decentralized, low-computation
solution that resolves the fundamental trade-off between deployment speed and immediate
swarm safety.
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3. Takeoff Methods

This section introduces the five takeoff methods evaluated in this study: three con-
ventional baselines (Sequential, Simultaneous and Staggered) and two novel algorithms
based on the D-FFP (M1 and M2). The primary goal of the new methods is to mitigate the
inherent collision risks associated with simultaneous takeoff while substantially preserving
its speed advantages.

Before describing the five evaluated takeoff strategies, below we provide a concise
but explicit definition of the UAV platform model, its sensing and actuation capabilities,
the adopted flight-control interface, and the dimensionality assumptions of the analysis.

3.1. UAV Platform Model Overview

Each UAV is modeled as a quadrotor governed by a low-level autopilot in ArduPilot
SITL (Software-in-the-Loop) that receives high-level velocity commands from our controller.
During takeoff, the UAV performs a 3D motion consisting of: (i) a vertical ascent phase
fully simulated in 3D; and (ii) a horizontal transition phase, where altitude remains fixed at
hsate and motion is therefore described in 2D (x—y plane).

The assumed on-board sensors are: GPS (position), IMU (accelerometer + gyroscope),
magnetometer (heading), and barometric altimeter (altitude). The autopilot exposes a
guided mode that accepts desired velocity vectors (vy, vy, v;), which are internally con-
verted into rotor thrust and attitude setpoints. Our controller therefore does not manipulate
the UAV dynamics directly; instead, it computes a desired motion vector u that is saturated
and sent as a high-level velocity command.

Throughout all experiments, UAV motion during the horizontal transition phase
is modeled as a 3-DoF planar system over a fixed-altitude surface. Vertical motion is
fully simulated only during takeoff and landing, while the horizontal D-FFP guidance
operates on a constant-altitude layer at i5,¢. This makes the analysis effectively 2D for the
formation-reorganization stage, while preserving realistic 3D dynamics during ascent.

Neighbor detection relies on ad-hoc wireless communication with periodic broadcast
messages at 10 Hz. The simulator assumes negligible latency and no packet loss. Each UAV
maintains a local table containing the most recently received positions of neighbors within
a 60 m radius for D-FFP calculations.

3.2. Baseline Methods

Sequential Takeoff: In this strategy, UAVs lift off one at a time in a predefined order,
ensuring maximum spatial separation and minimizing collision risk. The method is highly
safe and robust to delays or actuator variability, but its main drawback is the long takeoff
time, which scales linearly with the swarm size. This is illustrated in Figure 1.

Simultaneous Takeoff: In this strategy, all UAVs ascend at the same time toward
their assigned positions, achieving the shortest possible takeoff time. However, the lack of
temporal separation greatly increases collision risk, especially when initial spacing is small
or when UAV trajectories intersect. This is illustrated in Figure 2.

Staggered takeoff: This strategy is a combination of the previous two, whereby UAVs
takeoff in groups. For our particular target formation (linear), these will be groups of two
UAVs, so that they move in opposite directions, as illustrated in Figure 3. This is the basic
requirement to minimize collision risks.
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Figure 1. Sequential takeoff: UAVs ascend one at a time, ensuring maximum spatial separation and

minimizing early-stage conflicts.
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Figure 2. Simultaneous takeoff: all UAVs ascend concurrently toward their assigned formation slots,
minimizing total time at the cost of increased collision risk.
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Figure 3. Staggered takeoff: UAVs take off in pairs (represented by boxes of the same color) moving

in opposite directions, reducing traje

3.3. Proposed Methods

ctory overlap relative to fully simultaneous ascent.

To overcome the safety limitations of Simultaneous Takeoff, we introduce two novel

strategies (M1 and M2) based on

the Directional Force Field Protocol (D-FFP). D-FFP ex-

tends the classical Force Field Protocol (FFP) [21], where each UAV responds to attractive
and repulsive virtual forces. While FFP uses omnidirectional repulsion, D-FFP concen-
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trates repulsion in the UAV’s forward direction, improving collision avoidance in dense,
dynamic environments.

