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Abstract: In this work, we address the problem of convergence and cohesiveness of an unmanned aerial vehicle (UAV) flocking.
Thus, we propose a proximal control-based method for UAV self-organized flocking. Our method efficiently achieves flocking in the
absence of alignment control and moves into an arbitrary direction without any direction control or informed robots. Robots use a
Lennard-Jones potential function to maintain the cohesiveness of the flocking while avoiding collision within the teammates. We
evaluate our method using the order metric, the steady-state value, and the settling time that can be used as a cohesiveness indicator.
Keywords: unmanned aerial vehicles; flocking; swarm robotics; self-organization.

1. Introduction
Flocking, also known as coordinated motion, is a
behavior that consists of a large group of individuals
moving together towards the same target direction.
According to Ferrante et al. [1], flocking is traditionally
realized using two main control rules: proximal control,
which controls the cohesion of the swarm using local
range-and bearing information about neighboring
robots; and alignment control, which allows the robots
to align in a common direction and uses more elaborate
sensing mechanisms to obtain the orientation of
neighboring robots.
Flocking can be achieved with the use of virtual
physics-based design methods [2], where each robot is
considered as a virtual particle that exerts virtual forces
on other nearby robots. The most common methods for
robot flocking usually use attraction-repulsion
functions. Other works also add the alignment rule, e.g.
the work of Ferrante et al. [1]. Some works even add
information about a goal direction, e.g. the work of
Tarcai et al. [3], and more recently Shirazi and Jin [4].
All of these methods have been applied to ground
mobile robots, usually in an indoor environment, and
some of them only in simulations.
UAV flocking algorithms are often tested only in
simulations [5]. In contrast, recent fixed-wing UAV
works have emerged with real robot experiments.
Kownacki and Ołdziej [6], and Silic and Mohseni [7]
have presented interesting studies, where the
experiments rely on Global Positioning System (GPS)
as the main positioning sensor and on communication
between UAVs. Generally, UAV practical approaches
use ranging systems based on radio signal transmissions
[8]. Multi-rotor UAV flocking has also been tested in
real conditions, the works of Virágh et al. [9] and Arul et
al. [10] are example of contributions. Another recent
work [11] has achieved flocking indoors with a swarm
of up to 30 physical UAVs. This can be considered one
of the most impressive achievements so far. Finally, all
aerial mobile robot works cited uses an alignment
control method which helps to achieve the flocking
more quickly but requires more elaborate sensing
mechanisms. In this work, we proposed a decentralized

proximal control-based method for UAV self-organized
flocking, which extends the work of Ferrante et al. [1].

2. Methodology
Flocking control methods are generally composed of
three different term-functions: a proximal term, an
alignment term, and an optional goal direction term,
which is needed when the swarm is required to steer
towards a specific target. Let us assume that in a
flocking of n robots, a robot i, with i ∊ {1,…, n}, is
called the focal robot. The focal robot computes a
flocking control function denoted by F . Taking into
account all flocking control terms, the flocking control
function can be calculated as follows:
F = P + A + G,

where P is the proximal term, A is the alignment term,
and G is the goal direction vector, which can only be
used when there are informed robots (i.e. robots
knowing the goal).
In this work, we propose a flocking control function
F, which needs only the proximal term to converge and
move the UAVs into a unified direction. The equation
(1) can therefore be rewritten as:
F=P.

(2)

The proximal term is used to make the UAV
maintain the desired distance from other neighbor
robots while keeping a cohesive formation. By using the
proximal term, the focal robot can use the sensed range
and bearing of its neighboring UAVs within a maximum
interaction distance of Dp. For the model from our
team's previous work [1] to be properly implemented on
a flocking of UAVs, the distances between robots must
be less than or equal to the maximum sensing range of
the sensor. When the swarm converges into a stable
formation, interactions between UAVs are limited to the
first neighbors in the Voronoi sense, which in turn
mandates that Dp = λddes, where ddes is the desired
distance between UAVs, and λ is a positive gain that
limits the maximum interaction distance to be less than
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twice the desired distance between two robots.
Therefore, we propose the proximal term function as:

Finally, the two movements can be calculated as:
(7)

(3)

where mp is the number of neighboring UAVs perceived
by the focal robot within the maximum interaction
distance, and di and ϕi denote the relative range and
bearing, both expressed in the body frame of reference
of the focal robot.
The term pi(di) is the magnitude of the proximal
vector. In our case, we employ the Lennard-Jones
potential used by our team for unmanned ground
vehicles (UGVs) [1], and it can be calculated as:

where Bs is the forward biasing movement, and κ1 and
κ2 are the linear gains and the angular gains,
respectively.
As the final step, we compute the desired pose for
achieving or maintain the flocking using the linear
movement v and angular movement ω as described in
the equation (8). To achieve the advantages of MDFMC,
the desired pose is generated satisfying non-holonomic
constraints:

(8)
(4)
where P(di) is a virtual potential function, Є is the
strength of the potential function which determines its
depth, α is the steepness of the potential function, and σ
is the amount of noise calculated by equation (5). Thus,
the minimum of the potential function is when di=-Є,
and it can be expressed as:
(5)
Magnitude-dependent Flocking Motion Control
The motion control is responsible for translates the
output of the proximal control into a robot motion. The
magnitude-dependent flocking motion control proposed
by Ferrante et al. [1] makes possible the flocking in a
random direction without an alignment control. In the
following, we assume that the UAV has a translation
axis x and a rotational axis y. The desired linear
translational movement v is set as proportional to fx,
which is the projection of the flocking control vector F
into the x axis of the body reference frame, where the
translational motion is defined according to the applied
non-holonomic constraints. Conversely, the desired
angular movement ω is set as proportional to fx , the
projection of F into the y axis, where the rotational
motion is defined according to the constraints.
We decompose the value of F into f x and f y by using
the values of the bearing ϕi. We call f x and f y the
projection of the flocking control vector F on the XYplane of the body reference frame of the focal robot:

where zcoe f f is the desired height of the flock, [xd,
yd, zd]T = rd is the desired position, and θd is the
desired heading.
3. Experiments
In simulations, swarming algorithms usually are applied
in a large group of robots (≥ 100). When using ground
robots, gathering this high number of robots is somehow
feasible. However, the use of a large number of UAVs
when simulating real disturbances from outdoor
environments is not a simple task. Due to computational
power limitations, we performed simulations with four
robots but still succeeded in proving the efficiency of
our proposed method.
3.1 Used Metrics
We use three metrics to analyze the effectiveness of our
method. First, we use a metric that demonstrates how
cohesive the swarm aligns in a common direction in a
short period. This is the order metric which measures
the degree of agreement of the orientations of the UAVs
within the swarm. Thus, the vectorial sum of the
headings of all N robots is:
(9)
and the order can be calculated as:
(10)

(6)

where ϕi is the bearing.

With this metric, the common heading is defined by
a value of
. When the UAVs point in different
directions the value of
0. We also analyze the
steady-state value that is reached for a given metric (in
our case the order metric). The steady-state metric is the
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asymptotic value reached by the order metric during the
simulation. We can compute the value of the steadystate as:

an arbitrary direction, as intended (see Figure 2). The
simulation revealed a steady-state value of μ =1.0097 as
it indicates that the order assumed values close to 1
during the simulation.

(11)
We also used the settling time which is the time
needed to reach a steady-state in order. More precisely,
the settling time t* is defined as the time for which
t we have
. . In other words, t* is the time
at which and after which the order stays above the 95%
of the steady-state.
3.2 Results
All the control and estimation are supported by the
Multi-robot Systems (MRS) UAV system [12]. The
MRS UAV system is an open-source implementation
system for supporting replicable research through
realistic simulations. We build our method using the
Robot Operating System (ROS).
The simulation environment was implemented on
the MRS simulator [12] which is a simulation
environment based on the open-source Gazebo
simulator. Similar to the real robot, the simulated
multirotor UAV can estimate its pose through a GPS
localization system and communicate with the others
through Wi-Fi. Each UAV runs an instance of our
proposed method and obtains the range d and bearing ϕ
of its neighboring by extracting it from the global
position information of the others.
In the performed simulations, the initial position of
each UAV was selected manually however the
orientation was set randomly. After the take-off and
hovering for a 10s period, the simulation starts. We
summarize the value of the parameters used in the
simulation in Table 1.
Since there is no goal position to reach or any other
kind of stopping criteria, we allowed the swarm to try to
achieve and maintain the flocking for 240 seconds.
Once this experiment duration was reached, the robots
are triggered to finish the mission and standstill in their
last position.
Table 1. Parameters values.

With only the proximal method proposed, the UAVs
rapidly converged in range and bearing as can be
observed in the settling time of 26 seconds (see Figure
1). During the simulation, the flocking moved towards

Figure 1. Order value in the experiment.

Figure 2. XY plot showing UAV headings during the simulation.

4. Discussion
The development of flocking algorithms in swarm
robotics commonly uses ground robots in indoor
environments mainly due to the simpleness of the
environment setup. Basic research in the area of UAV
flocking and formation flying was recently studied in
[13]. Our results demonstrated that the proposed method
works on UAVs. Furthermore, the simulations were
performed in a distributed manner, where each robot has
its control and flocking system. UAV swarm control is a
relatively new field of research, and its applications are
yet to be explored. Although, the adaptation of methods
from ground robots to flying robots is usually
mentioned as future work by many authors. We extend
the work of Ferrante et al. [1] by adapting the
decentralized proximal control-based method for UAV
self-organized flocking.
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5. Conclusion
We have presented an efficient and simple method for
UAV flocking based only on a proximal function. This
function has been used to enable the UAVs not only to
maintain a cohesive flock but to move in an arbitrary
direction. We performed experiments using GPS and
communication devices to exchange UAV positions and
estimate the range and bearing. Our method managed to
enable the robots to converge towards the flock and
maintain the cohesiveness of the group. It also enabled
the UAVs to move in an arbitrary direction. In this way,
we achieved self-organized flocking for aerial robots
using only proximal control. Simulations with a large
number of robots and real-world experiments in outdoor
environments are examples of future works.
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