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ABSTRACT In this paper we address the problem of trajectory following in an unknown environment with
an unmanned aerial vehicle (UAV). The main goal is to safely follow the planned trajectory by avoiding
obstacles. The proposed approach is suitable for aerial vehicles equipped with 2D or 3D sensors, such as
LiDARs. We present a novel algorithm based on the conventional Artificial Potential Field (APF) called
Augmented Artificial Potential Field (AAPF) that corrects the planned path to avoid obstacles. Our proposed
algorithm uses a combination of two attractive forces and both normal and rotational repulsive forces to
avoid obstacles and handle local minima problems. The smooth trajectory following achieved with the MPC
tracker allows us to quickly change and re-plan the UAV path. Comparative simulation experiments have
shown that our approach solves local minima problems in trajectory following and generates more efficient
paths to avoid potential collisions with static obstacles compared to our previously developed algorithm
for obstacle avoidance. The laboratory experimental evaluation results indicate that the algorithm can be
deployed on a real UAV with limited computational power and real-time processing requirements.

INDEX TERMS Artificial potential fields, obstacle avoidance, UAV, trajectory following, path planning.

I. INTRODUCTION
Unmanned aerial vehicles (UAVs) have been recently utilized
in various applications, such as agriculture [2], wind turbine
inspection [3], inspection of civil infrastructure [4], search
and rescue [5], autonomous exploration [6], [7], etc. To suc-
cessfully accomplish their missions, UAVs need to execute
safe and collision-free paths. Usually, the information about
the obstacle is not known beforehand and should be detec-
ted by the sensors attached to the UAV during the mission.

The associate editor coordinating the review of this manuscript and

approving it for publication was Cesar Briso .

TheUAVmust be able to avoid the detected obstacle using the
information collected online. In other words, obstacle detec-
tion and avoidance is one of the most important capabilities
for successful UAV application execution.

There are a variety of algorithms to achieve safe path
planning [8]. One of the most attractive methods is the
Artificial Potential Field (APF) method [9]. The principle
by which the APF method navigates the UAV through the
environment is the generation of a virtual force vector that
dictates the direction of UAV motion. This resulting virtual
force vector is the sum of all attractive and repulsive forces
acting on the UAV. Attractive forces pull the UAV towards the
unknown environment, while repulsive forces push it away
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from obstacles. The APFmethod offers efficient and effective
way for robot obstacle avoidance.

However, the APF method has several major limita-
tions [10], the most common of which is local minima.
To overcome the local minima problem and minimize devi-
ations from the originally planned trajectory, we propose
Augmented Artificial Potential Field (AAPF) algorithm that
follows the planned path while making corrections to it near
obstacles. The repulsive potential field is composed of the
normal and rotational components of the repulsive force.
We also extended the Modified Artificial Potential Field
(MAPF) approach described in [11] by adding two attractive
forces instead of setting the attractive forces to zero. The
attractive forces are based on obstacle points and a goal point
tominimize overshoot when avoiding obstacles. Tomaximize
the part where the UAV follows the originally planned trajec-
tory, we extended the algorithm to determine the waypoint
on the path closest to the obstacle that the UAV can safely
reach after the collision avoidance maneuver. The algorithm
results in a fully autonomous trajectory following method
with obstacle avoidance.

The contributions of this paper are summarized as
follows:

• The augmented potential field algorithm called AAPF
based on the normal and rotational repulsive force which
solves the problem of local minima.

• Generation of the two attractive forces based on obstacle
points and a goal point in order to minimize overshoot
while avoiding obstacles.

• Determination of feasibility of the trajectory points
based on the generated potential field.

• Comprehensive analysis and validation of the proposed
approach in simulation and real-world environments.

In Section II we give an overview of the state-of-the-art in
obstacle avoidance methods and position our work in relation
to them. Section III and Section IV are the core of the paper
and contain a detailed explanation of the proposed method.
The results of the simulations performed with a UAV and
their analysis are presented in Section V while the real-world
experiment analysis is proposed in Section VI. The paper
ends with a conclusion in Section VII.

II. STATE OF THE ART
In recent years, considerable research effort has been focused
on trajectory planning algorithms utilizing different opti-
mization methods. For example, a path-guided optimization
approach was proposed in [12] to develop a robust and
perception-aware replanning framework. Similarly, a kinody-
namic path searching method based on B-spline optimization
was utilized in [13] to navigate the UAV in unknown spaces.
In [14], high-speed trajectories for the UAV were obtained
by enabling the local planner to optimize in both free and
unknown space, generating a feasible backup trajectory in
free space if the one in unknown space is obstructed by an
obstacle. Although these methods provide fast and safe tra-
jectories for the UAV in unknown spaces, they are primarily

focused on reaching a target point rather than following a
predefined path which is important in missions where the
objective is to collect relevant data along the initially planned
trajectory.

The APF method is widely used in path planning as well
as real-time collision avoidance. The method is based on
the concept of a repulsive and attractive force field that
repels a robot from an obstacle and attracts it toward the
target [9]. Due to the simple mathematical background and
low computational complexity of the algorithm, it is suitable
for implementation in mobile robots [15], underwater [16],
and aerial autonomous vehicles [17], as well as for controlling
swarm formations [18].

