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Highlights

What are the main findings?

¢ Design, development, and validation of U-Plan, an integrated framework for the coordination,
planning, real-time monitoring, and replanning of multiple heterogeneous Unmanned Aerial
Systems (UAS) capable of coping with real-world operational conditions, including UAS kinematic
constraints, wind effects, and airspace constraints, and dynamic changes in UAS, mission, and
environment conditions.

What is the implication of the main finding?

e Validation of U-Plan and its components integrated with professional-grade Visionair Ground
Control Station (GCS) software and VECTOR-SIL Software-in-the-Loop autopilot simulator, and
comparison with main existing methods show significant efficacy, efficiency, scalability, and real-
time adaptability to dynamic changes.

Abstract

Despite the large amount of successful existing methods and frameworks for planning sets of multiple
Unmanned Aerial Systems (UAS), there are still lack of coordination frameworks capable of coping
with real-world operational conditions. This paper presents U-Plan, an integrated management
framework for the coordination of multi-UAS missions. U-Plan is designed to plan, schedule, monitor,
and replan a heterogeneous set of UAS to complete Points of Interest (Pols) visiting missions while
ensuring that all generated trajectories are safe, feasible, and compliant with the required Pols’ arrival
times, UAS kinematics and energetic constraints, and the existing 3D No-FLy Zones (NFZs). U-Plan is
designed as a practical tool for strongly dynamic missions, and is built upon three core components:
1) an NFZ-aware route computation method that explicitly accounts for NFZs prior to the Vehicle
Routing Problem (VRP) optimization, resulting in shorter NFZ-safe routes; 2) a trajectory planning
module that ensures the generation of kinematically-feasible trajectories for fixed-wing UAS; and 3)
a mission supervision module for real-time monitoring and replanning in case of changes in UAS,
mission, wind speed, or airspace restrictions. It was implemented and validated by interfacing with
professional-grade Visionair Ground Control Station Software and the VECTOR-SIL Software-in-the-
Loop simulator, which realistically replicates the behavior of certified fixed-wing autopilots under
various weather conditions. The validation shows U-Plan’s capacity to efficiently satisfy complex
mission requirements with strong scalability. Due to its high computational efficiency, U-Plan enables
online mission replanning, allowing UAS fleets to seamlessly adapt to changes typical of real-world
operational scenarios.

Keywords: multi-UAS mission planning; multi-UAS coordination frameworks; applications

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://orcid.org/0009-0005-7740-3996
https://orcid.org/0000-0002-5730-3817
https://orcid.org/0000-0001-9431-7831
https://orcid.org/0000-0003-2155-2472
https://doi.org/10.20944/preprints202605.0937.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 May 2026 d0i:10.20944/preprints202605.0937.v1

2 of 28

1. Introduction

The use of Unmanned Aerial Systems (UAS) has become established as an effective solution
for tasks such as inspection [1-3], monitoring [4-6], and surveillance [7,8] in complex, dynamic,
and unstructured environments. However, many applications require covering multiple objectives
or tasks under time, energy, and safety constraints. In this context, the use of multi-UAS systems
increases efficiency by reducing total mission time, providing redundancy against individual failures,
and exploiting the synergies resulting from the cooperation of UAS with heterogeneous capabilities.
Despite these advantages, the operation of multi-UAS systems introduces additional challenges that
go beyond individual platform control. The coordination of multi-UAS systems requires integrating
efficient task allocation and trajectory planning into a common framework capable of efficiently
generating flight plans for each UAS that satisfy its particular kinematic constraints, energy constraints,
and communication range.

We are interested in a multi-UAS mission management framework for real-world missions,
capable of efficiently considering the most relevant practical effects present in every-day multi-UAS
management systems, such as wind conditions, airspace constraints caused by obstacles and No-
Fly Zones (NFZs), and UAS kinematic constraints and energy consumption effects. The framework
should have the possibility of managing heterogeneous UAS with different kinematic models, energy
consumption models, and initial states, and should have the capability to efficiently adapt to the
dynamic changes that often appear during mission execution, such as failures in UAS, dynamic
updates in the mission definition, or changes in the environment conditions or airspace restrictions,
among others.

A wide variety of successful methods and frameworks have been developed in multi-UAS
coordination. Many of them focus on mathematical optimality and often make simplifying assumptions
that disregard practical effects such as UAS kinematic constraints, wind effects, energy considerations,
and airspace restrictions [9-12]. Other methods address some of these effects but involve a very high
computational cost that severely constrains multi-UAS replanning, also resulting in poor scalability
with large swarms sizes or complex missions [13-15]. Other frameworks focus solely on the initial
multi-UAS planning and do not consider the dynamic adaptation of the flight plans due to the lack of
autonomous mission monitoring and replanning functionalities or due to computational constraints
[16,17]. Despite the large amount of successful existing methods and frameworks, there are lack of
effective and efficient multi-UAS coordination systems capable of coping with real-world conditions.

This work proposes U-Plan, a multi-UAS management framework for the coordination, motion
planning, and monitoring of multi-UAS missions. U-Plan is designed to plan, schedule, monitor, and
replan a heterogeneous set of UAS to complete a mission consisting in minimizing the time performed
in visiting a set of Points of Interest (Pols) while ensuring that all generated trajectories are safe, feasible,
and compliant with the required Pol’s arrival times, UAS kinematics and energetic constraints, and the
existing 3D NFZs. U-Plan is designed as an efficient and practical tool for multi-UAS coordination in
real-world missions. It is structured in three main components. Muti-UAS Route Computation solves
a Vehicle Routing Problem (VRP) to determine the route that is assigned to each UAS, considering
NFZs, wind effects, and UAS energy consumption, models. The VRP is solved by Google’s OR-
Tools library, selected for its capability to generate near-optimal solutions with high computational
efficiency and scalability —a critical requirement for enabling dynamic, real-time replanning. Traditional
approaches treat NFZ avoidance as a post-processing step after route generation, which often leads
to unnecessarily long UAS routes. Instead, our approach integrates NFZ avoidance prior to the VRP
optimization by calculating the cost matrix of the VRP, explicitly accounting for NFZs, hence obtaining
significantly shorter routes. Furthermore, it explicitly incorporates wind-aware constraints to ensure
the resulting routes remain energetically feasible under real-world aerodynamic conditions. The second
component, Trajectory Smoothing transforms the routes assigned to each UAS into kinematically
feasible trajectories using a geometry-based smoothing method that considers the minimum turning
radius of that UAS, making a kinematically feasible maneuver, while reducing the deviation w.r.t.
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the original path and maintaining NFZ compliance. Finally, Mission Supervision validates the UAS
flight plans against the mission requirements, monitors the mission execution, and predicts mission
fulfillment, triggering mission replanning if necessary. The three components are integrated in a
seamless closed-loop structure under the supervision of the human operator.

U-Plan was implemented, interfacing with Visionair GCS Software, a commercial Ground Control
Station for management of UAS and fleets, and using VECTOR-SIL, a Software-in-the-Loop simulator
that realistically replicates the behavior of fixed-wing UAS autopilots under all weather conditions.
With this set-up, the full U-Plan, and also its components, have been extensively validated and
compared with the main existing approaches, showing its efficiency, scalability, and adaptability to
changes. As required, U-Plan requires very low mission planning computation times, which enables its
use for dynamic mission replanning even with large UAS fleet sizes and high numbers of Pols, being
capable to adapt to the frequent changing conditions that can be found in many complex multi-UAS
scenarios.

The main contributions of the work are:

e  U-Plan, a multi-UAS management framework for the coordination, planning, monitoring, and
replanning of complex and dynamic multi-UAS missions;

e Multi-UAS management methods: (i) NFZ-aware route allocation that explicitly accounts for
NFZs prior to the VRP optimization, resulting in shorter NFZ-safe routes; (ii) trajectory planning
that ensures short kinematically-feasible trajectories; and (iii) mission supervision and monitoring;

e  Validation of U-Plan (and its components) in realistic multi-UAS missions, interfacing with
commercial products VECTOR-SIL and Visionair GCS Software.

The reminder of this work is as follows. The main related work is summarized in Section 2. The
formulation of the addressed problem and design of the proposed U-Plan framework is described in
Section 3. The methods used to implement U-Plan components and methods are presented in Section
4. Section 5 extensively validates both the proposed methods individually as the full U-Plan proposed.
Finally, Section 6 summarizes the conclusions and main future work.

2. Related Work

A wide variety of good multi-UAS path planning methods have been proposed along the years.
Only the main related research directly related to the proposed methods and framework are summa-
rized.

A high number of methods can solve the full multi-UAS path planning problem and can generate
a safe, kinematically feasible path for each UAS to fulfill the mission, see e.g., [9-11]. However, most of
these methods assume simplifications in the UAS and airspace constraints, or disregard critical effects
such as wind or energy consumption, which often constrain their practical feasibility. Integrating
in these methods complex, real-world conditions, such as non-linear UAS energy consumption and
dynamic wind fields, would result in too high computational costs for practical feasibility, also
impacting scalability. To overcome these computational bottlenecks while ensuring flexibility to cope
with realistic problems, U-Plan adopts a decoupled approach: 1) first, generating optimal piecewise-
linear routes for each UAS considering NFZs and wind effects, and 2) second, generating a smoothed
trajectory from each UAS piece-wise route, ensuring kinematic feasibility while reducing the deviations
of the trajectory w.r.t. the original route. This decoupled approach strongly reduces the computational
cost and adds modularity and flexibility to the proposed multi-UAS framework.