In D-FFP the heading of the UAV will always point toward the direction of its move-
ment, so the directional property of the force field radiation will also match this heading.
An example of this radiation pattern is represented in Figure 4, where the speed vector
represents the heading and movement of the UAV.

The full motion command issued by our controller is defined as:

u= Sat<Fatt +), Ff‘éi}) , @
jEN

where Fq is the attractive force toward the assigned waypoint, FEQ) is the repulsive force

induced by neighbor j, N denotes the set of detected neighbors, and sat(-) is a veloc-

ity—saturation operator ensuring ||u|| < vmax.
The attractive force is given by

Fatt = katt (Pf -p) 2

with katt > 0, current position p, and target position py.
For each neighbor j, the repulsive force is:

R kg R0, 41) 65, ;

cos(df~0j), 0; € {—ﬁ,ﬁ}

C, 0 ¢ |~ 257

where #; points away from neighbor j, d; is the inter-UAV distance, f(d) is a decreasing
function active only for d < f;g, and R(6;,df) is the angular directional gain defined in

R(0j,df) = (4)

Equation (4).

oy

Figure 4. Three-dimensional directional radiation pattern used in the D-FFP repulsion mechanism,
where frontal repulsion is emphasized to mitigate conflicts along the movement direction.
3.3.1. Method 1: Simultaneous Deployment with Directional Force Field (M1)

This method enhances the Simultaneous baseline by integrating D-FFP from the
moment all UAVs reach the safe altitude.
The complete algorithmic description of M1 is provided in Algorithm 1.
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Algorithm 1 Method 1 (M1): Simultaneous Takeoff with D-FFP

: All UAVs take off vertically until altitude /4, is reached.
: Activate D-FFP; initialize neighbor tables.
while not all UAVs have reached their target slots do
for each UAV i do
Receive latest neighbor positions.
Compute F,yt using Equation (2).

Compute repulsion terms Fﬁg, using Equation (3).
Compute motion command u; (Equation (1)).
Send u; to autopilot as velocity setpoint.
end for
end while

R N T o

==
=)

The operational steps of M1 remain as originally described, but the above algo-
rithm clarifies how the attractive and repulsive fields are computed, combined, saturated,
and transmitted to the autopilot.

3.3.2. Method 2: Deployment with Spatial Dispersion and Directional Force Field (M2)

This method extends M1 by introducing a spatial-dispersion phase designed to
reduce high-density conflicts early in the maneuver. Before converging to their final
linear-formation slots, UAVs move toward intermediate dispersion waypoints that inten-
tionally increase separation and angular diversity (see Figure 5).

In contrast to M1, which relies solely on repulsion during the post-takeoff horizontal
transition, M2 proactively reshapes the initial configuration by driving the swarm through
a geometrically defined detour. This improves flow regularity, reduces sharp repulsion
spikes, and prevents multi-UAV bottlenecks.

Algorithm 2 provides a complete pseudo-code description of the control loop, comple-
menting the reviewer request for implementation clarity.

A ?‘"1"‘7 TS ";’"»‘7 Lol A
50m
. __‘ ~ Red scribble: D-FFP
s R Stage 1: blue dotted line
R = Stage 2: magenta dotted line
s Stage 3:

Figure 5. Illustration of the M2 approach combining initial vertical ascent, a dispersion phase leading
to intermediate waypoints, and final convergence to the target linear formation.
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Algorithm 2 Method 2 (M2): Spatial Dispersion + D-FFP

: All UAVs take off vertically until reaching hg,ge.
: Activate D-FFP.
: for each UAV i do
Compute intermediate waypoint p,,; using Equations (5)—(10).
end for
: Phase 1: Dispersion
: while any UAV has not reached its dispersion waypoint do
for each UAV i do
Update neighbor Table (10 Hz).
Compute u; via D-FFP (Equation (1)).
Send u; to autopilot.
end for
: end while
: Phase 2: Transition to Final Slots
: while any UAV has not reached its assigned formation position do
for each UAV i do
Update neighbor table.
Compute new F, toward Psi-
Compute repulsion terms and final command u;.
Send u; to autopilot.
end for
: end while

N NN R == = = = e
MNP QYR T RN O

In M2, each UAV follows a three-stage trajectory. First, a vertical takeoff (blue trajec-
tory) brings all UAVs to a fixed safe altitude. Next, D-FFP remains active while each UAV
heads toward its assigned intermediate dispersion point (magenta trajectory), computed
using the geometrical construction described below. Finally, UAVs transition from these
dispersed locations to their final slots (orange trajectory), maintaining D-FFP activation
until formation error falls below threshold.