Even though the basic approach to obstacle avoidance
developed in [9] is efficient and simple, the path plan may
not be globally optimal. Several major limitations of the APF
method are cited in the literature - local minima, oscillations
in a narrow corridor, and unreachable targets [19], [20], [21].
These problems arise when the sum of the attractive and
repulsive force vectors becomes zero before the robot reaches
the target. To solve these problems, a number of improved
approaches based on the APF method have been applied
to the path planning of aerial robots. Firstly, integrating
other algorithms into the APF method, such as Rapidly-
exploring Random Tree [22], [23], Particle Swarm Opti-
mization [24], etc. Secondly, modifying the original APF
method, e.g., by extending the repulsion formula to include
more terms [25] or by using a different form of the potential
function, as described in [26] and [27].

In [28], the authors enumerate the problems of the tra-
ditional potential field method and focus on problems with
unreachable targets. The Modified Potential Field Method
(MPFM) compensates for the repulsive force by adding the
Euclidean distance that connects the attractive force to the
repulsive force. The authors point out that the potential
field method has several inherent limitations among which
the non-reachable target problem is the most challenging.
Zhu et al. [29] proposed a Modified Artificial Potential Field
algorithm, which is able to decompose the total force and
estimate the physical barriers on the 3D environment.

Another approach of work on the APF method utilizes a
global path planning method to find a desired path to the goal
and uses attractive and repulsive concepts of the APF meth-
ods for local path planning [30], [31], [32]. Jaillet et al. [32]
used a user-defined cost-map to influence node placement
in an RRT algorithm. The cost-map specifies a repulsion or
attraction factor for each region. Similarly, in [31] Navigation
Fields assign a gradient that a robot follows. In the same
manner, Scherer et al. [33] combine global and local potential
field-based planners to navigate an UAV toward the goal. The
global planner is based on the implementation of a Laplace
equation that generates a potential function with an unique
minimum at the target, while the local planner uses a modifi-
cation of the conventional potential field method in which the
relative angles between the goal and the obstacles are taken
into account.
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Apart from static obstacles, there is a large number of
papers dealing with collision avoidance against a moving
obstacle using the APFmethod. Chen and Zhang [34] present
path planning based on the APF method for collision avoid-
ance in a dynamic environment with faster response and high
accuracy. The APFmethod applied in a dynamic environment
is also presented in [10] and [25] and is out of the scope of
this paper. Furthermore, the APFmethod can be used not only
for the single robot path planning, but also for multi-robot
systems, as described in [18], [35], [36], and [37].
However, themain drawbacks of the APFmethod are oscil-

lations, local minima and unreachable targets. To overcome
the problem of local minima, the concept of the curl-free
vector field is studied in [10] and [38]. In these papers, the
curl-free vector field is utilized instead of the repulsive poten-
tial field, although the attractive potential field is the same
as the conventional one. Additionally, in [10], the authors
provide a solution to the problem of the unreachable target
in the conventional APF method.

Motivated by advances in literature and the fact that the
APF method has been shown to perform well in obstacle
avoidance but typically gets stuck in oscillations and local
minima, this paper presents a novel algorithm based on
potential fields to enable efficient path planning in a 3D
environment. Inspired by the idea in [10], we modified the
APF method to resolve oscillations and local minima and
focus on obstacle avoidance in a static environment with a
single UAV.We have extended the approach from [11] adding
attractive potential field forces and introducing the approach
for returning to the originally planned path after avoiding
obstacles. Similarly to the approach in [30], we use a global
trajectory planning method to find a path from the UAV
position to the target and then activate the APF method for
local path planning.

III. PROPOSED APPROACH
A. PROBLEM FORMULATION
The main goal of our approach is to autonomously and
safely plan a trajectory in a 3D environment using a UAV
equipped with a sensory set that generates large point clouds,
such as LiDARs. LiDARs provide point clouds in a large
Field of View (FOV), which is crucial in obstacle avoidance.
Autonomous navigation is performed using a UAV that has
uncertain prior knowledge of the environment. This means
that there is a possibility that the UAV will encounter obsta-
cles on its flight path that are unknown at the time of initial
trajectory planning. In this work, we only consider static
unknown obstacles in the environment. An example of such
a scenario is an infrastructure inspection mission where the
layout of the surveyed structure is known, but information
about the surrounding environment may be unreliable or
unknown. In order to gather relevant data about the surveyed
structure, such as photos or laser scans, the initial flight
trajectory is planned without considering possible obstacles
like trees or other structures in the area. The main objective

of the UAV is to follow the originally planned flight trajec-
tory with minimal deviations while avoiding obstacles and
reaching the final goal point. Deviations from the planned
trajectory are allowed in order to circumvent any obstacles
that were previously unknown. However, in contrast to the
approach from [11], in this paper, we focus on both obstacle
avoidance and optimal trajectory execution. In other words,
the deviations from the originally planned flight trajectory are
minimized. For instance, if the UAV avoids large obstacles,
it can still return to the planned trajectory at the nearest point
to the obstacle that is determined safe by the algorithm and
continue following its originally planned trajectory.

B. UAV AND SENSOR MODELS
The UAV is represented with a state vector x =

[
qT ψ

]T
∈

R4 that consists of the position q =
[
x y z

]T
∈ R3 and the

yaw rotation angle around z axis ψ ∈ [−π, π). Furthermore,
the algorithm assumes a maximum linear velocity vmax ∈ R3,
a maximum angular velocity around z axis ψ̇max , a maximum
linear acceleration amax ∈ R3 and maximum angular acceler-
ation around z axis ψ̈max . The algorithm relies on a maximum
range of the sensor Rmax ∈ R with horizontal and vertical
FOV in range, αh, αv ∈ (0◦, 360◦], respectively. This allows
our algorithm to work with point-cloud-producing sensors
with various FOV, such as cameras with limited FOV and
LiDARs with limited αv.

