UAV collision avoidance using multiple artificial potential functions:
Practical implementation and experimental outdoor applications

Oscar F. Archilal2, Alain Vande Wouwer? and Johannes Schiffer3

Abstract—In unmanned aerial vehicle (UAV) applications,
fast-response collision avoidance is an essential requirement for
a safe flight. This applies in particular to real-world settings
with constrained hardware performance. With these challenges
in mind, the authors have recently presented a collision avoid-
ance strategy based on multiple artificial potential functions
(MAPOFs). The strategy overcomes the typical drawbacks of
the conventional, popular APOFs approach, such as chattering
or deadlock. The main focus of the present paper is on the
practical implementation and experimental demonstration of
the proposed MAPOF strategy in two real-life outdoor scenarios
using a commercial quadrotor and open-source software. The
experiments show the effectiveness of the MAPOFs strategy in
the presence of stationary obstacles as well as in the presence
of another moving UAV. The experiments are complemented by
additional simulation results to further illustrate and validate
the proposed approach.

I. INTRODUCTION

Unmanned aerial vehicles (UAVs), commonly known as
drones, are increasingly being utilized in various applica-
tions such as smart farming, monitoring and surveillance,
building inspections, image capture and filmmaking, and
artistic performances [1], [2], [3]. With the growing use
of drones for these purposes, safety concerns have become
paramount, necessitating the implementation of efficient col-
lision avoidance systems (CAS) as an additional layer on top
of conventional flight controllers [4].

Among the different CAS approaches, a strategy that
has been largely studied in robotics is artificial potential
functions (APOFs) [5], [6]. The design of APOFs is inspired
by the idea of applying artificial ’forces” to the low-level
tracking control of the UAV. This helps the drone to avoid
obstacles while following a specific trajectory or reaching a
final target location. For instance, in [7], the authors integrate
the APOFs in a UAV formation, adding a repulsion force
around the obstacles. In [8], the authors integrate the APOFs
in a path-planning method to avoid possible obstacles in
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the environment. Although APOFs have been effectively
employed to navigate around fixed or moving obstacles
in various studies, they have two significant drawbacks:
chattering, which can lead to deadlocks, and the lack of
experimental demonstrations in a hardware UAV platform
[2].

In [9], the authors mitigate the chattering by implement-
ing a rotating potential field that determines the direction
in which obstacles should be avoided smoothly. Another
approach that deals with this issue is barrier functions.
For instance, in [10], the author uses barrier functions to
create a smooth time-invariant controller for UAV collision
avoidance. Although barrier functions can effectively handle
this critical challenge, their implementation is often complex
and computationally demanding. Other approaches that deal
with the drawbacks of standard APOFs are based on model
predictive control (MPC). In [11], the authors present a
chance-constrained approach where the obstacles are mod-
eled in a probabilistic manner in the MPC problem. Similarly,
in [12], the authors propose chance constraints based on the
obstacle velocity in the MPC framework. However, since
a non-linear optimal problem needs to be run for each
step iteration, the computation cost of this MPC approach
is comparatively high. This presents significant limitations
for small UAV platforms with constrained hardware, where
real-time responsiveness is essential for effective obstacle
avoidance [13].

Moreover, experimental applications of APOFs for out-
door UAV collision avoidance remain scarce in the literature.
In [14], the authors develop experiments using APOFs to
maintain a circular formation for fixed-plane UAVs. How-
ever, these experiments do not focus on collision avoidance.

To address the chattering issue and the stability analysis,
the present authors have recently proposed a new collision
avoidance strategy based on multiple APOFs (MAPOFs).
The theoretical development of the MAPOF strategy, to-
gether with the associated closed-loop stability properties,
are currently under review elsewhere [15]. The focus of the
present article is on the technical implementation aspects
of the MAPOF strategy and its experimental validation in
outdoor conditions. The contributions of this paper are,
therefore, as follows:

o We revisit the novel MAPOFs strategy from [15] and
provide a detailed description of the algorithm’s imple-
mentation on an actual experimental UAV platform.

e We describe the hardware platform, detailing the
quadrotor specifications, middleware, and control adap-
tation in an open-source environment. This also includes



testing the strategy performance through simulation.

« We present experimental results of the MAPOF strat-
egy for two real-life scenarios in outdoor conditions:
one with multiple fixed obstacles and another with an
additional UAV in the spatial domain.