The dispersion geometry is defined as follows, following the nomenclature used in
Table 1. Let p; = (x;,y;) denote the initial ground position and ps = (xf,yy) the final
formation position of a UAV. A reference perimeter

P=(N—-1)dyom ®)

is computed from the swarm size and a nominal spacing parameter d,,,;, which refers to
the target inter-UAV distance in the flight formation.

Table 1. Nomenclature used.

Symbol Description

N Number of UAVs in the swarm

p UAV current position vector

pi UAV initial ground position vector

43 Final target slot in the formation vector
Pw Dispersion waypoint (M2 protocol)

Kate [s71] Attractive gain in D-FFP

krep [s71] Repulsive gain in D-FFP

fra [m] Repulsion activation distance

af [-] Frontal weighting parameter

CIl-] Minimum omnidirectional repulsion gain
Umax [M/s] Maximum horizontal speed

VZax [M/s] Maximum vertical speed

deor [m] Separation-violation threshold

ds [m] Dispersion spacing parameter (M2)
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Let
b= |x; — xg| (6)

represent the horizontal projection of the initial displacement.
The vertical leg a of a right triangle satisfying perimeter P follows from:

a+b+Va2+p2="P (7)

which yields
P2 —2Pb
T 2(P—0b) ®
The resulting perpendicular offset of is
of =a+|yi—yrl )
Thus, the dispersion waypoint py, = (Xw, Yw) is:
Xw = Xf,
yf+0f/ Yi ny/ (10)
Yw =
yr—of, yi <ys.

This ensures that each intermediate waypoint lies on a vertical line aligned with the
final formation, but at a controlled offset that increases angular separation between UAV
trajectories. This geometric construction reduces early-stage trajectory crossings, helping
the D-FFP repulsion term remain within operational bounds.

Notice that this intermediate point py, = (X, Yw) is computed to enforce a controlled
lateral spread that scales with swarm size. In particular, parameter P (Equation (5)) determines
the effective “detour perimeter” and directly influences the lateral offset magnitude. Larger
swarms thus receive proportionally larger dispersion radii, reducing path intersections.

Overall, M2 significantly improves collision mitigation by decoupling the swarm
before the final alignment phase, and by allowing D-FFP to operate in a less congested
configuration. This process improves safety, but it necessarily introduces additional flight
distance and a moderate increase in maneuver time compared to M1. Thus, in constrained
environments, P or ds must be reduced to avoid unnecessary deviation.

The operational behavior and performance implications of both M1 and M2 under
different swarm sizes and ground layouts are detailed in Section 4, where we describe the
simulation environment and parameter settings.

4. Experimental Setup and Methodology

A UAV swarm is modeled to perform the takeoff phase with the goal of achieving a stable
linear formation when departing from arbitrary initial positions. Each UAV functions as an
autonomous agent, making local decisions based on the positions of neighboring drones and
its target location in the aerial formation. Collectively, the swarm exhibits coordinated behavior
while maintaining scalability, fault tolerance, and operational safety [1,2,8]. The control
strategy used to validate our proposed approaches is the D-FFP field-based method described
in Section 3, where motion results from combining attractive forces toward the assigned
waypoint (target position) and directional repulsive forces from nearby UAVs.

The simulation environment implements these principles in a discrete-time loop.
At every control cycle, each UAV computes the resultant vector from attractive and
repulsive forces—see Equations (2) and (3)—after which a velocity-saturation operator
is applied to ensure realistic dynamics. The UAV’s heading is always aligned with its
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resulting motion vector. This framework provides a robust basis for evaluating takeoff
strategies across controlled scenarios.