C. GLOBAL TRAJECTORY FOLLOWING
The proposed system consists of a global and a local module.
The global part of the system generates the trajectory by
passing waypoints to the trajectory planner, while the local
planner utilize the AAPF method for the planned trajectory
corrections in order to avoid obstacles. Within this paper,
we use the Time Optimal Path Parametrization by Reachabil-
ity Analysis (TOPP-RA) algorithm for planning a trajectory,
which is developed in [39]. Apart from the waypoints, inputs
for the TOPP-RA are also velocity and acceleration con-
straints, which are set taking into account the UAV physical
limitations.

The UAV simultaneously executes the generated trajectory
and processes the data received from the sensor system.
The proposed potential field algorithm calculates the total
repulsive force Fr , which is described in detail in the next
section. Let us define KUAV

threshold as a constant that regulates
whether the algorithm follows the trajectory point or activates
the potential field algorithm. The condition is described as
follows:

Action =

{
Follow Trajectory if Fr < KUAV

threshold ,

Do APF Method if Fr ≥ KUAV
threshold .

An overview of the proposed system is given in Fig. 1.
When the AAPF method is not active, the global trajectory
points are passed directly to the MPC tracker module. On the
other hand, if the AAPF method is active, the modified path
is generated and forwarded to the MPC tracker module.
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FIGURE 1. Overall schematic diagram of the trajectory planning and obstacle avoidance system. The trajectory generated
by TOPP-RA, the LiDAR point cloud, and the odometry data represent inputs to the AAPF method. The MPC tracker module
generates a trajectory point to which the UAV navigates.

A standard PID cascade is used to control the UAV, with
the inner loop controlling the velocity and the outer loop
controlling the position. In our case, the reference for the
controller is a trajectory point.

D. LOCAL PATH PLANNING USING A POTENTIAL
FIELD-BASED ALGORITHM
Local path planning integrates the potential field algorithm
to correct the planned global trajectory and generate a safe
and collision-free path. The conventional AAPF is composed
of two types of potential fields: attractive potential field and
repulsive potential field [9]. Attractive potential field Ua(·)
is usually formed by goal location qg so that the goal point
attracts the UAV in the field. In contrast, repulsive potential
field Ur (·) is generated by the position of the obstacle qo so
that obstacles repel the UAV when it moves within a certain
range (d0) around them. The sum of these two potential fields
results in a total potential field Ut (·) that directs the UAV
toward the goal point while avoiding obstacles:

Ut (q) = Ua(q) + Ur (q). (1)

Similarly, our approach consists of attractive and repulsive
potential fields. The attractive potential field is generated
from obstacle vertex and a goal point to minimize overshoot
when avoiding obstacles. The repulsive field is composed
of a normal and a rotational components of the repulsive
force, which enables the solution of the local minima prob-
lem. The UAV follows the planned trajectory and the total
potential force corrects it to avoid collision with the obstacle.
We also extended the algorithm to determine the waypoint
on the originally planned trajectory closest to the obstacle
that the UAV can safely reach after the collision avoidance
maneuver. Parts of the local module are described in detail
in Section IV.

E. MPC TRACKER
An MPC-based tracking method is chosen to generate UAV
trajectory points along the corrected collision-free path
obtained from the potential fields. The original implemen-
tation is presented in [40] while an adapted version of their
work is used in this paper. The main motivation for using this

tracking method is that it allows us to quickly change and
re-plan the UAV trajectory based on the current system state
and model dynamics. Furthermore, the tracker enables safe
and stable flight, regardless of the goal point resulting from
the potential fields.

This tracking method employs a model predictive con-
troller with a constant snap UAV model which controls a
virtual UAV using snap commands. Snap commands are used
as the input to the linear system, which predicts the next
virtual UAV state based on the given model dynamics. The
complete state of the virtual UAV is then sampled and used
as a referent trajectory point for the real UAV at a rate
of 100Hz.

The definition of the MPC problem is as follows:

min
u0, ... ,uN

N∑
i=0

(
eTi Qei + uTi Pui

)
s.t. xk+1 = Axk + Buk ,

xk ≤ xmax ,

uk ≤ umax , (2)

where N is the horizon length. The error between the pre-
dicted virtual UAV state and the reference at the k-th horizon
is defined as ek = xk − rk. The state and input constraints
are denoted by xmax and umax , respectively. The matrices A
and B represent the well-known constant snap virtual UAV
model. The weights Q and P are tuned for smooth trajectory
generation wrt the velocity and acceleration.

The CVXGEN solver is used to obtain the optimal snap
input u∗

0, which is used as an input to predict the next virtual
UAV state and calculate the next referent trajectory point.

IV. AUGMENTED ARTIFICIAL POTENTIAL
FIELD ALGORITHM
The AAPF method consists of attractive and repulsive poten-
tial fields, which correct the initially planned path and lead to
a safe and collision-free path. The repulsive potential field
is based on the approach from [11], while the attractive
potential field is the novelty of the paper. We also introduce
the approach for returning to the originally planned path after
avoiding obstacles.
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FIGURE 2. Repulsive force generated by the obstacle. The total repulsive
force consists of the normal component vector Frn and the rotational
component vector Frr , where the rotational potential field is generated in
the counterclockwise direction.