The remainder of this paper is organized as follows. In
Section II, the collision avoidance strategy is detailed. The
UAV setup, including software and hardware specifications,
is presented in Section IIIl. In Section IV, the modeling
and simulations used to evaluate the strategy are described.
Experimental results are presented in Section V, followed by
performance analysis in Section VI. Finally, conclusions are
discussed in Section VII.

II. COLLISION AVOIDANCE STRATEGY

A collision avoidance system with fast response and low
computational cost is required. The APOF approach is a
simple method used in robotics that satisfies these require-
ments. However, its main disadvantages include its unsmooth
trajectory and the fact that it can generate deadlocks [16]. To
overcome these limitations, we have introduced in [15] a new
method that, by using multiple APOFs, avoids the previous
problems and is based on an additional suitable space parti-
tion strategy. Then, for each partition, an appropriate APOF
is defined. This method is revisited next.

A. Multiple artificial potential functions (MAPOF's)

n Target position
¢ Obstacle position

Fig. 1. Space partition for the MAPOFs strategy for collision avoidance.

MAPOFs are used to address collision avoidance. Instead
of using an additive force that sums up the attraction and
repulsive forces, we propose generating a space partition (see
Figure 1) based on the obstacle’s position and the target. This
allows using a specific force in each sub-region, generating
a smooth trajectory. The strategy is based on three criteria:

« An attraction force F pointing to the target position n
is applied when the UAV is not detecting obstacles.

« Avoidance forces F» or Fj are applied to change the
UAV direction, when it detects an obstacle. These forces
point to temporary target points g; and g5.

o A repulsion force Fy is applied, when the UAV is close
to the obstacle (.

According to the previous logic, the applied force depends
on the space partition illustrated in Figure 1. The numbers
represent the regions where specific forces are applied. The
latter are defined as

Fi(§) = ky(n — &),

Fal€) = y 97— €), "
F3(8) = kg(gg &),

Fy(€) = —ke(C =€),

where k,, kg, ke > 0 and £ € R? is the current position of
the UAV. From (1), it follows that F} is an attraction force
in the direction of the target position, F} is a repulsion force
in the opposite direction of the obstacle, and F5 and Fj are
attraction forces to the temporary target points that allow
the creation of “escape” trajectories and the mitigation of
potential oscillations or, worse, deadlocks.

B. Space partition

Consider the space R? in Figure 1 segmented in four
regions, where every region applies a different APOF. This
segmentation is used when an obstacle is spotted in the
detection range ry > 0 of the UAV. Let the current obstacle
position be denoted by ¢ € R? and the security radius
by 7, > 0. The objective of the UAV is to reach the
target position 7 € R2. The numbers in Figure 1 represent
the region numbers. Additionally, we define the following

quantities:
| = arctan (M) )

Nz _C:c

0 = arctan (m)
ln—<lly /)’

where u € [0, 27] is the relative angle between the obstacle
and the goal, and 6 € [0, 27 is the relative angle between the
lines projected onto the obstacle and the points p; € R? or
P2 € R2. The subscripts x and y denote the first and second
components of the vectors 7 and (, respectively.

We define the points p; and ps as

2

p1 = [ry cos(6), ry, sin(0)| R(—p) + ¢, (3)
p2 = [rm cos(0), —rm sin(0)] R(—p) + ¢, €
where R(+) is the 2-D rotation matrix
__|cos¢p —sing
R(¢) = [sin(ﬁ cos ¢ ] :

The temporary points g; and g5 are placed perpendicular
to the line generated by the target position and the obstacle
as follows:
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where d > 1+ :ﬂ‘ ensures the points outside of the detection

area.

C. State dependent switching function

Since the force is applied depending on the position of the
UAV, we define a switching function that depends on &, 7,
and (. This function activates the correct APOF according to
(1) and Figure 1. First, let z., 21, 22, 23 € R2, and consider
the function I' : R? x R? x R2 x R? — R,

1, =z is inside of the lines generated
I'(ze, 21, 22, 23) = by z1, 29 and the origin z3

0, otherwise.
(7N
Now, we can use I' to define the switching function o :
[0,00) — {1,2,3,4} that generates the force F,(;) to be
used at each instant of time, i.e.,
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2, D(&p2(m) =1,
L€~ ¢ (n—OR(m),p2 = ¢, [0,0]T) = 1,
ln—=Clly > rm, In—Clly <7a,

1, otherwise.
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The function in (8) is constructed based on the space par-

tition of Figure 1 and represents the geometrical restriction
to delimit the four regions:

e For o(t) = 4 the restriction is given by the circle of
radius 7,,.

e For o(t) = 3, the first restriction is given by the
cone generated by the points p1, ¢, and n. The second
restriction ensures that the region of the cone taken is
the furthest from the obstacle. In this case, the sub-
cone restriction generated by p;, ¢, and 7 rotates 7 with
respect to the obstacle. Finally, the last two restrictions
are given by the circles with radius r4 and 7,,.

o In the case of o(t) = 2, the analysis is the same that
o(t) = 3 but instead of the point p; is used ps.

e The o(t) = 1 corresponds when an obstacle is not
detected, or the obstacle is not interfering with reaching
the target.

