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Abstract— In this paper, the problem to safely and efficiently
navigate multiple Unmanned Aerial Vehicles (UAVs) in complex
environments is addressed. Each UAV aims at achieving an
approximate optimal trajectory plan while considering con-
straints from the environment and other neighboring UAVs.
The problem is formulated as a generalized potential game.
An algorithm, following an iterative best response approach,
is proposed. Experimental results verify the coordination of a
team of UAVs for a given team goal description. Also, the time
cost of computation for the proposed algorithm is investigated.
The results show a high-level goal to navigate a team of UAVs
can be automatically decomposed to safe and efficient trajectory
plans for each UAV in the team by solving generalized potential
games in a decentralized manner.

Index Terms— Motion and Path Planning, Multi-Robot Sys-
tems, Aerial Systems

I. INTRODUCTION

Many applications benefit from new technologies for
autonomous UAV, including inspection operations, search
and rescue operations, as well as delivery services [1].
To safely navigate, path planning for the UAV system is
required. Optimization-based control has been researched
from different perspectives for this purpose. To model the
constraints and cost function of the path optimization prob-
lem, authors in [2] discussed the quadrotor dynamics and
smooth trajectory generation. To improve computation speed,
sampling-based path guided trajectory optimization methods
were proposed in [3]. To control a team of UAVs, a multi-
UAV motion planner is required to generate safe trajectories
respecting the constraints of the system. Authors in [4] pre-
sented multi-agent collision avoidance as a reactive control
without communication to provide scalability. However, the
proposed solution can not maintain the efficiency of the path.
Motion planning with optimal task allocation for multi-robot
has been researched in [5]. Authors in [6] investigated a two-
step algorithm for goal assignment and planning for a team of
interchangeable UAVs. Those methods are able to optimize
the efficiency for a team of UAVs at either task level or
individual path level, but they require goal clarification for
each (interchangeable) UAV in the team. However, in some
use cases, the goal for a team of the UAVs is clarified but
the goal for each UAV is flexible during the task operation.

This work was funded by the European Union’s Horizon 2020 research
and innovation project Drones4Safety under grant agreement No 861111 and
the Innovation Fund Denmark project Drones4Energy with project number
J. nr. 8057-00038A.

Therefore we are investigating a method that can control a
team of UAVs by only providing a goal description for a
team of UAVs and let the system itself generate the task
distribution and individual path plan for each UAV member
in the team.

This paper formulates the multi-UAV coordination prob-
lem as a collective decision-making process modeled by
game theory. We consider the partially provided goal as
a navigation target for a team without providing a set of
decomposed goals for each UAV. To approach efficiency
optimization for a team of UAVs, the concept of Generalized
Nash Equilibrium Problem (GNEP) and Generalized Poten-
tial Games (GPG) are considered. The Gauss-Seidel-type
best response method for solving the GPG was discussed in
[7]. In [8], the authors introduced a concept of approximate
equilibrium and proposed a Gauss-Southwell algorithm to
compute approximate equilibria of the GPG with mixed-
integer variables.

In this work, we propose a game theoretical framework for
multi-UAV path coordination. The framework extends exist-
ing optimization based Multi-UAV path plan solutions by
involving the theory of GPG to directly plan according to a
high-level goal description for a team of UAVs. Our proposal
is formulated as a sequence of multi-agent games seeking
for equilibrium solutions, which generates an approximate
optimal solution for a team of UAVs. The computation of
equilibrium guides each UAV in the multi-UAV system to
calculate its control inputs subjected to constraints, e.g. UAV
dynamic limitations and obstacles.

The rest of this paper is organized as follows. Section
II presents the modeling of the multi-UAV coordination
problem and the proposed solution framework. Section III
describes the calculation of multi-UAV equilibrium. In Sec-
tion IV, experimental results are discussed to validate the
model. Simulation result in a Docker based multi-UAV
simulation platform is presented. Finally, conclusions are
drawn in Section V.

II. MULTI-UAV COORDINATION MODEL

We introduce a system level model that relates GPG
and the multi-UAV path coordination problem that allow
utilization of available solvers.
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Fig. 1: System formation for multi-UAV coordination.

A. Generalized Potential Game and Iterative Best Response

It is observed that the addressed problem is in the domain
of Generalized Potential Game (GPG) [7]. Essentially, a
GPG is a GNEP [9], where the players are (unawarely)
optimizing the same function [7]. GNEP extends the classical
Nash Equilibrium Problem by assuming that each player’s
feasible set depends on the strategies of the rival players. In
a GNEP, every player optimizes its objective function. It is
natural to consider decomposition methods for finding the
best solution. There are two main types of decomposition
methods: the Jacobi-type method and the Gauss-Seidel-type
method [10]. We discuss the algorithm following the Gauss-
Seidel-type best-response method, where in each iteration
each player updates its strategy by solving its optimization
problem, given the strategies of the rival players [7].