A. REPULSIVE POTENTIAL FIELD
The repulsive field Ur is given by [9]:

Ur (q) =


1
2
krt (

1
∥qo − q∥

−
1
d0

)2 if ∥qo − q∥ ≤ do,

0 if ∥qo − q∥ > do,

(3)

where kr is repulsive gain coefficient, ∥qo−q∥ is the relative
distance between the position of the UAV q and the obsta-
cle qo and d0 is the limiting distance of the potential field
influence. The corresponding normal repulsive potential field
force, is derived by computing the negative gradient of the
repulsive potential function as follows:

Frn(q) = −∇Ur (q)

=


krn(

1
∥qo − q∥

−
1
d0

)
1

∥qo − q∥3
(q − qo)

if ∥qo − q∥ ≤ do,
0 if ∥qo − q∥ > do,

(4)

where krn is the gain of the normal force vector. Since the
repulsive potential field is produced for each obstacle, the
total potential field for n obstacles is expressed as the sum
of the repulsive forces for n obstacles:

Ft =

n∑
1

Frni . (5)

Although the conventional APFmethod generates an effec-
tive path, it encounters several problems, such as oscillations
in the presence of obstacles or in narrow passages and getting
stuck in local minima [10]. Among the above drawbacks, the
problem of local minima is considered in this paper as it leads
to an incomplete path [11].

The local minima problem occurs when the total force
caused by the potential field becomes zero or small enough
that it does not generate any significant displacement of the
UAV before it reaches the goal position. This means that the
magnitude of the attractive and repulsive potential field forces
are equal and their directions are opposite. Conventional APF
methods rely on local information, such as the distance and
direction to obstacles, to navigate a robot or plan a path.
This local information may lead the robot towards a local
minimum in the potential field, resulting in suboptimal or
inefficient paths. Furthermore, conventional APF methods
can be sensitive to the initial conditions and the starting
position of the robot. If the robot starts close to a local
minimum, it is more likely to converge to that local minimum
and struggle to escape from it. To solve those issues and
overcome a local minima problem, we propose an extension
of the repulsive force Fr to include both the normal and
rotational components of the repulsive force. The proposed
repulsive forces ensure the successful navigation of the UAV
through challenging environments, avoiding potential colli-
sions, and escaping local minima. The modified repulsive
force is formulated as follows:

Fr (q) = Frn(q) + Frr (q), (6)

where Frn(q) is the normal part of the repulsive force defined
with Eq. 4, while Frr (q) is the rotational repulsive potential
field force shown in Fig. 2. The rotational component of the
repulsive force is calculated only in the X-Y plane, so we can

write position vector of the UAV q =
[
r z

]T
∈ R3, position

vector of the obstacle qo =
[
ro zo

]T
∈ R3, and defined so

that the curl of the potential field Urr (q) equals zero:

∇ × Urr (q) = 0 (7)

Frr (q) =


krr (

1
∥qo − q∥

−
1
d0

)

·
1

∥qo − q∥3
R(r − ro) if ∥qo − q∥ ≤ do,

0 if ∥qo − q∥ > d0,

(8)

where krr is the gain of the rotational force vector and R is
the rotation matrix. The definition of the matrix R depends
on the direction of the generated rotating repulsive field,
which can be clockwise or counterclockwise. The angle φ
is defined as the angle of the UAV on the trajectory and ρ
is the angle of the vector from the position of the UAV to
the centroid Ci of the obstacle in the environment (Fig. 3).
The angle θ is defined as the difference between these two
angles:

θ = φ − ρ (9)

and its sign determines the direction of the potential field
around the obstacle. The definition of the matrix R with
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FIGURE 3. Direction of the rotational potential field generated by the
obstacle i in the environment is defined by the difference between the
angle of the trajectory φ and the angle ρi , which is an angle of a vector
from the UAV to the centroid of the obstacle i .

respect to the θ is given by [10]:

R =



[
0 1

−1 0

]
if θ ≥ 0,

[
0 −1
1 0

]
if θ < 0.

(10)

To find the centroidCi of each obstacle, we use a clustering
method and the computation of a 3D centroid from the PCL
library [41]. A clustering method is used to divide a disor-
ganized point cloud model of the environment into smaller
parts that represent obstacles. The simplest way is to use the
Euclidean clustering algorithm, which is a greedy growing
region algorithm based on the nearest neighbor. The cluster
affinity is based on the distance to each point of a cluster and
is defined by the parameter called cluster tolerance ctolerance.
If the Euclidean distance between the point pn and any point
pi that is a member of the cluster Si is below a certain
threshold value ctolerance, then the point pn is included in
cluster Si. If that is not the case and the distance exceeds this
threshold, point pn is assigned to a different cluster Sj. The
choice of the ctolerance parameter is based on the dimensions
of the UAV augmented by a safety margin. This ensures that
the UAV can navigate between any two points of separate
clusters. If the ctolerance value is set too low, an obstacle that
should be considered as a single entity may be perceived as
multiple clusters. For instance, a narrow gap in a wall that is
too small for the UAV to pass through might be observed as
two separate obstacles. On the other hand, if the chosen value
is excessively high, multiple obstacles may be treated as a
single cluster, thereby neglecting potential pathways between
them. The 3D centroid Ci is then computed for each cluster
of the given point cloud.

The proposed combination of forces ensures that the UAV
always moves away from the obstacle and in the direction of
the planned trajectory. This prevents the UAV from getting
stuck in an oscillatory motion around the local minimum

FIGURE 4. Selection process of the anchor point (a) and example of the
bell function used to calculate attractive anchor force Faa (b).

created by the normal forces or from orbiting the obstacle at
the same distance as caused by the rotational forces.

B. ATTRACTIVE POTENTIAL FIELD
In our previous work [11], we showed that the MAPF
algorithm successfully avoids obstacles even in a complex
environment. The disadvantage of the MAPF algorithm is
that it often generates unnecessarily large deviations from the
obstacles. As the attractive forces are set to zero, the repulsive
forces drives the UAV to the edge of the field. Tominimize the
generated deviations when avoiding obstacles, we introduced
two attractive forces based on the detected obstacle points and
the goal point.