Multi-UAS route generation has been often addressed as a Vehicle Routing Problem (VRP) [18,19].
Many methods solve VRP using exact algorithms predominantly based on Mixed-Integer Linear
Programming (MILP) using optimization tools such as Gurobi [20,21] or CPLEX [5,7], among others.
Although they guarantee optimal routes, exact algorithms have high computational cost and have poor
scalability with the problem size. On the other hand, swarm intelligence-based methods including
Genetic Algorithms (GA) [3,8,15], Simulated Annealing (SA) [22,23], or Ant Colony Optimization
(ACO) [24,25] are more computationally efficient, and can find near-optimal solutions in significantly
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lower times than exact methods. However, as the mission scale increases, these metaheuristics often
face scalability challenges, exhibiting higher variance in solution quality and a sharp increase in
computation times that can hinder real-time reactivity in mission replanning. Selecting a suitable and
computationally efficient solver may be not straightforward in many complex problems. For these cases,
several software suites such as PicatSAT [26], Choco-solver [27], SICStus Prolog [28], and OR-Tools
[29], have been developed to encompass solvers for different types of optimization problems. Google
OR-Tools, an open-source suite that provides very efficient solvers for linear programming, mixed-
integer programming, constraint programming, and routing optimization problems, has attracted
significant interest. OR-Tools has obtained excellent results in the MiniZinc Challenge' (an annual
competition of constraint programming solvers), being the winner in 30 of the 37 challenges proposed
since 2018. Although OR-Tools has been proposed with good results for UAS and multi-UAS routing,
see e.g., [14,17], it has not been integrated nor validated in full multi-UAS coordination systems.

Most existing multi-UAS route generation methods treat obstacle and NFZ avoidance as a post-
processing detour step after UAS routing: they generate an initial route first without considering NFZs
and then, modify colliding segments through geometric refinements [13,30]. While post-processing
simplifies the routing task, it frequently results in significantly longer routes because the initial
optimization is solved based on inaccurate Euclidean distances. To solve this, U-Plan makes use of
a NFZ-aware UAS routing mechanism that adapts the VRP cost matrix such that NFZ avoidance is
performed naturally during the solving of the VRP, resulting in significantly shorter trajectories with a
negligible additional computational cost. Similarly, few multi-UAS routing systems consider the effects
of wind, which has strong impact on both UAS flight times and fly energy consumption. Neglecting
these wind effects can lead to mission failure or premature energy exhaustion. In fact, recent research
emphasizes the need for wind-aware routing to ensure that trajectories remain energetically feasible
even in adverse weather conditions [31-33]. To cope with them, U-Plan incorporates wind effects
constraints in the VRP. As a result, U-Plan naturally includes NFZ avoidance and wind effects into the
multi-UAS routing components using OR-Tools, hence efficiently solving two critical practical aspects
in multi-UAS routing with negligible additional computational cost.

Once the multi-UAS routes (piece-wise) have been generated, we need smoothing methods
that: 1) ensure kinematic feasibility of the resulting trajectories, and 2) reduce the deviation of the
trajectories w.r.t. to the original piece-wise routes, to help preserve the obstacle and NFZ compliance
guaranteed for the routes by the prior VRP. Different route smoothing methods have been proposed,
such as B-Splines [34], Dubins [12,35], or "Overfly" maneuvers (used in commercial autopilots [36]).
However, they fulfill our requirements. B-Splines cannot inherently guarantee compliance with the
UAS’s turning radius constraints. Dubins curves results in non-uniform spatial deviations w.r.t. the
piece-wise route that become severely skewed during sharp turns. "Overfly" maneuvers can induce
strong overshoots and become geometrically infeasible for wide cornering angles. For solving those
problems, in U-Plan we adopt a geometry-based smoothing method that considers the minimum
turning radius of each UAS, making a kinematically feasible maneuver, while reducing the deviation
w.r.t. the original path, helping preserve NFZ compliance.

Beyond initial planning, real-world missions are inherently dynamic and subject to disruptions
such as hardware failures, changes in the mission (e.g., new Pols to be visited), changes in environment
conditions (e.g., wind), or changes in airspace restrictions (e.g., changes in existing NFZs or declaration
of new ones). Coping with them requires supervision architectures capable of continuous monitoring
and efficiently replanning the UAS fleet to adapt to changes in real-time. Several architectures have
been proposed. Work [12] proposes a real-time collaborative planning method by coupling task
assignment with Dubins path distances. It incorporates a dynamic replanning mechanism for new
tasks and UAS failures through specific emergency strategies. However, airspace constraints and
wind fields are not considered, which constraints its applicability in real environments. Work [17]

1 https:/ /www.minizinc.org/challenge/
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introduces a multi-UAS coordination framework for emergency medical logistics that integrates a
digital-twin human-machine interface for mission monitoring through visualization of the telemetry
and state of the different UAS. However, this framework does not consider the autonomous detection
of missions deviations and autonomous fleet replanning, leaving it for future research. Work [16]
developed a real-time network approach to generate kinematically feasible obstacle-free paths while
handling pop-up obstacles for dynamic reassignment. However, it is limited to the routing of a single
UAS, and assumes an idealized operational state with constant altitude and velocity.

3. General Description

The objective is to develop a multi-UAS mission management framework for the robust motion
planning and real-time monitoring of cooperative heterogeneous multi-UAS missions. U-Plan is
designed to plan, schedule, monitor, and replan (if required) a heterogeneous set of UAS to complete a
mission consisting in minimizing the time performed in visiting a set of Points of Interest (Pols) while
ensuring that all generated trajectories are safe, feasible, consistent with wind effects, and compliant
with the required Pols” arrival times, UAS kinematics and energetic constraints, and the existing 3D
No-FLy Zones (NFZs). Every Pol —defined by its 3D coordinate (latitude, longitude, altitude)— must
be visited exactly once by one UAS of the fleet and the maximum arrival time for each Pol should be
lower than the given values. The set of UAS flight plans should minimize the makespan, defined as the
time at which the last UAS completes its mission and arrives at an end depot. This optimization is
subject to the constraint that all trajectories should be safe, feasible for each UAS both kinematically
and also in terms of energy consumption, and compliant with all NFZs avoidance requirements.

U-Plan is devised to be as realistic as possible:

*  The mission includes a defined start depot for each UAS (the initial UAS location), but a number
of potential end depots, a shared pool of landing sites, e.g., airfields where the UAS can land.

¢ Each UAS s characterized by its specific kinematic and energetic constraints, including maximum
roll angle, maximum airspeed, and its aerodynamic specifications, including the aerodynamic
reference area and the drag coefficient.

*  The wind field in the environment is used for computing the UAS required airspeed and energy
consumption. The Digital Elevation Model (DEM) of the environment is used to check for
trajectories safety and terrain collisions.

¢ The airspace is assumed realistic with potential NFZs, defined as 3D volumes that UAS must
strictly avoid. NFZs can be declared dynamically at any time during the mission, and can have
different shapes, including cylindrical (circular footprint), prismatic (polygonal footprint), or
composite shapes formed by a combination of linear and curved boundaries.

*  The mission definition, environment conditions, and airspace restrictions can change dynamically,
and if required, U-Plan recomputes the flight plans to adapt to the new conditions.

U-Plan is designed as a practical tool, and keeps the human in the loop. U-Plan solves the
optimization problem, outputs a feasible flight plan for each UAS, and provides it to the operator
for approval together with the predicted mission completion data. The operator may accept the
solution given by U-Plan, or modify the mission definition and requirements and re-run U-Plan. In
addition, U-Plan includes a module that dynamically supervises the fulfillment of the mission and
the changes/updates in the mission definition, environment conditions, and airspace restrictions, and
also predicts the fulfillment or not of the mission in the new conditions. In case of nonfulfillment
or by operator request, U-Plan triggers replanning. It has been designed and developed to meet the
following principles:

e  Efficient planning. U-Plan must produce close-to-optimal safe UAS flight plans to fulfill the
mission efficiently in terms of makespan satisfying the mission, UAS, environment, and airspace
requirements and constraints.

¢ Kinematically and energetically feasible flight plans. The generated flight plan for each UAS
must be feasible, considering the UAS kinematics and energy consumption.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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e  Dynamic reconfigurability. U-Plan must efficiently adapt to changes in mission definition,
UAS, environment, and airspace constraints. U-Plan must be capable of ingesting updates and
efficiently generating new, safe, and feasible flight plans.

®  Scalability. U-Plan must scale well with the problem size (e.g., number of UAS, number of Pols,
number of NFZs) without a significant performance degradation.