D. Closed-loop stability

The multiple APOF CAS algorithm is amenable to sta-
bility analysis, which is the subject of another article [15].
In this analysis, the closed-loop system is considered like
a switched system, where o(t) is the switching signal. The
concept of dwell time [17] is then used to provide sufficient

tuning conditions, which ensure the stability of the closed-
loop system. Since the focus of the present paper is on the
practical implementation of the MAPOF strategy (1), (8), the
stability conditions are not fully revisited here.

ITII. PRACTICAL IMPLEMENTATION OF THE UAV
SETUP

The experiments are developed considering a commercial
quadrotor for outdoor flights. The hardware includes the
drone frame with the motors, a flight controller unit (FCU)
in charge of the low-level control, an onboard computer
(OBC) where the CAS strategy is implemented, the ground
control station (GCS) to manage the mission, and a router
that generates a WiFi network. For the software, Ardupilot
is used as the firmware of the FCU, and ROS 2 is the
framework for running the high-level control and managing
the communication with the UAV and the GCS.

A. Quadrotor

The quadrotor used for the experiments is the commercial
kit QAV25 from Holybro. The kit includes a Pixhawk 6c as
an FCU. As OBC, a Raspberry Pi zero 2w is attached to
the UAV. The OBC is in charge of running the calculations
of the CAS strategy and managing the communication and
the protocol for starting the mission. The OBC is connected
to the FCU through a serial module. Figure 2 shows the
quadrotor with the hardware, and Table I shows a summary
of the UAV information.

B. Middleware

The middleware used for managing the high-level con-
troller is ROS 2. The robot operating framework (ROS)
framework is an open-source tool used for robotic applica-
tions that helps to develop tasks in real-time. In this case,
we use ROS 2 Humble version [18] for Ubuntu 22.04 and
Python as the programming language. ROS is based mainly
on the concept of nodes that represent the recurrent task, and
the topic is the means of communication between the nodes.
One of the advantages is that different nodes can run in
parallel and share information using the topics even through
the WLAN network. Using this advantage, we employ a
router in the field that generates the WLAN network and
runs the different nodes in the devices, e.g., UAVs and GCS,
sharing information through the topics.

Fig. 2. Quadrotor QAV25 from Holybro with a Raspberry Pi zero 2w and
a serial communication module.



TABLE I
UAV FEATURES.

Items QAV250 UAV
Raspberry Pi Zero w2 with
Pi Connect Lite module.
Single-core Processor up to 1 GHz,
512 MB RAM

Dronekit and ROS 2

OBC hardware

OBC firmware

Battery Lipo 1300 mAh
Size 250 mm
Flight time 7 min
Total weight 619 g

C. UAV position and obstacle definition

The position of the UAV is estimated by the FCU using
a combination of the GPS and IMU. The UAV’s altitude
is fixed at a specific altitude, which allows the use of the
MAPOFs in the 2D frame. The obstacle is assumed to be
known only when the UAV is close to it and defined as a
GPS coordinate, i.e., the obstacle from the UAV’s point of
view includes the GPS error. Internally, the UAV position
and the obstacle position are transformed into meters and
passed to the MAPOFs strategy (1), (8).

D. High-level controller

The OBC is in charge of managing the high-level con-
troller. For this purpose, the serial connection between the
FCU and OBC uses a Mavlink protocol (supported by
Ardupilot) and the Dronekit package in Python. This UAV
system allows the Ardupilot to change the FCU’s flight
mode to “guided,” which allows automatic tasks. In the
present case, the ’to go” task command is used to apply
the artificial force F, ;) generated by the CAS strategy (1),
(8). The command receives a GPS position as a parameter
that indicates a position to be reached. Since the CAS returns
a vector referring to the current position of the UAYV, this is
transformed into global coordinates and used as input to the
command. That allows the UAV to go in the direction of the
target position while avoiding obstacles.