To ensure full reproducibility and methodological clarity, the following elements are
explicitly defined:

4.1. UAV Platform and Control Interface

Each UAV is simulated as an ArduCopter SITL quadrotor operating in guided mode.
The D-FFP controller outputs a 3D velocity command u = (vy, vy, v;) computed according
to Equation (1) and constrained to ||u|| < vmax. The autopilot internally translates these
setpoints into thrust and attitude commands. During vertical ascent and descent, full 3D
motion is simulated; during the horizontal transition phase, altitude remains fixed at hig,¢,
resulting in effectively 2D motion on a constant-altitude surface.

4.2. Sensors and Neighbor Awareness

Each UAV provides GPS position (x, y, z), inertial attitude/heading via IMU and magne-
tometer feedback, along with barometric altitude. Inter-UAV communication occurs through
10 Hz broadcast messages, with each UAV maintaining a neighbor table for others within a
60 m range. Entries older than 0.5 s are discarded to ensure real-time responsiveness.

4.3. Guidance Loop and Velocity Saturation
The guidance loop runs at 10 Hz. At each cycle:

1.  Update neighbor table,
Compute attractive force Fo; toward the current target (either dispersion waypoint or
final slot), 4

3.  Compute directional repulsion forces FEQ, for all neighbors j,

Form the combined vector via Equation (1),

-

5. Apply velocity saturation and send command to autopilot.

Unless otherwise specified, we use vmax = 6 m/s (horizontal) and v%,,, = 2m/s (vertical).

4.4. Waypoint and Arrival Tolerances

Arrival to an intermediate waypoint (M2) is declared when ||p — pgoa|| < ewp with
éwp = 2m; notice that pg,, refers to the generic target of the waypoint, which can be py,
or py. 1. Final-slot arrival is declared when the error drops below &g, = 1m. These
tolerances influence both total takeoff time and the likelihood of near-encounter events,
and therefore are reported explicitly.

4.5. Directional Repulsion Parameters

Unless otherwise stated, directional repulsion uses: f,q = 35m (activation distance),
kar = 0.15s571, krep = 0.45 s L, d f = 1.6 (frontal weighting), and C = 0.05 (minimum
omnidirectional gain). The distance-decay profile is f(d) = max{0, (f,g —d)/ fra}- Slope
values {3,6,9,12} were tested during calibration, and the best-performing configuration
was fixed for all experiments.

4.6. Simulation Environment

The experiments were conducted using ArduSim [22], a real-time flight simulator de-
signed for multi-UAV coordination studies. The UAV dynamics in our simulation are provided
by the ArduPilot Software-in-the-Loop (SITL) environment, which includes a built-in Flight
Dynamics Model (FDM) that integrates actuator commands into full 3-D vehicle motion
and sensor outputs. The SITL platform has been widely used and validated in the scientific
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literature, including controlled experiments with ArduPilot’s dynamic model [23], as well as
comparative evaluations of SITL’s dynamic fidelity for multicopters [24,25].

ArduSim executes one SITL process per UAV and provides a multi-agent layer that
runs the D-FFP controller and communication threads. Velocity commands are inserted
through the guided-mode API at 10 Hz. A synchronization barrier enforces that all UAVs
finish each stage of the takeoff procedure (e.g., dispersion — formation alignment) before
advancing to the next phase, guaranteeing repeatability across runs. Mobility traces
sampled at 10 Hz are exported for post-processing of trajectories, safety events, and path-
length metrics.

This environment has been validated in prior work [8,26] for multi-agent formation
control and tactical conflict management. It enables consistent, reproducible evaluation of
takeoff strategies across diverse initial configurations.

External perturbations such as wind are intentionally omitted to establish a controlled
baseline for fair comparison across takeoff methods. These experiments focus on isolating
the intrinsic behavior of each strategy without confounding environmental variability.
Robustness to wind and other disturbances will be addressed in future work.

4.7. Defined Experiments and Scenarios

The main controlled factors in our evaluation are:
*  Takeoff Method: Sequential, Simultaneous, Staggered, M1, and M2.
e Swarm Size: N € {5,10,15,20,25}.
*  Ground Deployment: Random or Matrix (regular grid).
¢  Target Formation: Linear with nominal spacing dnom = 50 m.

Environmental and operational parameters appear in Table 2. For each configuration,
multiple independent trials were conducted to ensure statistical robustness.

Table 2. Environmental and Operational Parameters (with units).