The first attractive force (attractive anchor force Faa)
was inspired by a mechanical mass-spring system, where
the spring determines the maximum deviation of the object
from the anchor point where the spring is connected to the
environment. In the AAPF algorithm, the anchor point is the
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vertex of each detected obstacle (Fig. 4.a). For each obstacle
represented by the cluster of detected LiDAR points, the
anchor point is calculated separately. Based on the direction
of the rotational potential filed generated around the obstacle,
a portion of the point cloud cluster is selected in which the
angle αi is calculated for each LiDAR point pi. The angle
αi is defined as the angle between the vector from the UAV
to the centroid of the obstacle and the vector from the UAV
to the point pi. The anchor point is determined by the max-
imum angle αi. Since the Faa attracts the UAV towards the
obstacle, the chosen function to generate the force is bell-
shaped (Fig. 4.b). The reason for this is that the force needs
to have a maximum magnitude at the preferred distance from
the obstacle where we want to fly around it, and a minimum
magnitude when the UAV is very close or very far from the
obstacle. The function for generating the anchor attractive
force field is given by:

Faa(q) = kaa(arctan(b1∥qa − q∥ − k1π )

− arctan(b2∥qa − q∥ − k2π ))(qa − q).

(11)

The parameter kaa determines the magnitude of the force Faa,
and the parameters b1, k1 and b2, k2 define the rising and
falling edges of the function, respectively.

The second attractive force active during the execution
of the AAPF algorithm is attractive goal force Fag. The
direction of the Fag force is towards the next waypoint on
the planned path, which can be considered as the current
goal point in the conventional APF algorithm. The magnitude
of the Fag force depends on the distance between the UAV
and the current goal point. The main difference between
conventional APF attractive force and Fag is that Fag is active
only in the vicinity of the obstacle (e.g. when the value of
repulsive force Fr is greater than KUAV

threshold ). The attractive
goal potential field force is defined as follows:

Fag(q) = (kag∥qg − q∥ + cag)(qg − q), (12)

where kag is the magnitude gain, cag is a constant and d(q,qg)
is the relative distance between the position of the UAV q and
the current goal point qg.
All the potential field forces acting on the UAV in the

vicinity of the obstacle are shown in Fig. 5. Normal and
rotational repulsive forces are polynomial functions, which
are dependent on the distance of the UAV from the obstacle
(Eq. 4 and 8). Additionally, the anchor attractive force is a
bell-shaped function (Eq. 11), while the attractive goal force
is a linear function of distance between the UAV and current
goal function (Eq. 12). Detection of local minima is possible
when the velocity of the UAV falls below a predetermined
threshold, the sum of all forces approaches zero and the UAV
is not close enough to a current goal position. By periodically
checking these three and confirming their validity, we can
progressively increase the value of the rotational repulsive
force at each step, leading to exponential growth of force Frr .
This ensures that the rotational repulsive force will surpass

FIGURE 5. When the UAV is in the vicinity of obstacles the AAPF
algorithm generates 4 forces that navigate the UAV around the obstacles
and back to the planned path. Two repulsive forces are the normal
repulsive force Frn, which pushes the UAV away from the obstacle, and
the rotational repulsive force Frr , which guides the UAV around the
obstacle. Two attractive forces are goal attractive force Fag, which attracts
the UAV to the next waypoint on the originally planned path, and the
anchor attractive force Faa, which drives the UAV to the vertex of the
currently detected point cloud of the obstacle. Planned waypoints are
shown with orange markers (solid markers are feasible, transparent ones
are not) and the anchor point is marked with a blue circle.

all other forces, leading to the displacement of the UAV out
of the local minima.

C. RETURN TO INITIALLY PLANNED PATH
In our previous work [11], we presented a path following
algorithm in which the UAV, after avoiding the obstacle,
returns to the originally planned trajectory. Let the MAPF
method trigger at time tk . While the MAPF method is active,
the algorithm keeps track of the time it takes to deactivate
the MAPF method, e.g., to avoid the obstacle, denoted as to.
When the total repulsive force acting on the UAV falls below
the predefined threshold KUAV

threshold , the obstacle is considered
bypassed. The UAV continues to fly in the direction of the
originally planned trajectory and follows the trajectory point
with state x(tk + to). This provided a good solution for
cases where the UAV executed only small deviations from
the planned path, but the results were not satisfactory when
the UAV flew for a long time to under the MAPF method
(e.g., when flying around large obstacles). In this case, the
UAV may not be able to return to and continue following the
originally planned trajectory.

To improve path following and keep the UAV on the
planned path as long as possible, we incorporated an online
waypoint feasibility determination based on the artificial
potential field generated by the obstacles. A waypoint is
declared feasible if it is safely reachable (e.g., it is not in or
near obstacles). To compute the currently feasible waypoint
(the current goal point), we use the same principle as for
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FIGURE 6. The collision-free path for the UAV was generated using artificial potential field forces. The top right graph shows
the planned path as a series of goal points (marked in blue) for the UAV to reach, as well as the executed trajectory (orange
line). The top left graph represents the time responses from the goal points and the position of the UAV during the
simulation. The magnitudes of the forces generated by the AAPF algorithm in the X and Y axes are depicted in the bottom
left and right graphs, respectively.