IV. MODELING AND SIMULATION

At first, we provide simulation results to assess the perfor-
mance of the proposed CAS using the MAPOFs strategy (1),
(8). This is followed by experimental test runs in Section V.

Since the FCU has a low-level controller [19], we use
a homological second-order system as UAV dynamics for
simulation purposes [20], i.e.,

§= 200 )

m
where m is the mass of the UAV and u, ;) is defined as

Uo(r) = Fo(2)(€) — k.

The term F, ;) € R? denotes the artificial force from (1)
applied in each moment and governed by the switching signal
in (8). The constant k; € R is a positive gain used to add
dissipation in the velocity to the control.

To test the MAPOFs-based CAS strategy, we use (9) and
(10) considering three stationary obstacles in the position

(10)

¢1 = [6.0,0.0]T, ¢; = [12.5,3.5]T and (3 = [18.0,—1.0] .
The goal is placed in the position 7 = [24.0,2.0]T. The
detection radius is r4 = 4 m, and the security radius is set
to r,, = 2 m. The parameters of the APOFs are selected
as k, = 1, ky = 2, ke = 2 with m = 0.619 kg and
kq = 3. In this case, the temporary targets g7 and g5 are
placed at a distance of 3 m from the obstacle. We test the
proposed MAPOFs strategy using three initial conditions in
&(to) = [-2.0,—3 — i3] for i € {0,1,2}. The results of
the simulations for the three initial conditions are shown in
Figure 3.

10
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Fig. 3. Results for simulation: the CAS strategy is simulated for three

obstacles and three initial conditions.

V. EXPERIMENTAL RESULTS

Two scenarios are used to test the CAS with the MAPOFs
strategy (1), (8). The first one uses two fixed obstacles, and
the second uses another UAV as an obstacle. The experiments
are developed on a soccer field, and a fixed GPS point is
selected as the global origin of the frame and an altitude
of 2 m. The Haversine formula [21] is used to show the
UAV and obstacle distances in meters, considering the origin
as a GPS reference position and the radius of the earth as
6378.137 km. In this case, the distances are not superior
to 100 m, i.e., the previous approximation gives a good
conversion from GPS position to meters.

Additionally, to avoid buffer saturation of the MAVlink
protocol between the OBC and the FCU, we select an
input control frequency of 20 Hz. At higher frequencies, the
control works with delay.

A. Test 1

The first test consists of two obstacles defined by two
fixed points in GPS position. When the UAV approaches the
obstacle at a distance less than the detection range rq = 4 m,
the obstacle position is visible. The obstacles are placed in
¢1 = [5.0,0.0]" and ¢, = [11.3, —1.5]T. Figure 4 shows the
experimental setup with the UAV, obstacles, and the GCS.
The UAV takes off and flies to the initial position £(tg) =
[18.75, —2.25] ". The objective of the UAV is to reach the
position 7 = [—1.42,1.18] 7. The parameters of the artificial
forces are selected as k, = 1, k;, = 2 and ke = 2. We
consider a security radius of r4 = 2 m. The temporary points
g7 and g5 are placed at 6 m from the obstacle. When the UAV
is placed in the initial position, the GCS sends a command



to start the mission. This communication is under ROS 2
and the WiFi network. The results of the experiments are
shown in Figure 5. The position of the UAV is obtained from
the flight controller, which estimates the position using GPS
and IMU. To better assess the CAS performance observed in
the experiment, we simulate the same scenario based on the
high-level model and programming in Python. The obtained
results from the simulation are also displayed in Figure 5
and are used as an “ideal” reference for evaluating the CAS
performance in Section VI.

Obstacle 2

Fig. 4. Setup for experiment 1: the obstacles are placed in the defined
GPS positions, and the GCS starts the automatic flight.
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Fig. 5. Results for experiment 1: Comparison of the CAS for the experiment
and the simulation for two fixed obstacles.

B. Test 2

The second test corresponds to two UAVs flying in parallel
but going in different directions, emulating a scenario when
two UAVs fly close to each other. In this case, only one of the
UAVs is using the CAS strategy. The detection and security
area are defined as r4 = 6 m and 7,, = 3 m respectively.
In this case, the detection radius is increased with respect
to the previous experiment to consider a possible undesired
performance in the low-level control of the second UAV.
The initial positions of the UAVs are ¢&;(ty) = [0.0, —15] T
and &(tg) = [3.2,—3.2]7. The target positions are 17; =
[3.75,—1.0]T and 7, = [~16.2,2.4]T. For the artificial
forces, the same parameters as in test 1 are selected. In
this case, the temporary points are placed at 8 m from the
obstacle.