The architecture of U-Plan consists of three main components, see Figure 1. Multi-UAS Route
Computation solves a Vehicle Routing Problem (VRP) to determine the route that is assigned to each
UAS. Conversely to most existing approaches, which treat NFZ avoidance as a post-processing often
leading to longer UAS routes, our approach integrates NFZ avoidance within the VRP. Module NFZ-
Auware Cost Generation calculates the cost matrix of the VRP explicitly accounting for NFZs to ensure that
no route violates existing NFZs. Module Wind-Related Constraints incorporates the impact of the wind
field on the mission, translating wind effects into feasibility constraints regarding maximum airspeed
limits and battery energy consumption. The cost matrix resulting from NFZ-Aware Cost Generation
together with the wind-related constraints are used by Multi-UAS VRP Solver to solve the multi-UAS
route computation. For this role, we employ Google’s OR-Tools [29], selected for its ability to produce
high-quality, near-optimal solutions with high computational efficiency and good scalability. This
component is described in Section 4.1.

Multi-UAS Route Computation Trajectory Smoothing Mission Supervision

Wind-related
Constraints

NFZ-Aware
Cost Generation

Multi-UAS
VRP Solver

Routes ‘{ Kinematic-Aware \ Trajectories Mission Feasible Flight Plans
'l Trajectory Smoothing j Validation

7y
| 4,
% . =
Input Data % Monitoring
- Mission Data

- UAS Generation/ .
- Enviroment Correction/ |« New Arrival
Update Input Data

A

Figure 1. General scheme of the U-Plan architecture

Trajectory Smoothing, see Section 4.2, transforms the piece-wise routes assigned to each UAS into
kinematically feasible trajectories. In general, the routes’ vertices do not respect the minimum turning
radii of fixed-wing UAS. To solve it, our method inserts waypoints in the UAS routes, generating
smooth turns that satisfy the minimum turning radius of that UAS while minimizing the deviation
w.r.t. the original piece-wise route to help preserve compliance of NFZs. The output is an ordered
sequence of waypoints (with temporal information) for each UAS that represents a 3D kinematically
feasible trajectory.

Mission Supervision, see Section 4.3, is responsible for the validation and monitoring of the gen-
erated flight plans, considering the mission requirements and the mission updates. Mission Validation
checks the UAS trajectories against the mission requirements. It re-validates that the maximum air-
speed and Pol maximum arrival time constraints are still satisfied after trajectory smoothing, ensuring
that the final path adheres to all mission deadlines and kinematic limits. It also checks the fulfillment
of safety operational requirements, including: minimum and maximum allowable distances between
consecutive waypoints, maximum permissible number of waypoints per trajectory, Radio Line-of-Sight
(RLOS) range to assess potential communication loss, potential inter-UAS collision, and the DEM of
the environment to check for terrain collisions. If all the constraints are satisfied, the final flight plans,
comprising 3D waypoints and specific airspeeds, are sent to the UAS. Otherwise, specific errors are
flagged and reported to the operator for correction. Monitoring oversees the mission continuously;,
checking for mission updates, critical anomalies, and mission fulfillment prediction and alerts the
operator to abort the mission or trigger a replanning sequence. Upon detecting a trigger event, such
as failure in any UAS, changes or new NFZs, changes or new Pols, or fleet modifications, it prompts
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the operator to initiate replanning. To ensure mission continuity, the input data is updated to reflect
the current state of the mission: active UAS locations are treated as new start depots, and remaining
unvisited targets are consolidated into a fresh VRP instance. This allows U-Plan to generate a seamless
extension of the ongoing mission without requiring a manual mission abort.

4. Methods

Table 1 summarizes the adopted notation. Let P be the set of Pols, each defined with its latitude,
longitude, altitude and maximum required arrival time T;,y. S is the set of start depots, which are
taken as the initial location of each UAS. £ is the set of end depots, the pool of depots where the UAS
can finish their trajectories. )V is the set of all nodes considered in the problem, Pols and start and
end depots, i.e., N = PUSUE. Vis the set of all UAS, ¢7,,, is the maximum roll angle, V7| 4y is the
maximum airspeed, E} ; is the initial energy level, a® is the aerodynamic reference area, and cj is the
drag coefficient of UAS v. A mission is initiated by the operator providing the following:

e Mission data: the 3D coordinates of all Pols in P and end depots in £, as well as T}, for each

Poli e P,

e UAS data: the number of all UAS (]V]), the kinematic constraints ( ¢5,,, and V?|,4x), the aerody-
namical coefficients (a” and cj), and the initial state of each UAS v (start depot s* € S and Ef,

ini
),
¢ Environmental and airspace data: The definition of all 3D NFZs denoted by Z, the DEM for
terrain constraints, and the horizontal wind field.

Table 1. Nomenclature and variable definitions used in the mathematical formulation.

Symbol Description

P Set of all Pols

& Set of end depots (shared pool)

Thax Maximum required arrival time of Pol i (i € P)
1% Set of all UAS

S Set of start depots

V2| max Maximum airspeed of UAS v

E}, Initial energy level of UAS v

Oax Maximum roll angle of UAS v

cy Drag coefficient of UAS v

a’ Aerodynamic reference area of UAS v

W Wind speed vector

Z Set of all 3D NFZs

N Set of all nodes, ' = PUSUE

R Set of VRP generated routes

Ve Ground speed of UAS v

Vaii Airspeed of UAS v along segment (i, )

c}} Travel time (cost) for UAS v from node 7 to node j

D Distance matrix D = [d;j]

RY . Minimum turning radius of UAS v

T? Total flight time of UAS v

Tinax Makespan (maximum flight time across the fleet)

u? Continuous variable for node i and UAS v (MTZ subtour elimination)
X7 Binary variable; 1 if UAS v travels directly from node i to node j, 0 otherwise

gl
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4.1. Multi-UAS Route Computation

This component assigns the routes to each UAS of the fleet. It solves an optimization problem
consisting in determining the routes for a set of heterogeneous UAS that minimize the makespan in
visiting a set of Pols while ensuring that: i) the routes comply with existing NFZs, ii) the required
maximum Pol’s visiting times are satisfied, iii) the UAS travel with an airspeed is not higher than its
maximum value, and iv) every UAS has enough energy to complete its route. Conversely to traditional
approaches, our approach includes NFZs avoidance and wind effects in the VRP optimization, which
requires specific mechanisms.

Solving a VRP calls for a cost matrix between all nodes. In VRP problems that minimize makespan,
the cost matrix reflects time, and in most cases is static. In U-Plan, as UAS can have different velocities,
the cost matrix cannot be pre-calculated as a static matrix. To cope with that, the cost matrix used in
Multi-UAS VRP Solver is not expressed in terms of travel time. Instead, it uses a distance matrix D,
which entry d;; reflects the distance between every pair of nodes i and j, and the VRP solver uses D to
dynamically compute the specific time required for each UAS v to travel from i to j as C% =d;;j/ Vg,
where V¢ is the ground speed of UAS v. In standard VRP approaches, the cost matrix is computed
using the Haversine distance, i.e., the shortest distance between two nodes on the Earth’s sphere.
This straightforward approach is not suitable for U-Plan. First, the straight Haversine distance paths
between nodes are not always feasible due to the presence of NFZs, and second, addressing NFZs
avoidance in a separate post-processing stage often leads to longer routes. To cope with NFZs, our
approach includes module NFZ-Aware Cost Generation, which adapts the VRP cost matrix to ensure
that the routes don’t collide with NFZs, circumventing NFZs if the straight Haversine route generate
collisions. In addition, traditional VRP do not consider the wind effects. Wind speed influences the
UAS airspeed and the UAS energy consumption, hence affecting the capability of the UAS to perform
a trajectory without energy exhaustion. To cope with them, module Wind-related Constraints manages
these wind effects and incorporates them as constraints in the VRP.