TABLE 1. The results of the experiments in Fig. 7 - 10. The simulations were divided into two scenarios - the first with a wall-like obstacle and the second
with a cylindrical obstacle. In each scenario, we tested the MAPF and AAPF collision avoidance algorithms. Path-tracking success is marked with ✓for
successfully avoiding the obstacle and reaching the end of the planned path, × for algorithms that got stuck in local minima, and × for experiments that
ended with a collision with the obstacle. In addition, for each experiment we provided data for the length of the path during execution of the collision
avoidance maneuver ldev , the time interval the UAV deviated from the planned path tdev , and the minimum dmin and average davg distance between the
UAV and the obstacle. All experiments were repeated 10 times and results are presented as tuples of mean and standard deviation.

calculating repulsive force vectors acting on the UAV. In other
words, a force acting on the current goal point is calculated
from UAV sensor data. If the force magnitude is smaller than
the predefined threshold K goal

threshold , the current goal point is
marked as feasible. Otherwise, the current goal point is not
far enough from the obstacle and thus the next waypoint of
the planned path is considered as the new current goal point.
Now theUAV is able to return to thewaypoint that is closest to
the obstacle and can be reached safely, and continue to follow
the optimal and originally planned trajectory. Potential field

Ugp acting on the current goal point is defined by:

Ugp(qg) =


1
2
kgp(

1
∥qg − q∥

−
1
d0

)2 if ∥qg − q∥ ≤ do,

0 if ∥qg − q∥ > do.
(13)

The corresponding goal point potential field force Fgp is
derived by computing the negative gradient of the potential
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FIGURE 7. Simple scenario with a wall-like obstacle. While the UAV
successfully avoided the obstacle using all methods and returned to the
planned path, MAPF (yellow) and AAPF without the attractive force
towards the goal point Fag (purple) generated a much longer collision
avoidance path. AAPF (red) and AAPF with the anchor attractive force Faa
set to zero (green) generated a similar obstacle avoidance path without
oscillations. In the case where Faa is zero, the UAV overshoots slightly
when returning to the planned path.

FIGURE 8. Simple scenario with a wall-like obstacle. In a case where
there is no rotational repulsive force Frr , the UAV gets stuck in the local
minima in front of the wall (purple). This method produces very similar
results as the conventional potential field. In a case without the normal
repulsive force Frn, the UAV could not successfully avoid the obstacle and
the experiment ended with a collision (yellow). To compensate for the
lack of Frn, the gain for the force Frr was set to twice the default value
(green). This generated a collision-free path for the UAV, but with a
significant overshoot when returning to the planned path.

function Ugp as follows:

Fgp(qg) = −∇Ugp(qg)

=


kgp(

1
∥qo − qg∥

−
1
d0

)·

1
∥qo − qg∥3

(qg − qo) if ∥qo − qg∥ ≤ do,

0 if ∥qo − qg∥ > do,

(14)

where kgp is themagnitude gain. The goal point potential field
force is calculated for each new sensormeasurement provided
by the UAV, which means that the feasibility of the waypoints
is constantly checked during the flight.

FIGURE 9. Scenario with a circular obstacle. Results are similar to the
scenario with a wall-like obstacle - in all 4 cases UAV successfully
avoided the obstacle and completed the planned path. MAPF (yellow)
and AAPF without the Fag (purple) generated avoidance path with
significant oscillations.

FIGURE 10. Scenario with a circular obstacle. Without the normal force
component, the UAV got stuck in a local minima in both cases (yellow and
green), regardless of the value of the Frr gain. These are the expected
results with a circular obstacle and a rotational repulsive force. In the
case without the rotational component, the UAV avoided the obstacle, but
with highly oscillating and longer path (purple) than in the case where all
forces are active (red).

V. SIMULATION-BASED EVALUATION
Simulations are performed in the Gazebo environment using
Robot Operating System (ROS) and a model of the Kopter-
worx quadcopter. The quadcopter is equipped with a Velo-
dyne VLP-16 LiDAR sensor. All simulations have been run
on Intel(R)Core(TM) i7-10750H CPU @ 2.60GHz × 12.

The proposed AAPF algorithm was used to generate a
collision-free path for the UAV, and the results of the sim-
ulation experiment are presented in Fig. 6. The planned
trajectory consists of a series of goal points for the UAV to
follow, and the MPC Tracker receives these points as input
through the AAPF algorithm when the UAV is flying in
an unobstructed environment. However, when an obstacle is
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FIGURE 11. Results of a simulation experiment in a narrow L-shaped
corridor, where the AAPF algorithm successfully guided the UAV through
the middle of the 3m wide corridor and avoided collision with the
obstacle at the location where the initially planned trajectory would have
collided with the wall.

detected, the AAPF algorithm calculates new input points for
the MPC Tracker by summing the force vectors generated
by the potential forces depicted in the graphs on the bottom
row of Fig. 6. This causes the UAV to deviate from the
planned trajectory to avoid the obstacle, as can be seen at time
point t1. The goal points that are close to the obstacle, marked
with transparent markers in the top left graph of Fig. 6, are
discarded as unreachable based on the calculated force Fgp.
The position of the current goal point remains unchanged
until time t2, when the UAV detects the right side of the wall.
At time point t3, the distance between theUAV and the current
goal point is less than the defined parameter ϵ, indicating that
the current goal point has been reached. Finally, at time t4, the
repulsive forces Frn and Frr fall below the defined threshold
KUAV
threshold , indicating that the obstacle has been cleared, and

the UAV resumes following the originally planned trajectory.
To further evaluate the proposed algorithm, we compare it

to our previous work [11] and demonstrate how each of the
four potential field forces used in the AAPF algorithm affects
the UAV’s behavior during collision avoidance, we ran five
simulation scenarios with different complexity and analyzed
the results.