B. Formalize the problem with a system model

The equilibrium calculation compromises the optimal
strategy of a single UAV to a strategy that constitutes an
approximate optimal (Nash Equilibrium) of a team of UAVs.
The equilibrium calculation considers other UAVs’ strategies
and adjusts the individual UAV’s own strategy to avoid
potential conflicts within constraints. In an iterative based
equilibrium calculation, it allows a fast response, i.e., the
iteration can be terminated as soon as a feasible strategy set
for a team of UAVs is found.

The system for multi-UAV coordination (Fig.1) composes
UAV members connected through a wireless local area
network (WLAN). Members communicate their strategies
derived from each UAV’s best knowledge. To achieve coordi-
nation between UAVs, each UAV member is overlayed with
the equilibrium calculation on top of the conventional system
of a single autonomous UAV. The optimal control module
adopts a hierarchical structure, which contains path planning
and trajectory planning. Sampling based path planning is
responsible to find an available route between two points in
space. Trajectory planning generates detailed control com-
mands considering UAV dynamics and states.

1) Dynamic constraints for optimizing single UAV tra-
jectory: To generate an efficient and smooth control for

an autonomous UAV, the trajectory should be converted
into control inputs subjected to vehicle dynamic constraints.
We consider a model of piece-wise minimum snap (fourth
derivative of position vector r) trajectory [2]. It generates a
trajectory that minimizes the integral of the fourth derivative
of the position squared and the second derivative of the yaw
angle (ψ) squared from the start time (t0) to the end time
(tm).

min

∫ tm

t0

Costsmoothdt = (1)

min

∫ tm

t0

(
ur

∥∥∥∥d4r
dt4

∥∥∥∥2

+ uψ

(
d2ψ

dt2

)2
)
dt

where ur and uψ are constant parameters that make the
function non-dimensional to be independent of any particular
unit, as of distance and time. The proposed minimization
pushes the trajectory of the UAV to be more smooth, which
leads to less energy cost and higher achievable speeds. Basis
functions are formulated to represent the trajectory σ(t) =
[r(t), ψ(t)]T . In this section, we use 2D space as an example.
The position state vector is denoted as r(t) = [rx(t), ry(t)]T .
Each component of the trajectory, σc ∈ {rx, ry, ψ}, is
defined using piece-wise polynomial functions of order np
over nw ∈ Z+ time periods. Φp denotes the coefficient of
each term, tp.

σc(t) =


∑np

p=0 Φp,1t
p t0 < t < t1

...∑np

p=0 Φp,nw
tp tnw−1 < t < tnw

(2)

2) Multi-UAV Collision Avoidance: A safe distance con-
cept is used to avoid collisions between UAVs. The cost
function is modeled by adding penalties for the case when
the distance between UAVs becomes shorter than the safe
distance. For any two UAVs (indexed i and j, respectively),
the cost function related to safe distance is defined over the
flying time:

Costsafe(t) = (3){
us
(
(ri(t)− rj(t))

2 − d2
s

)
(ri(t)− rj(t))

2 < d2
s

0 (ri(t)− rj(t))
2 ≥ d2

s

where us is a penalty scale, and ds denotes the safe distance
between UAVs.

III. EQUILIBRIUM CALCULATION

Define the optimal strategy for the p’th member of the
UAV team, σ∗p , given the strategies of other nearby UAVs,
σ−p.

Cost(t) = Costsmooth(t) + Costsafe(t)

σ∗p(σ−p) =

argminσp

fp(σp) = argmin
σp

∫ tm
t0

Cost(t)dt

s.t. (σp, σ−p) ∈ Ω
(4)

where Ω denotes the feasibility space for UAV trajectories
within all constraints, e.g. safe distance, maximum velocity,

PREPRINT  -  Copyright 2021, IEEE



Algorithm 1: Gauss-Seidel Method (multi-UAV tra-
jectory planning)

1 I. Initialization:
2 σp[j = 0] ∈ R2,∀p ∈ Ot;
3 II. Find initial feasible solutions:
4 while (σp, σ−p) /∈ Ω do
5 for p ∈ Ot do
6 σp[j + 1] = argmin

σp

fp(σp)

7 Broadcast σp[j + 1] to ∀h ∈ Ot, h �
t
p

8 end
9 Set j = j + 1

10 end
11 III. Improve solution towards Nash Equilibrium:
12 while σ[j] is not an E-MINE do
13 for p ∈ Ot do
14 σp[j + 1] = argmin

σp

fp(σp)

15 ∆ fp(σp[j+ 1]) = fp(σp[j])− fp(σp[j+ 1])
16 if ∆ fp(σp[j + 1]) ≤ E then
17 σp[j + 1] = σp[j]
18 end
19 Broadcast σp[j + 1] to ∀h ∈ Ot, h �

t
p

20 end
21 Set j = j + 1
22 end

initial velocity and maximum angular velocity. The optimiza-
tion function returns an optimal trajectory by minimizing the
cost functions.