4.1.1. NFZ-Aware Cost Generation

Instead of addressing obstacles and NFZs in a posterior route planning process, U-Plan considers
them in the routing planning problem by using an adapted version of the distance matrix, constructed
as shown in Algorithm 1.
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Algorithm 1 NFZ-Aware Distance Matrix Generation

i Input: N ={1,2,...,n}, 2 ={1,2,..., 2}
2: Output: D = [d;j]
3: D < new n X n matrix, initialized to 0
4: fori < 1tondo

5 forj < 1tondo
6 if i = j then continue
7: end if
8 Zsides {®}/ Zoertices < {®}
9: forkin Z do
10: if Straight segment from node i to node j intersects k then
11: Construct a polygon on a 2D geodesic envelope points around k
12: Zsides < Zsides+ Sides of the polygon
13: Zyertices < Zuvertices+ Vertices of the polygon
14: end if
15: end for
16: if Zgiges # {@} then
17: Build a bidirectional graph on nodes i and j and Z,+ic.s such that no edge
18: intersects each | € Zgjjes
19: dij < The shortest path’s length from i to j by running A* over the graph
20: else
21: dij < Haversine distance from i to j
22: end if
23: end for
24: end for

Let N = {1,2,...,n} be the set of considered nodes, which includes the Pols and depots (start
and end depots), and let Z = {1,2,...,z} be the set of 3D NFZs. For each pair of nodes (i, ), it is
checked if the straight geodesic path between i and j intersects with any NFZ. If no intersection occurs,
the Haversine distance between i and j is computed and stored as d;;. If an intersection with a NFZ
exists, we have to find a route from i to j circumventing the NFZ. For that purpose, we define a 2D
geodesic envelope around the NFZ considering a safety margin, and construct a graph that includes
the start and end nodes (i and j) and a set of points on the 2D geodesic envelope. The points are
selected considering the NFZ geometry: vertices are selected for polygonal segments, while a set of
uniformly distributed points is generated to approximate curved sections, ensuring accurate envelope
representation for circular, polygonal, and composite shapes alike. The graph is constructed with
bidirectional edges between any pair of points whose geodesic straight path does not intersect any
NFZ, and the cost of each edge is taken as the Haversine distance between its points. Then, the shortest
path between i and j in this graph is found. The cost of the shortest path is stored as d;; in the distance
matrix D. This process is illustrated in Figure 2.
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Figure 2. Graph construction for A* No-Fly Zone (NFZ) avoidance. The graph includes the start/end points i and
j, and the points on the NFZ envelope considering the safety margin. A* finds the shortest path (in green colour)
by exploring the edges of this graph around both polygonal (left), circular (center), and composite (right) NFZs.

In the proposed method, the resulting D includes the cost of feasible paths between nodes in V.
The adopted method is simple, efficient, and can obtain notable performance gains, as is shown in
Section 5. The experimental results presented in the paper were obtained using A* to find the shortest
path in the constructed graph. It was selected due to its optimality, completeness, efficiency, and
simplicity of implementation.

4.1.2. Wind-Related Constraints

Wind strongly affects the flight speed and energy consumption of UAS. First, the wind field
modifies the required UAS airspeed for achieving a desired ground-velocity vector, and the maxi-
mum airspeed is an intrinsic characteristic for each UAS, which cannot be exceeded. In addition,
wind-induced changes in the UAS airspeed have a direct impact on propulsion power and energy
consumption, impacting on the capability of the UAS to perform a trajectory without exhausting its
initial energy. This subsection describes how both constraints are incorporated into Multi-UAS Route
Computation.

We assume that the wind field is provided as a discretized wind map W with a given spatial
resolution, where each map cell includes a 2D vector that represents the wind speed and direction.
This data can be retrieved using online meteorological services and APIs, such as Open-Meteo [37] or
Meteomatics [38]. The wind vector at the cell that corresponds to the location of node i is represented
by W;. The UAS fly at medium altitudes, where wind is more stable than on the surface. Hence, we
can assume that the wind vector is similar at nearby locations. When a UAS traverses segment (i, j),
the wind in the segment can be approximated by vector Wj;, the mean of the wind vectors along the
segment.

In Multi-UAS Route Computation component, each UAS is commanded to follow its assigned
route with a constant ground speed magnitude. The airspeed experienced by each UAS in each
segment depends on the wind component along the segment. Denoting by W) ;; the projection of
the mean wind vector W;; onto the direction of the segment (i, j), the scalar velocity relation linking
ground velocity, airspeed, and wind is:

Vaij = Ve = Wiy @
where V7 jjis the airspeed of UAS v along the segment (i, j). This expression determines the aerody-
namic effort the UAS must provide to maintain the desired motion. Because V' is fixed by design in
our routing module, variations in V; arise from the wind field.
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Wind also has important effect on UAS energy consumption. For fixed-wing UAS conducting
steady cruise flight, the dominant aerodynamic loss is the parasitic drag, which balances thrust (T};) in
steady flight, and grows quadratically with the airspeed, then:

1 2
T; = Epavcg( {Zij) , (2)

where p is the air density, and a” and cj are respectively the aerodynamic reference area and drag
coefficient of UAS v. Let i1 denote the propulsive efficiency relating the aerodynamic power, defined as
Pyij =Ty V) jj to the corresponding electrical power P, ;; drawn from the battery. The electrical power

drawn from the battery for propulsion is then P, ;; = P, ;;/7. Consequently, the total battery energy
consumed due to propulsion over a segment of duration At is:

v At 1 0,0 v 3
Ef = /O Pty dt = 27" Cd(Va,ij> At 3)

Substituting the airspeed-wind relationship (1) and the segment duration At = cg, we obtain the
wind-aware propulsive energy consumption model for segment (i, ):

[ 1 v L0 v 3 v

Equation (4) explicitly reveals the nonlinear effect of wind on propulsive energy consumption.
This relationship provides a quantitative link between the travel time of a segment, the wind conditions,
and the propulsive energy consumed by each UAS along its assigned route. This energy model is
directly integrated into the VRP formulation in the following subsection as a constraint, where it
is checked against the usable battery capacity allocated for propulsion (total capacity minus safety
margin and non-propulsive loads).

4.1.3. VRP Formulation for Heterogeneous UAS

With the NFZ-aware distance matrix D providing the geometric basis for travel costs, we can
now formally define the routing problem. The problem is formulated as a multi-depot heterogeneous
VRP. Consistent with the system architecture, each UAS is assigned a specific start depot, while end
depots are selected by the solver from a shared pool. Our objective is to optimize the fleet for the
fastest overall mission completion. Therefore, we aim to minimize the makespan i.e., the time of the
longest individual UAS route. The complete mathematical model is detailed below.

The decision variable is x%, a binary variable that equals to 1 if UAS v travels directly from node i
to node j, and 0 otherwise. C% represents the cost (travel time) for UAS v to traverse the segment (i, ),
derived specifically from the NFZ-aware distance matrix and the UAS’s ground speed. The objective
is to minimize the makespan (Ty,4x), which favors that the mission workload is balanced among the
different UAS of the fleet:

min Tmax (5 )

The objective function is subject to the following constraints:
e Makespan Constraint

Toax > T° where TY = Z Z cfjx% YoeV (C1)
ieN JeN i#]

where T? denotes the total flight time for UAS v. Constraint (C1) links the individual mission times
with the makespan T4y by defining it as being greater than or equal to every individual UAS’s travel
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time, enabling the optimization objective to minimize the completion time of the entire fleet.
e Pol Visiting Constraints
Y, ), %, =1 VpeP (C2)
veVieN i#p
) xj, = ) Xp; Vp e P,VveV (C3)
N i#p JEN j#p

Constraint (C2) ensures that each Pol is visited exactly once by one UAS. Constraint (C3) is the flow
conservation constraint, stating that if a UAS v arrives at a Pol p, it must also depart from it.
e Multi-depot constraints

) Xgoj =1 YoeV (C4)
jePUE
Yo )Y K =1 Yo ey (C5)
ec€iePU{s"}
Y xh=0 Vo e V,Vs € S\{s"} (Co)
ieN
Y x.=0 YoeV (C7)
ieN
) xz’j =0 YoeV,Vee & (C8)
JEN

Constraint (C4) forces each UAS v to depart from its specific start depot s°. Constraint (C5) ensures
that each UAS ends its route at one end depot chosen from the shared pool. Constraint (C6) prevents
any UAS v from launching from a start depot assigned to another UAS k, unless they share the same
physical location. Finally, constraints (C7) and (C8) prevent a UAS from returning to its own start node
or departing from an end node.

e Subtour elimination constraints (MTZ)

Let u{ be the auxiliary continuous positive variable representing the sequence order in which node i is
visited by UAS v. Additionally, | P| denotes the total number of Pols.

uj —uj +|P[-xj; < [P] =1 Vi,je P,i#jYveV (C9)
Y, G<ul <|P| ) Vie P,YoeV (C10)
JEN j#i JEN j#£i

This set of constraints prevent the formation of disconnected subtours on the Pol nodes. Constraint
(C9) is the primary MTZ constraint, which enforces sequential order. Constraints (C10) links the u
variables to the x variables, ensuring that u{ is greater than 0 if and only if Pol i is visited by UAS v.
o Feasibility Constraints (Energy, Speed, Time)

Y oy Efxf < Egpait Yo eV (C11)
ieN JeN j#i
H<t VieP (C13)

Constraint (C11) ensures that the total propulsive energy consumed by UAS v does not exceed the
available propulsive energy budget E7 ... This budget is derived from the UAS’s initial energy state
(E},;), adjusted to reserve the required safety margin and account for non-propulsive loads (e.g.,
avionics). Constraint (C12) enforces the maximum airspeed limit by forbidding any edge (i, j) where
the required airspeed exceeds the UAS’s maximum airspeed. Finally, constraints (C13) enforces time
windows, where t' represents the arrival time at node i and T/, is the required maximum time for

visiting Pol i.
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This Mixed-Integer Linear Programming (MILP) formulation is implemented and solved using
Google’s OR-Tools routing library. The selection of OR-Tools is based on the trade-off between
high-quality solutions and very short computation times, which is essential for meeting the efficient
planning/replanning and scalability requirements. While exact solvers become very slow as problem
size increases, OR-Tools makes use of heuristics to efficiently produce high-quality solutions for
large-scale problems. A detailed scalability comparison validating this choice is presented in Section 5.