In the first part of the simulation experiments, we tested
the path following and obstacle avoidance algorithms in two
scenarios with a simple wall-like and cylindrical obstacle
and a path initially planned as a straight line. The goal of
these experiments was to compare the results of the AAPF
algorithm with the MAPF presented in [11], as well as to
determine the effect of each of the four potential forces used
in the AAPF. To do this, the simulation was run with all of
the forces active in the AAPF algorithm and then one of the
forces was deactivated in turn for the sequential cases. The
procedure was repeated for both scenarios.

The results of the comparison between the MAPF and
AAPF algorithms show that the AAPF algorithm has an
improvement in the time required to avoid the obstacle and in
the length of the avoidance pathwithout a significant decrease

FIGURE 12. Results of a simulation experiment with a concave obstacle
are displayed at four distinct time points. The planned flight path for the
UAV is depicted as a blue line, while the executed trajectory up to time ti
is represented by an orange line. The purple points show the accumulated
point cloud at time ti . A blue marker indicates the current goal point on
the planned path at ti , while a purple marker represents the position the
centroid of the obstacle. Angle θ is defined with the equation 9.

in the average or minimum distance between the UAV and the
obstacle during flight. From the data in Fig. 7 and Fig. 9, it is
evident that the problem of path oscillations at the edge of the
potential field has also been solved in the AAPF algorithm.

Both attractive forces had a positive effect on resolving the
unnecessarily large deviations from the planned path, while
avoiding simple obstacles. In both simulation scenarios, the
UAV required the shortest time to fly around the obstacle
when all four potential forces were active, as well as the
shortest length of the avoidance path in the scenario with
the cylindrical obstacle. In the scenario with the wall obstacle,
the shortest length of the avoidance pathwas in the casewhere
Frn was disabled and the value of the gain for the rotational
repulsive force was doubled, but in this case the minimum
distance between the UAV and the obstacle was significantly
smaller than in the case where all forces are active.

In the first scenario, deactivating the rotational repulsive
force caused the UAV to get stuck in the local minima, while
in the second scenario, the UAV got stuck in the local minima
in the cases where the normal repulsion force was disabled,
regardless of the gain value for the Frr force. The only case
in which a collision with the obstacle occurred was when we
deactivated the normal repulsive force in the scenario with the
wall obstacle.

The results of the simulations show that distance from
the obstacle of the point where the UAV started the colli-
sion avoidance maneuver is similar to the distance between
the obstacle and the waypoint on which UAV returned to
the planned path. Exact position or the return waypoint is
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FIGURE 13. Simulation experiment in a complex, maze-like environment. Realistic path is planned around
the known object of interest (black object). Red objects are unknown obstacles during the planning phase.
Results show successful execution of a flight mission.

FIGURE 14. Hexsoon EDU-450 UAV equiped with 2d LiDAR used in
experimental evaluation of the AAPF algorithm.

determined by predefined parameter K goal
treshold . A larger value

of parameter K goal
treshold means that the waypoint that is deter-

mined feasible is closer to the obstacle. In case where return
waypoint is too close for the UAV to reach because of the
effect of the repulsive potential field the UAV will be stuck in
local minima or fly in an indefinite loop around the obstacle.

In the third scenario of the simulation experiments, the goal
was to navigate the UAV through a narrow L-shaped corridor
while following the planned trajectory. Narrow corridors are
considered one of the most challenging obstacles for colli-
sion avoidance algorithms based on artificial potential fields,
according to the literature [21]. Although the initially planned
trajectory did not collide with the obstacle in the first part,
the AAPF algorithm generated a small deviation to keep the
UAV equidistant from both walls in the corridor. As shown

FIGURE 15. The results of the simulation and real-world experiment in
the arena with two wall-like obstacles. On the graph are depicted
planned trajectory (blue) and executed flight paths in simulation (yellow)
and real-world experiment (orange) in the XY-plane.

in Fig. 11, the AAPF algorithm successfully generated an
oscillation-free flight path for the UAV through the corridor
and guided it through a sharp turn where the planned trajec-
tory would have collided with the obstacle.

In the fourth scenario, we generated an environment fea-
turing a large concave obstacle, which is widely recognized
as a challenging problem for artificial potential field-based
algorithms due to the potential for UAVs to become trapped
in local minima within the obstacle. Generated obstacle is
intentionally larger than the scanning range of the LiDAR so
that it is not possible for the UAV to detect the whole obstacle
within a single scan with the sensor.

The results of a simulation experiment with a large concave
obstacle are presented in Fig. 12 at four discrete time points.
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FIGURE 16. Results of the experimental scenario where the initial flight
trajectory for the UAV was planned close to the obstacle in the center of
the area. In the graph (b) , sections, where the UAV is following the
initially planned trajectory, are highlighted with a green background,
while sections, where the UAV is avoiding the obstacle, are highlighted
with a red background.

At t1 = 38 seconds, the UAV detected only a small portion
of the obstacle and initiated a collision avoidance maneuver
using a clockwise direction of the rotational potential field.
During the flight, the environment was mapped by adding
each scan from the LiDAR into the accumulated point cloud.
This allowed for the constant updating of the centroid position
of the detected obstacle with new information. After a larger
portion of the obstacle was detected and the UAV was at the
position marked as turning point on the top right graph of
in Fig 12 angle ρ (angle of the vector from the position of
the UAV to the obstacle centroid) became larger than angle
φ (angle of the vector from the position of the UAV to the
current goal point on the planned path). This means that sign
of the angle θ (defined with the Eq. 9) was changed and the
rotational potential field direction was switched to counter-
clockwise. By t3 = 120 seconds, the UAV had successfully
navigated out of the concave obstacle without getting stuck
in a local minimum. Finally, the results of the experiment,

shown in the lower right graph of Fig. 12 at t4 = 141 seconds
confirm that the UAV had successfully returned to its planned
flight path.