Let E > 0, σ∗ ∈ Ω refer to the E-Mixed-Integer Nash
Equilibrium (E-MINE) [11] of the multi-UAV trajectory
planning if for all UAV members p ∈ {1, 2, ..., np},

fp
(
σ∗p
)
≤ inf

σp∈Ωp(σ∗
−p)

fp(σp) + E (5)

E-MINE is an approximate equilibrium using E as a thresh-
old. To reach E-MINE, Algorithm 1 is introduced. The
algorithm converges to E-MINE through a sequence of
iterations (j) under specific conditions. Let h �

t
p define a

UAV ordering relation at timestamp t, i.e., the h’th member
has higher order than p’th member at time t. Ot refers to
the set of ordered UAVs, i.e., Ot = {1, 2, ..., N} at time
t. It is assumed that Ot is defined for time t and fixed for
all UAV members. At last, ∆fp() denotes the cost variation.
The optimal strategy for the p’th member of the UAV team
will stop updating when the cost variation becomes less than
the threshold E . The E-MINE will be reached when the cost
variations of all UAVs become less than the defined threshold
E . However, the algorithm can be stopped in any iteration of
the phase III to provide a feasible solution, in case a short
response time is required.

IV. SIMULATION AND VALIDATION

This section discusses the implementation and validation
of the algorithm and its limitations. Pyomo [12] is used

UAV trajectories UAV to UAV distances

Fig. 2: UAV to UAV distance with algorithm iteration j.

for modeling the problem and calculate approximate equi-
librium solutions through Algorithm 1. The Pyomo.DAE
extension library allows users to incorporate systems of
differential-algebraic equations. Interior Point OPTimizer
(IPOPT) is selected for solving the mixed-integer quadratic
programming problem. The Python socket library is used
for UDP communication. To evaluate the algorithm compu-
tation, NUC8I5BEK (Core i5-8259U) with 16 GB 2400MHz
SDRAM is used. For the UAV-to-UAV communication, Intel
NUC on-board WiFi modules in ad-hoc network mode.

A. Coordination

A numerical simulation is implemented based on Algo-
rithm 1 to reconfigure a team of 3 UAVs to fly through
desired circle areas defined by waypoints as the center of
the circle. As shown in Fig. 2, a large ”X” represents the
waypoint. In total there are 6 waypoints including the final
landing area. The team of UAVs is required to pass less
than 2 meters distance for intermediate waypoints, and stop
less than 3 meter distance for the final landing position. The
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Fig. 3: Computation time for different time horizons (T ) of
the trajectory plan. The boxplot represents the upper and
lower percentiles of computation time from 10 experiments
on different time horizons (T), which refers to the total
number of the UAV states in the trajectory plan.

initial take-off position for the team is placed in the area
of square bounding box from (0,0) to (4,4). The velocity at
the take-off and landing positions is required to be zero. The
three categories of points, i.e., ’x’, ’+’ and ’4’, refer to three
different UAV’s trajectories. Each point refers to a position
at a related timestamp. Time intervals between points are all
equal. Fig. 2 presents the trajectory updating and the UAV-to-
UAV distances in 2D according to the increase of algorithm
iteration j. The safe distance between UAVs is predefined
as 1 meter. It is observed that all UAV-to-UAV distances
keep larger or equal to the safe distance from third iteration.
Different colors of lines refer the distance between different
UAVs.

B. Computation Time

The computation of the algorithm includes a (Pyomo)
model generation and optimal trajectory calculation. Fig. 3
shows a boxplot of the computation time for different time
horizons (14, 24, 48 seconds) of trajectory planning using
Intel NUC7I7DNK in a 2-UAV coordination scenario. Fig. 3a
shows the computation time of the first (iteration) trajectory
estimation including model generation and initialization on
an individual UAV. Fig. 3b presents the computation time
of the trajectory calculation of a UAV in each following
iteration. The first iteration estimates trajectory based on the
initial states of the UAVs. The following iterations update
trajectories based on the communication between UAVs.