4.2. Trajectory Smoothing

Multi-UAS Route Computation assigns for each UAS a NFZs-compliant piece-wise route that
can include turns that may violate the kinematical constraints of the UAS (assumed fixed-wing in our
research). This module smooths these piece-wise routes to ensure the kinematic feasibility requirement
while reducing the deviation w.r.t. the original piece-wise routes (necessary to preserve the NFZs
compliance of the route).

Many methods have been proposed in the literature for trajectory smoothing, including Cubic
Splines [39] and Dubins curves [40]. While Spline-based techniques generate continuous and differ-
entiable paths that hit every target, they cannot inherently satisfy the UAS kinematic requirements
and may generate curves with instantaneous curvatures smaller than the UAS’s minimum turning
radius. Dubins curves can respect kinematic limits, but forcing the path to pass through the vertex
with a fixed orientation often results in rigid geometries that can deviate noticeably from the original
route, risking NFZ compliance. In addition, many commercial autopilots employ an "Overfly" logic to
ensure the UAS passes exactly over the waypoint [41]. In this configuration, the UAS crosses the vertex
before initiating a turn to align with the next leg. To recover the path efficiently, the guidance system
typically enforces a steep intercept angle (commonly 45°) to converge back to the desired track [36].
However, these maneuvers cause post-vertex overshoots (which grow rapidly with the magnitude of

the turn) that could make the UAS violate a NFZ. Furthermore, this approach implies a strict geometric
fnin
45° approach angle, it can be shown that it becomes geometrically infeasible when the turning angle at

limitation: given the requirement to settle onto the path with a specific fillet curvature (R? . ) from a
the vertex exceeds approximately 2 radians = 114.5°.

In U-Plan we adopt a geometry-based smoothing method that considers the minimum turning
radius of that UAS, making a kinematically feasible maneuver, while reducing the deviation w.r.t.
the original path and helping preserve NFZ compliance. Unlike Overfly, which reacts to the turn
after passing the vertex, our approach anticipates the maneuver by treating the turn geometry as a
constraint. The process is shown in Algorithm 2.
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Algorithm 2 Proposed Trajectory Smoothing Algorithm

L Input: R, Z, Ve = {V{ : 0 € V}, Pmax = {Ppar 10 €V}
2: Output: 7 (Set of kinematically feasible trajectories)

3 T « {0}

4: for each route r € R corresponding to UAS v do

5: RY .. < Equation6, waypoints < {D}, 2z, + {D}
6: for i < 2 to length(r) - 1 do

7: Tin —rli] —r[i = 1], Tour  r[i+1] —rli]

8: b « Bisector of angle between @, and Tyt

9: Ci« rli] +R?, -b
10: Znew < Circle(center = C;, radius = R¥); )
11: Ziotal < Z U {znew} U{Zo1a}
12: Run A* pathfinder from r[i — 1] to r[i] avoiding Z;,,
13: Segmenty,, < Resulting A* path points
14: Append Segmenty,, to waypoints

15: Remove z,; from Z;,1,

16: Zold < Znew

17: end for

18: Run A* pathfinder from r[i] to r[i + 1] avoiding Z;,s,;
19: Segmenty,, < Resulting A* path points

20: Append Segmenty,), to waypoints

21: T « T U{waypoints}

22: end for

Let R be the set of computed routes by Multi-UAS Route Computation. First, for every route
r € R corresponding to UAS v, we calculate the minimum turning radius R? ; based on the kinematic

limits of UAS v:

I ©)
len g tan ¢;J?1LZX ’
where ¢}, is the UAS maximum roll angle and g is the gravitational constant. For each point i in
route 7, to construct the smooth turn, we identify the bisector of the angle formed by the incoming
segment (from point i — 1) and the outgoing segment (to point i 4 1). We then define the center point
C; located on this bisector at a distance R} ; from vertex i, such that the circle of radius R, ;|

at C; has vertex i on its perimeter. This circle is treated as an artificial NFZ. We then apply the A* path

centered

finder to generate a local path that connects the incoming and outgoing segments while avoiding this
artificial obstacle. By positioning the circle on the bisector tangent to the vertex, A* naturally obtains
the shortest flyable arc that hugs the perimeter of the circle. This ensures that the trajectory comes as
close as kinematically possible to the vertex without requiring an impossible sharp turn.

Figure 3 shows an example comparing the same turning geometries solved with the Overfly
approach (left) and the proposed approach (right). Our method generate shorter paths compared to
Overfly, which requires a large overshoot to intercept the next leg. As analyzed in Section 5.2, the
adopted approach consistently generated shorter paths than methods based on Overfly, Splines and
Dubins in all the experiments we performed.
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Point 7

Figure 3. Example comparing the adopted trajectory smoothing method (right) and the Overfly maneuver (left).
The Overfly maneuver results in large overshoots, especially in sharp angles that can cause significant deviations
from the original path (dashed lines). Our method generates smooth, kinematically feasible turns around artificial
NEFZs constructed tangent to the vertices, reducing deviations and ensuring safety.

4.3. Mission Supervision

U-Plan incorporates a supervision module that functions as the final dynamic manager of the
mission to ensure operational safety and robustness and adapt to updates. Mission Validation checks
the generated flight plan against the mission requirements. Monitoring continuously checks for mission
updates, critical anomalies (e.g., UAS or hardware failures), and mission nonfulfillment prediction to
trigger mission replanning.

4.3.1. Mission Validation

Once the smoothed trajectories are generated, they undergo a validation process before uploading
the flight plans to the UAS. This step functions as a safety gate, ensuring that the planned waypoints
satisfy all physical and operational constraints defined in the static mission acceptance parameters.
The system checks for the following critical errors:

¢ Segment Length Violations: The Haversine distance between any two consecutive waypoints
must fall within the range [d,i,, dpax], the minimum and maximum distances for the autopilots
of the UAS. Segments shorter than d,,;,, may cause guidance instability, while segments longer
than d;;,y may lead to path tracking errors over long distances.

¢  Maximum Number of waypoints: The total number of waypoints generated for each UAS is
checked against a maximum permissible threshold.

®  Terrain Collision: The Above Mean Sea Level (AMSL) of every waypoint must be strictly higher
than the underlying terrain elevation plus a safety distance. This check utilizes a DEM to ensure
that no waypoint is located underground or dangerously close to the terrain surface.

e Communication Range: The distance between every waypoint and the Ground Control Station
(GCS) is calculated to ensure it remains within the effective Radio Line-of-Sight (RLOS) range,
preventing communication loss.

¢  Maximum Airspeed Compliance: The smoothed trajectory is re-evaluated against the wind field
to ensure that no segment requires an airspeed exceeding the UAS limit, accounting for any path
modifications introduced by the smoothing process.

e  Maximum Arrival Time Compliance: The arrival times at all Pols are recalculated based on
the final trajectory length to verify that all Pol maximum arrival times (T/,,,) are still met, as the
smoothing process can slightly alter the trajectory distances.

* Inter-UAS Collision: It ensures that the distance between any two UAS never falls below a
predefined safety threshold at any moment during the mission, by evaluating the continuous
trajectories of the fleet.
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If any of these constraints is violated, the specific error is flagged to the human operator and
the plan is rejected. Using that flag, the human operator can modify the specific mission inputs and
requirements (e.g., Pol location, assigned altitude, fleet selection, or modifying the altitude of one
UAS at the predicted inter-UAS collision point as in [42]) to resolve the conflict, and re-launch the
computation of the mission with the new inputs.

4.3.2. Monitoring

This module subscribes to the operator’s command stream, external data feeds, and UAS telemetry
to continously monitor the mission execution and updates in order to detect risks for the successful
completion of the mission, including:

*  Mission Updates: Changes such as the change or addition of new Pols to the visiting list, changes
in the end depots, change in required arrival time for any Pol, fleet expansion via the introduction
of new UAS, or environmental changes like the definition of new NFZs and changes in the wind
field.

®  Critical Anomalies: Emergency situations detected via telemetry, such as a UAS hardware failure,
loss of link, or battery levels dropping below the critical threshold during flight.

e  Mission Fulfillment Prediction: Proactive evaluation of mission progress to predict potential
failures before they occur. This includes identifying if a waypoint has been missed, forecasting
if the projected arrival time at any subsequent Pol will exceed the required deadline (Tyqx),
or calculating if the remaining energy is insufficient to reach a valid end depot under current
environmental conditions.

When any of these events are detected, the system alerts the operator to stop the mission and
trigger an immediate replanning sequence. The sequence proceeds as follows:

*  Step 1: Loiter and Hold. All active UAS are commanded to stop their current trajectory ad-
vancement and enter a loiter pattern describing circular trajectories of radii R} ;, centered at their
current GNSS location. This freezes the mission safely while U-Plan computation occurs. This
step could be avoided for low-size problems due to the low re-computation times of U-Plan.