Parameter Value  Description

Target altitude hg,e 20 m Fixed altitude during horizontal transition
Nominal slot spacing dnom 50 m Target inter-UAV spacing in the final line
Potential collision threshold d; 10 m Minimum allowed distance between UAVs
Repulsion activation f4 35m Distance for repulsion onset (dqo) < fiq < dnom)
Max. horizontal speed vmax 6m/s Velocity saturation

Max. vertical speed v, 2m/s  Vertical saturation

Arrival tolerance ewp 2m For dispersion waypoints (M2)

Arrival tolerance €y 1m For final formation

Comm. rate 10Hz  Neighbor beacons

External perturbations Omitted No wind, ideal comm. for baseline reproducibility

Notice that external perturbations such as wind are intentionally omitted to establish
a baseline scenario for reproducibility. Future work will consider realistic disturbances.

4.8. Initial Ground Configurations

For ground deployment we do not assume the presence of precisely engineered
docking structures and motion-capture or RTK systems. Instead, we address general-
purpose field deployments where UAVs may not be pre-aligned or anchored to fixed launch
pads. In these environments, GNSS-based localization, heterogeneous ground conditions,
and motor-startup variability justify the use of a conservative minimum ground separation
of 5 to 10 m. In addition, the adoption of field-force protocols further justify increasing
such range to prevent large repulsion values upon protocol activation. Considering these
factors, two initial UAV layouts were tested (see Figure 6):
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¢ Random Configuration: UAVs are positioned randomly, ensuring a minimum separa-
tion of 20 m.

¢  Matrix Configuration: UAVs are arranged on a uniform grid with 20m spacing
between adjacent UAVs.

We have set minimum ground distances between UAVs at 20 m to prevent potential
collisions during takeoff due to GPS/GNSS errors. Slot assignment is performed via a
heuristic based on proximity to a central reference, minimizing unnecessary early trajectory
crossings. While 25 UAVs were used in the simulations, Figure 6 shows 40 points for
illustrative clarity.

Matrix Formation Random Formation
>=20m
o o o e © ®
>=20m .
e ©
® ©o 06 ¢ ¢ o0 °
.o e
0
® ©6 06 0 o 0\."' o .0
®
® © © 0 o ® o 4 o
® ©6 06 06 ¢ o © 0 g o
e o 0 0 o ¢ o ,°
® © 0 0 o ° ... ®
® o
e 0o 0600 o ® o4

Figure 6. Example ground deployments used in experiments: (left) matrix configuration with
uniform spacing; (right) random configuration ensuring minimum ground separation.

4.9. Execution Environment and Coordination

Each UAV runs both the autopilot and the D-FFP controller in a decentralized manner.
Neighbor tables are continuously updated, and motion commands are sent at 10 Hz. A syn-
chronization barrier ensures orderly progression across stages. After reaching their final
positions, UAVs perform a coordinated landing.

4.10. Performance Metrics

Evaluation is based on three primary metrics:

Total Takeoff Time: Time until all UAVs reach their assigned aerial formation slots.

Number of Near-collision events: Count of all episodes where inter-UAV distance
falls below d.

Path length: As a proxy for energy, the per-UAV average path length is

L= 2 llpi(t + At) — pi(1)]l, (11)

1N
=1t

N
1
Each configuration was executed n = 20 times with independent random seeds.
Plots report means with +one standard deviation as error bars. Median values were also
evaluated and showed negligible deviation from the means.
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5. Results and Discussion

This section presents the comparative evaluation of four UAV takeoff methods: Se-
quential, Simultaneous, Staggered, Simultaneous with Magnetic Repulsion (M1), and Simul-
taneous with Magnetic Repulsion and Dispersion (M2) under two types of initial ground
setup: Matrix and Random. The main objective is to analyze how these methods perform
in terms of total takeoff time and safety, measured as the number of collisions or episodes
where UAVs come closer than the predefined safe distance, specifically when targeting a
linear aerial formation.

Experiments were conducted for swarms of varying sizes (N = 5, 10,15, 20, 25), apply-
ing identical environmental and communication conditions across all methods. By system-
atically varying the ground setup, the evaluation aims to quantify the trade-offs between
speed and safety, and to identify the most effective approach for organizing UAVs into a
linear formation from diverse starting setup.