C. System Simulation

As shown in Fig. 4, the software-in-the-loop simulation
platform is developed by using Docker containers, where
Ubuntu 18.04 and ROS Melodic are installed. The Docker
platform uses OS-level virtualization. It provides the ability
to configure and run an application in an isolated environ-
ment called a container. The feature of isolation enables users
to run multiple docker containers simultaneously on a given
host. Each container represents a UAV, which contains the
Gazebo simulation environment and the PX4 flight controller
firmware connected by the MAVLink communication proto-
col. The multimaster fkie ROS package is deployed in

Container Distro (Ubuntu 18.04)

PX4 on SITL

O�board
control/

Other API
(ROS)

Gazebo
Simulator

Container Distro (Ubuntu 18.04)

PX4 on SITL

O�board
control/

Other API
(ROS)

Gazebo
Simulator

Docker container 1 for UAV 1

Docker container 2 for UAV 2

Multi-Master communication
on local IP network
(multimaster_fkie)

UAV 1
UAV 2

UAV 2
UAV 1

Camera

Camera

SSH Tunnel + VNC Viewer:

SSH Tunnel + VNC Viewer:

Fig. 4: A Docker-based simulation platform for the multi-
UAV system. Remote access with a graphical interface is
supported by SSH and VNC. The sensed obstacles and other
UAVs are visualized for each simulated UAV using RViz.

each container to establish and manage a multi-master net-
work, which enables communication between the simulated
UAVs within the local IP network. All Docker containers are
deployed on a server and accessed remotely through SSH
tunnel. The Virtual Network Computing (VNC) service is
used for providing a graphical user interface for remote users.
RViz, the 3D visualization tool for ROS, shows the status
of the UAV and its sensors during the simulation. The UAV
model in the Gazebo contains a model of the Intel RealSense
D435 camera for depth estimation on sensed obstacles. The
Field of View (FOV) of the camera is shown in light green
field in Fig. 5a. The mavros controllers ROS package
[13] is integrated for controlling UAVs using the mavros
ROS package in the OFFBOARD flight mode, which is a
standard flight mode defined in PX4 flight controller for
autonomous flight. The mavros controllers package
contains geometric controller, which is adopted in
this work for implementing trajectory tracking control. To
acquire an efficient trajectory while sensing and avoiding
obstacles, the Fast-Planner ROS package [14] is inte-
grated as a single UAV optimal control method (Fig. 1). To
implement the multi-UAV trajectory planning on the simu-
lated UAVs, we combine the proposed algorithm (Algorithm
1) with the Fast-Planner, geometric controller
and the multimaster fkie. Based on the integrated
software, Fig. 5a shows an example that two UAVs plan
paths, in red curve, towards a target waypoint position while
avoiding encountered obstacles. The UAV is controlled by
position and velocity commands. Obstacles are sensed in
real-time within the camera field of view of each UAV.
Fig. 5a visualizes the UAV location, the on-board sensor
data and the estimation results of surrounding obstacles. The
visualization results of the UAV 1 and 2 are shown on the
right and left of Fig. 5a respectively. Due to the location
and perspective difference of the two UAVs, the estimated
shape and distribution of the obstacles are different in the
visualization software RViz. The target waypoints are set by
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Fig. 5: Coordinated path planning for two UAVs in an
obstacle existing environment. (a) Two UAVs are represented
by their body coordinate frames in the RViz. Each UAV
senses the obstacles within the field of view (FOV) of the
on-board cameras. Two UAVs plan the path to fly towards a
predefined waypoint while avoiding obstacles. (b) The UAV
1 plans a path to keep safe distance to the UAV 2. (c) The
simulated environment in Gazebo.

the user and shared to UAVs through the local network using
multimaster fkie package. To control the computation
load, Algorithm 1 is triggered under the condition that the
UAV-to-UAV distance is less than a predefined coordination
distance. Apart from this condition, a UAV continuously
updates its local path plan without considering other UAVs.
Within the coordination distance, the UAV updates its path to
keep safe distance to the other UAVs. As shown in Fig. 5b,
the path of the UAV 1 appears being pushed away by the
path of the UAV 2 due to the safe distance constraints during
the path optimization.

V. CONCLUSIONS

We propose a path planning method that allows multiple
UAVs to coordinate and fly safely and efficiently under envi-

ronmental constraints. The proposed method enables multiple
UAVs to coordinate trajectories according to a high-level
team goal in a decentralized manner. The multi-UAV motion
planning problem is formulated as a generalized potential
game. Each UAV is a player in the game. Optimal control,
subjected to the UAV dynamic model and collision avoidance
constraints, is used to generate strategies for each UAV. To
coordinate each player’s optimal strategy within constraint
circumstance, an E-Mixed-Integer Nash Equilibrium (E-
MINE) is adopted. A Gauss-Seidel method based algorithm
is applied to reach E-MINE by using optimal control in an
iterative way. We validate our proposed algorithm by a set of
numerical and system level simulations, where evaluated the
proposed method under different time horizons of trajectory
planning. Our proposed method aims to help UAV system de-
signers to develop a self-adaptive mechanism for the question
on how to perform joint flight coordination of multi-UAV
systems and to define the optimization in each iteration for
a sequential coordination in a decentralized fashion. Further
investigation on scalability under communication limitations
could be considered in future work.
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