®  Step 2: Start Depot Update. The current GNSS location of every UAS is captured and designated
as the new start depot for the replanning problem. If new UAS are added in the new mission
plan, their launch sites are added as start depots.

e  Step 3: Parameters Update. The Mission Data, UAS data, and Environmental and airspace
data are updated to reflect the new state. This involves: (i) removing all already visited Pols
from the target list; (ii) updating the coordinates and arrival time of any existing Pols if changed;
(iii) adding any newly defined Pols; (iv) updating the set of available end depots if the pool has
changed, (v) updating the UAS fleet if there is any failure or new addition; and (vi) ingesting any
new environmental constraints, such as new NFZ definitions or updated wind field data.

e  Step 4: Re-computation. Multi-UAS Route Computation and Trajectory Planning are executed
from scratch using this updated Mission Data, UAS data, and Environmental and airspace data.

Once the new plan has been generated, its suitability has been confirmed by Mission Validation,
and it has been sent to the UAS in the fleet, the UAS exit the loiter pattern and starts executing the new
flight plan. This capability allows U-Plan to adapt seamlessly to dynamic missions and emergencies
without interruption.

5. Validation

Validating solutions for managing UAS swarms is highly complex due to the simultaneous
interaction of multiple factors: environmental characteristics (topography, presence of obstacles),
operational requirements (number of UAS, their speeds, altitudes, separation distances, etc.). In this
context, simulations are an essential tool, providing a safe, controlled, and reproducible environment
for analyzing performance. U-Plan was validated, integrated in a professional setup comprising
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Visionair GCS Ground Control Station Software and VECTOR-SIL Software-in-the-Loop simulator
from UAV Navigation [43], a Spanish company specialized in UAV guidance, navigation, and control
systems. This setup realistically replicates the behavior of certified fixed-wing UAS autopilots under
all weather conditions. Utilized by Tier 1 aerospace manufacturers, this environment accounts for real-
world avionics constraints, latencies, and communication protocols to ensure a safe and reproducible
framework for assessment. U-Plan was implemented in Python, making use of Google Maps via the
Map JavaScript API for the graphical user interface and trajectory visualization. It was executed on
a standard desktop PC equipped with an 11th Gen Intel® Core™ i7 processor with 32 GB of RAM.
Through this integrated setup, the full U-Plan architecture and its individual components have been
extensively validated and compared with existing approaches, demonstrating their capacity to satisfy
complex mission requirements with short execution times and low UAS energy consumption.

For the validation of U-Plan, we adopted a bottom-up approach. First, the validation of each
individual module is presented and analyzed independently. Next, the overall U-Plan architecture is
evaluated in complete missions, validating the seamless interaction between all components.

5.1. Multi-UAS Route Computation

First, we validate the effectiveness of the proposed NFZ-aware cost generation strategy, which
integrates obstacle avoidance cost during the VRP optimization. We compare it to the traditional
post-VRP detour approach. We designed an experiment involving two UAS with the same ground
speed (Vg = 120 km/h), 6 Pols, and the start and end depots separated by approximately 45 km. The
environment includes one composite NFZ formed by a circular zone intersecting a rectangular zone,
and another circular NFZ. Figure 4 shows an example that compares the resulting routes by using: (a)
VRP solver ignoring NFZs; (b) traditional post-VRP detour method; and (c) result of our NFZ-aware
method.

Total Length 103.15 Km Total Length 114.08 Km Total Length 104.64 Km

A1

Figure 4. Example comparing the routes resulting from different routing strategies: (a) VRP ignoring NFZs
(calculated using simple Haversine distances without considering NFZs); (b) traditional post-VRP detour method
in which invalid segments are modified using A* to avoid NFZs; (c) the proposed method. Pols are marked in red
color. Start depots, in blue. End depots, in green.

The VRP solver, ignoring NFZs, generated routes with a total distance of 103.15 km, which were
operationally infeasible as both traversed the NFZ. The traditional post-VRP detour method modified
the invalid segments to avoid the NFZ, forcing the UAS to take long detours around the NFZs, resulting
in a total length of 114.08 km. Our method generated valid routes with a significantly shorter total
route length of 104.64 km. By encoding the NFZ into the cost matrix prior to the optimization, the VRP
solver detects that the direct connection is costly and selects a completely different visiting sequence.

A large number (> 300) of randomized missions with different number and locations of Pols
and positions/sizes of the NFZ were performed. In all of them the proposed NFZ-aware cost update
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method obtained shorter or equal route lengths compared to the post-VRP detour approach. Table 2
presents the results for 10 of these experiments. The pure VRP results are included in the table as a
theoretical lower bound, but they include invalid routes. Our method obtained route length reductions
ranging up to 12.263 km, with an average reduction in total route length of 6.28 km. In addition, the
improvement over traditional post-VRP detour increased with the complexity and number of NFZs in
the environment.

Table 2. Comparative analysis of route lengths for 10 randomized experiments with varying Pol and NFZ
configurations. The last column shows the total reduction of route lengths of our method over traditional
post-VRP detour.

Number of VRP ignoring NFZs  Post-VRP detour Our NFZ-aware method Length reduction

Pols (km) (km) (km) (km)
9 92.462 100511 96.412 4.099
10 89.265 99.243 91.853 7.39
9 91.194 98.346 92.062 6.284
12 105.732 109.186 106.717 2.469
7 93.298 98.258 95.098 3.16
6 99.524 109.761 100.858 8.903
12 88.687 101.402 89.139 12.263
6 91.594 105.601 95.328 10.273
10 98.872 104.041 101.262 2.779
11 94.441 102.763 97.582 5.181

Next, we evaluate the performance of OR-Tools [29] and compare it to other existing well-known
and widely-used exact and metaheuristic optimization methods. Gurobi (v9.5) [44] and CPLEX
(v22.1) [45] were chosen as state-of-the-art MILP solvers. For the metaheuristic category, we selected
PyGAD (v3.0) [46], representing a canonical Genetic Algorithm (GA), and Ant Colony Optimization
(ACO) [47]. The comparison focuses on two key metrics: the computation time and makespan. All
methods were executed on the same computer and solved the same set of randomized missions
with different numbers of UAS and different numbers of Pols distributed on an area with a radius
of 10 km. For comparison fairness, NFZs and wind constraints were not considered in the mission
definition. Accordingly, the methods’ performance directly reflects the impact of problem size rather
than environmental complexity. Each mission was solved by performing 10 independent runs (the
results were averaged) to ensure statistical reliability of the results.

The results, in Table 3, show the suitability of OR-Tools as the main solver in U-Plan. The results
show a clear trade-off between optimality and computational efficiency. While Gurobi and CPLEX
obtained optimal solutions for small instances, their computation time degraded rapidly as the problem
size increased, becoming computationally infeasible for moderate-size mission scales. In fact, in the
computer used, they were not able to solve missions with > 16 Pols in a reasonable time, making
them unsuitable for dynamic or time-critical contexts, such as mission replanning. Conversely, PyGAD
and ACO provided feasible solutions for larger problems but exhibited longer computation times
and slightly longer routes than OR-Tools. In contrast, OR-Tools obtained a good balance between
computation time and routes lengths, yielding near-optimal results (comparable to MILP solvers) while
maintaining sub-second runtimes even for moderate problem sizes. This computational efficiency
makes it particularly advantageous for on-board or real-time mission replanning, and justifies the
selection of OR-tools as the VRP solver in U-Plan.
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Table 3. Computation time and makespan for Gurobi [44], CPLEX [45], PyGAD [46], ACO [47], and OR-Tools [29]
in randomized missions with different number of UAS and of Pols.

Number of Number of Computation time (s) Makespan (s)
UAS Pols Gurobi CPLEX PyGAD ACO OR-Tools Gurobi CPLEX PyGAD ACO OR-Tools

10 2.63 5.18 4.08 0.68 0.03 926 926 926 952 926

12 5.69 17.8 5.29 1.18 0.04 933 933 988 968 933

14 18.37 12.09 4.62 1.06 0.05 963 963 1032 1074 963
2 16 170.74  520.2 5.35 1.37 0.05 1074 1074 1211 1163 1114
20 - - 5.54 1.64 0.09 - - 1311 1200 1144
40 - - 5.46 4.63 0.84 - - 2906 2027 1484

100 - - 19.65  24.08 8.26 - - 6661 2901 1932

10 28.34 88.5 3.45 0.73 0.04 921 921 921 976 921

3 12 32737  975.02 4.16 0.97 0.07 866 866 866 954 866
20 - - 4.96 2.95 0.11 - - 1271 1219 1114

4 10 96.96  253.05 4.02 0.88 0.06 855 855 855 906 855

5.2. Trajectory Smoothing

The proposed trajectory smoothing module is compared against three well-known methods:
B-Spline interpolation, Dubins curves, and the Overfly logic implemented by many UAS autopilots.
First, we show the resulting smoothed trajectories for one example route comprised of 6 waypoints
(P1-P6) distributed in a plane, which segments have varied turn geometries. The UAS was assumed
to have a minimum turning radius (R};,,) of 200 meters, a ground speed of V=120 km/h, and a
maximum roll angle of ¢7,,,=29.6°.