The results are reported using summary statistics and graphical representations to
facilitate direct comparison and to highlight trends as the swarm size increases.

5.1. Performance vs. Swarm Size

The performance of each takeoff method was evaluated as the number of UAVs in
the swarm increased (N € {5,10,15,20,25}). Results were analyzed separately for the two
initial ground setup: Matrix and Random.

Total Takeoff Time: Figures 7 and 8 show the results achieved for both deployments.
We can see that the Sequential approach consistently exhibited the longest takeoff times,
with time increasing approximately linearly with the number of UAVs. For example, in the
Matrix setup, takeoff time rose from 118.3 s at N = 5 to 1305 s at N = 25. This indicates
that sequential takeoff scales poorly for large swarms.

Simultaneous takeoff methods (with or without magnetic repulsion) showed signifi-
cantly faster takeoff times across all swarm sizes. In the Matrix setup, standard Simultane-
ous takeoff required only 24.7 s at N = 5 and 357.7 s at N = 25, with the Random setup
showing similar trends.

—$— Sequential

4~ Staggered
1200 1" 3~ simultaneous
—3— Sim. D-FFP (M1)

—§— Sim. D-FFP (Dispersion M2)
1000 A

o]

o

o
L

Total Takeoff Time (s)
[=)]
o

400

200 -

EIS lb 1|5 2|0 2|5
Number of Drones

Figure 7. Total Takeoff time vs. Swarm Size for Matrix Formation.
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The inclusion of magnetic repulsion (M1) slightly increased takeoff time compared
to the pure Simultaneous strategy, reflecting the additional computational overhead and
corrective maneuvers introduced by repulsion forces, though the increase remained modest.

—$— Sequential

1200 Staggered

—— Simultaneous

—$— Sim. D-FFP (M1)

1000 1. —¥F— Sim. D-FFP (Dispersion M2)

800 -

600 -

Total Takeoff Time (s)

400 A

200

EIS 16 1|5 2|0 2|5
Number of Drones

Figure 8. Total Takeoff time vs. Swarm Size for Random Formation.

Adding a dispersion phase (M2) further increased takeoff time, particularly at larger
swarm sizes, as UAVs temporarily navigate to intermediate positions before forming the
final line. For instance, in the Matrix formation at N = 25, time increased to 654.4 s
(a similar increment can be observed for the Random formation).

Number of Collisions: As shown in Figure 9, sequential takeoff showed near-zero
collisions for small swarms and modest increases for larger N (Matrix: O collisions at
N =5to 19 at N = 25). Its paced procedure inherently reduced risk, much in the same
way as the staggered approach. Standard Simultaneous takeoff exhibited a sharp rise
in collisions with swarm size, reaching 43 collisions at N = 25 in the Matrix formation,
indicating poor scalability in dense deployments. Magnetic repulsion significantly reduced
collision numbers compared to standard Simultaneous, demonstrating its effectiveness in
maintaining minimum separation. For example, M1 had 32 collisions at N = 25 (Matrix),
versus 43 without repulsion. M2 further mitigated collisions, particularly for dense swarms,
confirming the value of introducing intermediate spacing. In the Matrix formation at
N = 25, collisions dropped to 22.

If we instead focus on the results achieved for the random formation (see Figure 10),
we observe similar trends, although now the curves are more spaced out. This occurs
because randomness in the deployment avoids repeating the same behaviors associated
with having a deterministic ground pattern. Below, we further detail the differences
between both deployment approaches.
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Figure 9. Collisions vs. Swarm Size for Matrix Formation.
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Figure 10. Collisions vs. Swarm Size for Random Formation.

Average Path Length: Figures 11 and 12 present the results concerning path length for
the matrix and random ground deployment cases, respectively. It is important to notice
that the results for the Sequential, Staggered and Simultaneous approaches are mostly
overlapped as UAV paths do not deviate from straight routes to their target destinations,
differently from the proposed M1 and M2 protocols, where different magnetic attraction
and repulsion forces interact, provoking path changes. We can also see clearly that, on both
figures, the M2 approach introduces greater path distances due to the added dispersion
waypoints, which represent a deviation from the straight route that can rise up to 40%. Yet,
as shown earlier, this additional distance will not necessarily represent a penalty in terms
of total takeoff time since all UAVs are able to depart simultaneously.
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Figure 11. Average Path Length vs. Swarm Size for Matrix Formation.
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Figure 12. Average Path Length vs. Swarm Size for Random Formation.