To control the two UAVs, the GCS runs a ROS 2 node that
publishes a topic on the current action. Since the two UAVs
are connected to the same network, they can access this
topic and perform the actions according to the instructions.

After the take-off, the UAVs reach the initial position, and
the command to start the mission is sent. UAV 2 publishes
its GPS position on a topic, and UAV 1 reads the topic.
If the distance between the two UAVs is less than the
detection radius, UAV 1 considers the other UAV position
as an obstacle and applies the MAPOFs-based CAS strategy
(1), (8). The experimental results are shown in Figure 6.
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Fig. 6. Results for experiment 2: Two UAVs flying in parallel.

VI. PERFORMANCE ASSESSMENT
A. Simulations

As shown in Figure 3, the MAPOFs-based CAS strategy
(1), (8) successfully guides the UAV in the correct direction
to avoid obstacles. The black points represent the zone when
a change of APOF occurs, and the red dotted lines are
the repulsion areas around the obstacle. It is important to
note that the UAV only detects obstacles within its detection
range r4. Thus, space partitioning is calculated only when
an obstacle enters the detection area. Additionally, the CAS
strategy and space partitioning are designed to consider a
single obstacle at a time. Therefore, if multiple obstacles
are detected simultaneously, only the closest obstacle is
considered.

The distance covered along the shortest path from the
initial condition at {(to) = [-2.0,3 — %] to the target
position while avoiding obstacles, is 26.55 m, compared to
27.10 m when using the CAS strategy. This demonstrates
that the trajectory generated by the MAPOFs (1), (8) closely
approximates the optimal path, while also offering the ad-
vantages of fast response, low computational cost, and with
no need for any a-priori obstacle information.

B. Experiments

To analyze the results of the experiments, it is necessary
to consider the error in the GPS measurement [22]. In this
case, the GPS accuracy is 2.0 m CEP. Since experiments are
conducted at a short distance, the results are affected. Hence,
we considered that the position of the UAVs is not directly a
GPS position but an estimation of the FCU firmware using
the IMU measurements that lead to better precision in the
position estimation [23].

In Figure 5, the trajectory taken by the UAV shows a
similar behavior to the simulation. However, a slight devia-
tion with respect to the simulation in the change from the
attraction force to the avoidance force is noticed. This is due



mainly to two factors. The first is the position estimation of
the UAV. Since the position of the obstacle is relative to the
position of the UAYV, this influences the temporary targets
during the flight, changing the avoidance forces and, con-
sequently, generating a deviation in the expected trajectory.
The second factor is the rather simple dynamics (9) used in
the simulations. Since the experiments are developed in an
outdoor environment, perturbations, such as wind gusts, can
affect the low-level control of the UAV and disturb a state
that is not considered in the simple model.

In test 2 (Figure 6), it is noticed that the trajectory of
UAV 1 goes in the opposite direction to the target position.
This behavior is a consequence of the movement of the other
UAV 2. The avoidance force directs the UAV 1 towards the
temporary target. However, UAV 2 moves in the opposite
direction, and the temporary target moves with the UAV 2.
This behavior is observed until UAV 1 is in the attraction
area to reach the target position.

Throughout all experiments, calculating the MAPOFs (1),
(8) in the Raspberry Pi takes under 10 milliseconds. Still,
due to a flight controller restriction, the control commands
are sent at a rate of 50 milliseconds. This communication
rate might have to be further reduced in cases where higher
speeds are needed.

VII. CONCLUSIONS

Several simulations and outdoor experimental tests of
a novel collision avoidance strategy based on MAPOFs,
introduced by the authors in [15], have been presented.
The MAPOFs strategy avoids the chattering common in the
standard APOF approach. The results in simulations show
that the UAV avoids the obstacles at the same time that it
reaches the target position for different initial conditions.
The MAPOFs strategy achieves a route very close to the
shortest one to reach the target. Moreover, a platform for
the experimental implementation of the strategy is presented,
and the results of two outdoor experiments are discussed,
the first with fixed obstacles and the second with a second
moving UAV as an obstacle. The experiments show that in
both settings, the UAV successfully avoids the obstacles and
does not suffer from chattering.

Given that position estimations and environmental per-
turbations affect the experiments, analyzing the robustness
of the strategy is an essential direction for future research.
Additionally, incorporating multiple UAVs as mobile obsta-
cles within the CAS design presents a promising avenue for
improvement.
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