The resulting smoothed trajectories obtained are depicted in Figure 5. As shown, the trajectory
generated by B-Spline has continuous curvature but deviates significantly from the original route. This
is a strong disadvantage in our case as the resulting smoothed trajectory can potentially enter NFZs. In
addition, interpolation-based methods like Splines do not guarantee kinematic feasibility. While the
Dubins method generates kinematically feasible paths, it relies on rigid geometric constructions that
result in a non-uniform deviation around the vertices. In wide turns, the Dubins method exhibit similar
performance to the proposed method, but in sharp angles, it fails to distribute the deviation uniformly,
often skewing the trajectory significantly to one side of the vertex. The Overfly method, while effective
for standard turns, exhibits critical limitations in wide cornering geometries, as e.g., vertex P5, where
it fails to generate a valid intercept trajectory because the required geometry violates the method’s
convergence constraints. In contrast, our trajectory smoothing method successfully handles all vertex
geometries. It distributes the deviation uniformly around the vertex, ensuring a kinematically feasible
and safe turn even in sharp angles, confirming its better robustness and lower deviation than the other
methods.
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Figure 5. Comparison of smoothed trajectories obtained by B-Spline, Dubins, Overfly, and the proposed trajectory
smoothing method in one example route.

In addition, the proposed method generated the shortest path of 9.708 Km. Overfly produced the
longest path (10.428 Km), mainly due to the large overshoot required to recover the track after sharp
turns. Spline and Dubins methods generated trajectories of 9.864 Km and 9.857 Km, respectively. As in
this research, each UAS is commanded to maintain a constant ground speed throughout the mission,
our method also obtained the lowest mission makespan.

This analysis was repeated with 300 randomized missions with different numbers of UAS and
Pols at random locations, confirming these results. The proposed smoothing method consistently out-
performed the counterparts, obtaining in all tested cases the shortest total length. Table 4 summarizes
the results for 10 of these missions. The table also includes (in the "Straight-line distance" column)
the sum of the lengths of the segments between two consecutive waypoints in all routes (theoretical
baseline for the minimum possible path), showing the very low smoothing overhead of the adopted
method.

Table 4. Comparative analysis of the total path lengths for different smoothing methods across 10 randomized
experiments.

Number of Numberof Straight-line length B-Spline Dubins Overfly Our smoothing method

UAS Pols (km) (km) (km) (km) (km)
4 2 117.790 122.822  118.324  119.872 118.266
4 3 176.661 183.921 177450  179.514 177.360
6 3 188.130 195588  188.652  190.389 188.595
7 2 140.684 151262 140.998  142.066 140.934
6 4 266.648 275.832  267.996  271.060 267.672
5 3 137.217 145887  137.718  139.530 137.625
4 3 163.371 170.994  164.130  166.041 163.959
5 4 235.376 245128 236442  239.468 236.312
7 2 124.008 128242 124458  125.750 124.398
4 3 128.412 132456  129.015  130.554 128.856

5.3. Full U-Plan

The complete U-Plan architecture integrated with VECTOR-SIL and Visionair GCS Software
is validated in a realistic, large-scale scenario. The mission, set in the Andalusia region of Spain,
consists in visiting 26 geographically distributed Pols using 4 fixed-wing UAS, which start from
defined depots and must finish at any one of 5 available landing sites (end depots) selected from a
shared pool. To increase operational realism, the mission incorporates actual NFZs derived from the
ENAIRE (primary air navigation manager in Spain) Drones Database [48], encompassing restricted
areas and environmental protection zones. A constant wind field of 6.0 m/s blowing towards the East
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(90°) is applied to validate the energy-aware routing logic. While U-Plan supports spatially varying
wind fields, a constant wind model was selected to clearly isolate the impact of wind direction on
the energy consumption of routes with different orientations. The input parameters for the fleet and
the environment are summarized in Table 5. All UAS share identical ground speed (V=130 km/h),
maximum airspeed (V,|max=155 km/h), and initial energy level (3.6 MJ), and the arrival time deadline
is 3.600 s for all Pols.

Table 5. Input parameters for the full U-Plan validation scenario.

Parameter Value Unit
Number of Pols 26 -
End depots (Pool) 5 (Huelva, Cadiz, Las Cabezas) -
Pols maximum arrival time (Tyqx) 3600 s
Number of UAS 4 -
Start depots 4 (Seville) -
Ground speed (Vy) 130.0 km/h
Maximum airspeed (Va|max) 155.0 km/h
Initial energy (E;,;) 3.6 MJ
Propulsive efficiency (1) 0.75 -
Ref. wing area (a) 0.5 m?
Drag coefficient (c;) 0.03 -
Air density (p) 12 kg/m®
Wind intensity 6.0 m/s
Wind direction 90.0 (East) deg

The trajectories resulting from U-Plan are depicted in Figure 6 and detailed in Table 6. All
trajectories fulfill the UAS kinematic constraints and avoid the restricted airspace (NFZs), ensuring
operational safety. The VRP solver leveraged the flexibility of the shared end-depot pool by selecting
the 4 most efficient landing sites out of the 5 available options. The workload was distributed
effectively among the fleet, with total travel times ranging from 47 to 48 minutes, resulting in a
balanced distribution and low makespan. In terms of computation, Multi-UAS Route Computation
required 2.73 seconds, and the total computation time devoted in Trajectory Smoothing and Mission
Supervision was 2.41 seconds, confirming its feasibility for real-time operation.

Sevilla
b

Las Cabezas
de San Juan

Cadiz

Figure 6. Trajectories computed by U-Plan for the considered mission. The trajectories for UAS 1 (Red), UAS 2
(Blue), UAS 3 (Green), and UAS 4 (Orange) successfully visit all 26 Pols while avoiding real-world NFZs (shaded
areas) and terminating at the designated shared end depots.
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Table 6. Summary of results of U-Plan for the multi-UAS mission shown in Figure 6.

Number of
UAS # Pols Length (lkm) Mission time (s) ~ Energy (M])
Straight routes  Smoothed trajectories
1 9 105.03 105.49 48m 41s 1.75
2 8 101.50 102.58 47m 20s 15
3 4 104.71 105.28 48m 35s 2.16
4 5 103.63 104.22 48m 7s 2.18
Makespan 48m 41s

It can be noticed in Table 6 that although the flight distances for all UAS are remarkably similar
(ranging between 102.58 km and 105.49 km), the energy consumption shows a significant variance.
For instance, UAS 2 consumes approximately 1.5 MJ, whereas UAS 4 consumes 2.18 M], a difference
of nearly 45%. This discrepancy arises because the trajectory of UAS 4 involves segments flying
predominantly Westward, incurring a high aerodynamic penalty (V, > V%), while UAS 2 benefits from
tailwinds or crosswinds for most of its flight. Despite these variations, the planner successfully ensured
that all vehicles remained well within safety energy margins, with the lowest remaining battery level
at 39.4%. As shown, the proposed trajectory smoothing method introduces a maximum addition of the
length of 1.08 km (from 101.50 km to 102.58 km), being capable of resolving kinematic constraints and
ensuring smooth, flyable turns with very low deviation from the routes calculated by the VRP solver.
Table 7 provides a breakdown of the predicted arrival time for every Pol. Each row corresponds to a
specific UAS trajectory, listing the arrival times for each Pol visited by the UAS in sequential order. As
shown, the arrival time constraint (3.600 s) is fulfilled for all Pols, with the latest arrival time occurring
at2.290 s (UAS 4).

Table 7. Predicted arrival time for each Pol in the multi-UAS mission shown in Figure 6.

UAS # Arrival times (s) to each Pol in sequential order

629 937 1183 1331 1534 1742 1865 2098 2382
737 917 1143 1341 1603 1751 1957 2180

1304 1624 1782 2120
766 1273 1481 1907 2290

B W N —

Next, we evaluate the computational time of the total pipeline across randomized scenarios
with increasing problem complexity (number of Pols and fleet size). These tests utilized random Pol
distribution within an area of 10 km radius, random NFZs and wind fields, and results averaged over
10 independent runs. Figure 7-a shows the results for the Multi-UAS VRP Solver module alone, while
Figure 7-b presents the total computation time for the full U-Plan. The results show that although
the computation time increases in missions with numbers of Pols and UAS, the method exhibits
good scalability. The growth in computation time remains moderate, ensuring real-time replanning
capabilities for the fleet sizes and Pols densities envisioned in typical multi-UAS missions.
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Figure 7. Scalability analysis showing the impact of fleet size and number of Pols on computation time: (a) com-
putational time of Multi-UAS VRP Solver alone. (b) total computational time of the complete U-Plan architecture.

Finally, we evaluate the effectiveness of the Mission Supervision through dynamic mission
replanning. The mission involves 4 UAS assigned to visit 30 Pols, operating with the same UAS
specifications defined in Table 5. We simulate that UAS 4 has a critical failure at time T = 1.250 s.
Figure 8 shows the mission state at the moment of the failure (left) and the subsequent replanned
trajectories (right).