5.2. Comparison Between Initial Deployment Strategies

This section analyzes how the initial ground deployment (Matrix vs. Random) affects
the performance of the five takeoff methods. By isolating the formation type, we can assess
the influence of initial UAV spacing on both total takeoff time and safety.

Total Takeoff Time: Across all methods, Figure 13 shows that takeoff time was only
slightly affected by the initial formation. Sequential takeoff times were marginally shorter in
Random formations for small swarms (e.g., N = 5: 106.4 s vs. 118.3 s for Matrix) due to the
naturally larger separation between UAVs, which allowed slightly faster slot assignment
and ascent. For M1 and M2, differences in total time were minimal. This indicates that
these methods are largely insensitive to the specific initial arrangement, as parallel ascent
dominates the timing.
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Figure 13. Average Total takeoff time vs. ground setup.

Number of Collisions: As shown in Figure 14, the initial formation had a noticeable
impact on safety, particularly for dense or simultaneous takeoff strategies. For the Sequen-
tial takeoff procedure, collisions remained low for both ground deployments, but Random
formations occasionally reduced minor conflicts at small N due to more natural spacing.
For the Simultaneous takeoff procedure, the Random ground deployment produced higher
collision counts in large swarms (e.g., N = 25: 64 collisions vs. 43 in the Matrix layout),
indicating that unpredictable local clustering can emerge in unstructured initial placements.
The M1 method, which incorporates magnetic repulsion, consistently reduced collisions
in both formations, with modest improvements in Random layouts for smaller swarms.
The M2 method achieved the lowest collision counts across all conditions, demonstrating
that the dispersion phase effectively mitigates the risks associated with initial crowding.
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Figure 14. Average Collision risks detected vs. ground setup.
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6. Discussion

The analysis of the experimental results reveals clear trends in how different takeoff
methods perform as the number of UAVs increases, as well as the trade-offs between
deployment speed and safety. Sequential takeoff consistently required the longest total
takeoff time, with durations increasing almost linearly as the swarm size grew from five to
twenty-five drones. Despite its slower performance, Sequential maintained low collision
rates across all swarm sizes and initial formations. This confirms that while the Sequential
procedure is inherently safe, it is less suitable for larger swarms where operational speed
is critical. In contrast, Simultaneous takeoff achieved the fastest takeoff times across all
swarm sizes, aligning with the hypothesis that parallel ascent methods maximize speed.
However, the collision rate for Simultaneous takeoff increased sharply with swarm size,
particularly for randomly initialized formations, illustrating a clear trade-off between speed
and safety. These observations support the hypothesis that methods without dedicated
collision-mitigation mechanisms scale poorly in terms of safety.

The introduction of magnetic repulsion through M1 provided a balanced compromise by
reducing collisions while preserving most of the speed advantages of simultaneous ascent,
highlighting the effectiveness of directional repulsion for conflict mitigation. This demon-
strates that incorporating repulsive control forces is particularly effective in medium-density
swarms, where trajectory crossings are more frequent. The M2 method, which adds an inter-
mediate spatial dispersion phase, provided the most favorable balance between speed and
safety. While it slightly increased total takeoff time compared to M1, it considerably reduced
the number of collisions. The dispersion phase effectively opened maneuvering corridors,
reducing the need for aggressive repulsive responses and preventing trajectory conflicts,
especially in dense swarms. This confirms the hypothesis that introducing a preliminary
separation phase enhances safety without overly compromising speed.

Initial formation also influenced method performance, albeit to a lesser extent. Matrix
formations, with their regular spacing, produced slightly fewer collisions for simultaneous
strategies without dispersion, whereas random formations introduced variability that
occasionally increased collisions for larger swarms. Sequential methods showed only
minor differences between formations, as their inherently staggered approach already
minimized close encounters. Overall, formation type had a stronger effect on safety than
on takeoff time, emphasizing that control strategies are more critical than initial placement
when scaling swarm size.