Sevilla Sevilla

Huelva

Las Cabezas Las Cabezas
de San Juan de San Juan

Cadiz Cadiz

(a) (b)

Figure 8. Dynamic replanning in response to a critical anomaly (UAS 4 failure at T = 1.250 s). (a) Snapshot of the
mission state at the moment of failure: black markers indicate visited Pols; blue dots represent the instantaneous
positions of UAS 1, 2, and 3; red markers denote the remaining unvisited Pols. (b) The replanned trajectories
showing the redistribution of the remaining workload among the three UAS, ensuring mission completion despite
the fleet reduction. In both figures the trajectories for UAS 1 are in red color, UAS 2 (blue), UAS 3 (green), and
UAS 4 (orange).

After detecting the failure signal from UAS 4, the current state of the mission execution is
immediately captured and the replanning mission is defined. Since the size of the problem is small,
the replanning process is done without Step1: Loiter and Hold. The already visited Pols, shown in
black color in Figure 8-a, are removed from the target list. The remaining unvisited Pols (marked in
red), including those originally assigned to the failed UAS 4, form the Pol set for the new mission.
The current positions of the surviving vehicles (UAS 1, 2, and 3), shown as blue dots in Figure 8-a,
are designated as the new start depots for the replanning instance. The mission is then replanned to
redistribute the pending workload among the three remaining UAS by executing Multi-UAS Route
Computation, Trajectory Smoothing, and Mission Validation. As shown in Figure 8-b, U-Plan
successfully generates valid trajectories that ensure that all remaining targets are visited fulfilling the
mission, UAS, and scenario constraints. The total computation time for this replanning process was
1.64 seconds. This short response time confirms U-Plan’s capability to handle emergency contingencies,
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seamlessly transitioning from a 4-UAS to a 3-UAS mission configuration without significant disruption
of the operational continuity.

An interesting observation from the replanning results is the dynamic reassignment of end depots.
In the replanned mission UAS 2 was redirected to land at an end depot different from that assigned
in the initial plan. This shows the ability to leverage the shared pool of end depots dynamically, re-
evaluating the end depot for each UAS based on its new starting position and updated workload rather
than adhering to fixed pre-assignments. This flexibility is critical for ensuring efficient energy and
mission management in real-world conditions, which are prone to frequent unexpected contingencies.

This analysis was repeated >100 randomized missions with different types of changes (e.g., new
NFZs, new Pols, addition of UAS, wind speed, among others), confirming the replanning capacity of
U-Plan.

5.4. Experimental Validation with Professional Software-in-the-Loop Simulators

To validate the practical applicability of the generated flight plans, we conducted Software-in-
the-Loop (SIL) validation campaigns using the Visionair GCS Software integrated with VECTOR-SIL
simulators, products from UAV Navigation that are commercialized all over the world. This setup in-
cludes the actual autopilot hardware (flight control computer, Attitude and Heading Reference System
(AHRS), and air data system) interfaced with a high-fidelity flight dynamics model, ensuring that the
validation accounts for real-world avionics constraints, latencies, and communication protocols.

The objective of the experiments was to verify that the trajectories generated by U-Plan are ac-
cepted by the certified commercial autopilot and that the estimated flight time matched the telemetry
data from the high-fidelity VECTOR-SIL simulator. We used three VECTOR-SIL devices, each simulat-
ing the navigation of a UAS following the trajectory assigned by U-Plan. They were connected to a host
computer via Ethernet ports and ran simultaneously within the Visionair GCS Software environment,
as shown in Figure 9. The integration between U-Plan and Visionair GCS Software was achieved
via a custom SDK extension developed in C#. This interface allows U-Plan to export the calculated
trajectories as flight plans, which are automatically detected, parsed, and loaded by Visionair GCS
Software for execution on VECTOR-SIL.

Set Up

VECTOR SIL
ETH/RS-232 Sensor
Simulation

Control logic

Figure 9. Pictures of the SIL simulation environment provided by UAV Navigation, featuring the VECTOR-SIL
and Visionair GCS Software.

The mission consisted in using a fleet of 3 UAS to visit 19 Pols distributed to cover a broad
geographical area, with start and end depots in the surroundings of the city of Seville. There was
a moderate constant wind (3 m/s from East) in the considered area and a circular NFZ. The fleet
comprised three heterogeneous UAS with distinct values of ground speed: UAS 1 (Vg = 140 km/h),
UAS 2 (Vg = 150 km/h), and UAS 3 (V; = 145 km/h), all with a maximum airspeed of 165 km/h.
Figure 10-a presents the trajectories computed by U-Plan. The execution times of the flight plans
computed by U-Plan for each UAS are: 1035 s, 1013 s, and 1037 s, respectively. Figure 10-b shows the
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trajectories resulting from the simulation of the flight plans computed using Visionair GCS Software
and VECTOR-SIL, in which the UAVs completed their flight plans in 1033 s, 1008 s, and 1034 s,
respectively.

Local SysTEMUST| [PO(FD)| Gauces FP TR
) (F6) 79 [

(a) (b)

Figure 10. Results of trajectories computation in U-Plan and Visionair GCS Software. (a) Trajectories generated by
U-Plan. UAS 1 (Red), UAS 2 (Blue), UAS 3 (Greeen). (b) Flight plan execution using Visionair GCS Software. The
image shows the flight plans and their navigation by UAS in the Visionair GCS Software environment.

U-Plan provided high fidelity in the flight plan execution times w.r.t. those obtained using SIL
realistic simulation. The maximum temporal deviation observed across all trajectories is lower than
5 seconds (UAS 2: 1013 s predicted versus 1008 s simulated), involving an error margin of less than
0.5%. This low error level was confirmed in all of the experiments with randomized missions (> 30
in total) that were performed. This close alignment confirms that the mathematical models used in
U-Plan for time estimation are accurate representations of the real-world flight dynamics modeled by
the SIL autopilot. It also validated that the flight plans generated by U-Plan are fully compatible with
and executable by certified autopilots without requiring manual adjustment or intervention.

6. Conclusions and Future Work

This paper presented U-Plan, a comprehensive mission management framework designed for the
effective and efficient coordination, planning, real-time monitoring, and replanning of heterogeneous
multi-UAS systems in real-world operational conditions. Our approach successfully integrates mission
optimization with physical and environmental constraints, providing a robust solution for planning
safe and feasible flight paths.

The U-Plan framework is organized by three main components: 1) Multi-UAS Route Computa-
tion, which accounts for NFZs and wind speed within VRP to produce short NFZ-safe and wind-aware
routes; 2) Trajectory Smoothing, which ensures the generation of kinematically-feasible trajectories
for fixed-wing UAS while reducing the deviations w.r.t. VRP-generated piece-wise routes; and 3)
Mission Supervision, which validates the flight plans to the UAS, real-time monitors the mission,
detects deviations, and triggers replanning in case of changes in UAS, mission, wind speed, or airspace
restrictions.

By encoding restricted airspace and NFZs into the initial cost matrix, we demonstrated that the
VRP solver can identify more efficient visiting sequences, resulting in significant reduction in total route
length compared to traditional post-processing detour methods. Furthermore, our wind-aware energy
model explicitly accounts for the nonlinear impact of wind direction on aerodynamic drag and energy
consumption, ensuring that flight plans remain energetically feasible. The kinematic-aware trajectory
smoothing method consistently generates shorter, kinematically-feasible trajectories than established
methods like B-Splines, Dubins curves, and the "Overfly" logic used in commercial autopilots, all while
maintaining a lower spatial deviation from the optimized VRP route. Finally, the mission supervision
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provides the necessary reactivity for real-world operations, enabling the detection of anomalies and
execute dynamic replanning.

U-Plan was implemented and validated integrated in a commercial setup comprising Visionair
GCS Software integrated with the VECTOR-SIL Software-in-the-Loop fized-wing autopilot simulator
from the company UAV Navigation. The validation of each individual component and comparison
with main existing methods together with the validation of the full framework show significant efficacy,
efficiency, scalability, and adaptability to dynamic changes in realistic complex multi-UAS missions.

As future work, although the validation using VECTOR-SIL and Visionair GCS provides high-
fidelity real-world flight dynamics and includes aerodynamic disturbances, sensor noise, and commu-
nication latencies, conducting experimental flight campaigns would enable assessing the framework’s
robustness against actual noise and perturbations. In addition, while potential inter-UAS collisions are
currently managed through the supervision module, future work will explore proactive spatiotemporal
deconfliction directly within the trajectory smoothing phase through time-parameterized 4D collision
avoidance mechanisms.
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Abbreviations

The following abbreviations are used in this manuscript:

UAS Unmanned aerial System

NFZ No-Fly Zone

VRP Vehicle Routing Problem

MILP  Mixed-Integer Linear Programming
SA Simulated Annealing

ACO  Ant Colony Optimization

GA Genetic Algorithms

Pol Points of Interest

DEM  Digital Elevation Model
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AMSL  Above Mean Sea Leve
GCS Ground Control Station
RLOS  Radio Line-of-Sight
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