The key trade-off observed in the study is between deployment speed and safety.
Sequential takeoff is reliable but slow, while raw Simultaneous takeoff is fast but increas-
ingly unsafe for larger swarms. The addition of magnetic repulsion improves safety while
maintaining moderate speed, and the further addition of dispersion produces the safest
configuration with only a modest increase in takeoff time. These findings indicate that
simultaneous takeoff strategies require additional control mechanisms to remain effective
at scale, particularly for dense or randomly initialized swarms.

Overall, these results suggest that for small swarms, method selection may prioritize
speed, but for medium to large swarms, simultaneous strategies without dispersion are
likely unsafe, and incorporating magnetic repulsion with an intermediate dispersion phase
is recommended to achieve both efficiency and safety.

7. Conclusions and Future Work

Achieving an operational procedure for the fast and safe takeoff of a UAV swarm is
prone to significant complexities, especially when the target aerial formation is linear, as all
UAVs tend to fly along overlapping paths. This substantially increases collision risks or
delays the takeoff procedure excessively if more conservative approaches are adopted.
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This work represents a step forward toward accelerating the takeoff procedure by intro-
ducing novel attraction-repulsion mechanisms that enable a fully distributed solution with
low computational complexity. In particular, we propose two new strategies—Simultaneous
with Magnetic Repulsion (M1) and Simultaneous with Magnetic Repulsion and Dispersion
(M2)—Dboth designed to enhance safety while preserving the speed of simultaneous deployment.

The comparative evaluation of the proposed UAV takeoff methods against the baseline
strategies (Sequential, Staggered and Simultaneous) highlights clear trade-offs between deploy-
ment speed and safety across different swarm sizes and initial ground formations. As expected,
the simultaneous approaches consistently achieve shorter maneuver times than the Sequential
method, demonstrating their advantage in rapid deployment. M1 introduces a moderate time
penalty due to the repulsion-based conflict-avoidance mechanism, while M2 incurs a slightly
larger delay because of its intermediate dispersion phase. However, this additional time reflects
the cost of improving safety during the transition to a linear aerial formation.

In terms of safety, M2 shows a pronounced advantage in medium and large swarms,
particularly when the initial UAV distribution is random. It significantly reduces the
number of unsafe proximity events compared to both the Simultaneous baseline and M1.
Sequential deployment also maintains consistently low collision rates and remains robust
as swarm size increases, though at the expense of substantially longer operation times.
Additionally, M2 reduces the sensitivity of collision risk to the choice of initial formation:
whereas random ground arrangements lead to increased conflicts in Simultaneous and M1
for large swarms, M2 maintains more reliable spatial separation throughout the maneuver.

These results highlight a clear operational trade-off: M2 provides a more robust
and collision-resilient approach at the expense of slightly increased takeoff time, while
Simultaneous methods favor speed but are less safe in dense or randomly arranged swarms.
Sequential execution prioritizes safety but is impractical for large swarms due to its high
temporal cost. Overall, the results demonstrate that M2 provides a practical and scalable
compromise between speed and safety, making it particularly suitable for dense or irregular
initial deployments where collision risks are elevated.

Looking forward, several avenues for extending this work are evident. Evaluating
M1 and M2 with more complex initial formations, such as circular, star-shaped, columnar,
or irregular clusters, will help determine whether the dispersion phase retains its advantage
under different spatial constraints. Scaling the experiments to larger swarms, contingent on
hardware capabilities and improvements in slot assighment procedures, will provide deeper
insights into performance trends and safety dynamics. Introducing realistic communication
conditions—including delays, packet loss, and sensing noise—as well as environmental
disturbances such as wind, will allow assessment of the robustness of D-FFP in less ideal
scenarios. Further investigation into energy-aware metrics, including battery consumption and
trajectory efficiency, may also help refine the trade-off between safety and mission duration.

Collectively, these future directions aim to enhance the external validity and robustness
of the results while exploring operational criteria essential for real-world UAV swarm deploy-
ment. The ultimate goal is to refine the practical application of the proposed methods and
ensure reliable, safe, and efficient swarm operations in increasingly complex environments.
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