In Fig. 13 the results of the simulation are shown in a com-
plex maze-like environment with several unknown obstacles
with different shapes. The original path was planned as a
realistic scenario (e.g., inspection of a known infrastructure
object in an unknown environment), where the UAV has to
fly around the given object. The results show that the UAV
successfully avoided all obstacles on the path using the AAPF
algorithm, including the narrow corridor and the concave
obstacle, which are considered extremely difficult obstacles
for algorithms based on artificial potential fields. In addition
to successfully generating and executing a collision-free path,
the AAPF algorithm forced the UAV to return to the planned
path at the first safe waypoint after avoiding the obstacle.

VI. EXPERIMENTAL EVALUATION
The flight experiments were conducted in a 10m× 7m× 3m
flight arena with an Optitrack localization system. The Hex-
soon EDU-450 quadcopter was utilized in the experiments,
equipped with the Cube Orange autopilot system, an Intel
NUC on-board computer, and a SLAMTEC RPLIDAR-A3 2D
LiDAR sensor (Fig. 14).

In the first experimental scenario, we set up two wall-like
obstacles in the arena and planned the flight trajectory for the
UAV to directly collide with one of them. In order to deter-
mine the initial set of parameters for the AAPF algorithm
in the constructed environment, as well as to get data for
analysis and evaluation of the proposed algorithm, we first
ran the simulation of the same scenario. Planned and executed
trajectories in both simulation and real-world experiment are
depicted in Fig. 15. Results of the experiment show that the
UAV managed to successfully avoid both walls, safely fly
through the gap between them, return and finish the initially
planned trajectory.

The second experimental scenario involved setting up a
central obstacle, around which the initial flight trajectory was
planned. The experimental results, displayed in Fig. 16, show
that at the start of the flight, the UAV followed the planned
trajectory until the repulsive forces generated by the obstacle
exceeded a predetermined threshold ofKUAV

threshold = 3,marked
as time t1. From time point t1 to t2, the UAV followed the
points generated by the AAPF algorithm to navigate around
the obstacle. Once the obstacle was cleared, as indicated
by a decrease in the magnitude of repulsive forces below
KUAV
threshold , the UAV resumed following the planned trajec-

tory until encountering the obstacle for a second time at t3.
Between time points t4 and t5, the UAV was sufficiently far
from the obstacle to move towards the current goal point on
the planned trajectory. After time point t6, the UAV resumes
following the planned trajectory in unobstructed space until
it reaches the end of the planned path.

In the final experimental scenario, we designed an initial
trajectory for the UAV to enter a narrow concave obsta-
cle (a closed corridor). Range of the LiDAR sensor was
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TABLE 2. Parameter settings for the potential field forces in experiments with a narrow concave obstacle.

FIGURE 17. The results of the experiment with a narrow concave obstacle,
showing the trajectory of the UAV as it followed the planned path into the
narrow corridor where obstacles are detected as the two parallel walls.
When the UAV detected the closed end of the corridor it changed the
perception of the environment to a single concave obstacle with a new
centroid, leading to a change in the direction of the rotational potential
force. As a result, the UAV was able to successfully exit the corridor and
return to the planned trajectory outside of the concave obstacle.

intentionally limited to prevent the UAV from detecting the
end of the corridor. As a result, when the UAV entered the
corridor, it only detected two parallel walls as separate obsta-
cles, each with its own centroid. However, when the UAV
detected the closed end of the corridor, all three walls were
perceived as a single concave obstacle with a single centroid.
This resulted in a change in the direction of the rotational
potential field, guiding the UAV out of the corridor. To assess
the AAPF algorithm’s repeatability, we conducted the same
test five times without making significant changes to the
potential force field parameters. In the first test, visible oscil-
lationswere observed as theUAVexited the concave obstacle.
To resolve this problem, we made slight adjustments to the
gain coefficients of the repulsive potential forces, resulting in
a reduction of oscillations in subsequent tests. Furthermore,
during the fifth test, the algorithm produced different cluster-
ing results compared to the other tests. This disparity was a
result of changes in the environment, specifically the presence
of open doors in the flight arena, which the algorithm detected
as a gap in the outer walls. As a consequence, the outer
walls were perceived as separate objects instead of a single
obstacle, leading to a slightly altered trajectory for the UAV
as it returned to its initially planned path. As shown in Fig. 17,
the UAV successfully exited the narrow corridor and returned
to the planned trajectory in all five tests.

With these experiments, we demonstrated the possibility of
the proposed AAPF algorithm to run with limited on-board
resources and in real-time in order to navigate the UAV
around the obstacles in the environment that were unknown
in the planning phase of the mission.

VII. CONCLUSION AND FUTURE WORK
This paper introduces a novel AAPF method for precise path
following with obstacle avoidance. The method is capable of
an autonomous and safe trajectory following in a static 3D
environment. Our algorithm uses augmented repulsive and
attractive fields to avoid local minima and minimize devi-
ations from the originally planned trajectory. Furthermore,
the algorithm determines the feasibility of the waypoints on
the initially planned path to increase the efficiency of the
trajectory following. The MPC tracker allows us to correct
the UAV trajectory based on the current system state and the
model dynamics. The results show an improved behavior in
terms of the length of the executed path, the time interval the
UAV deviated from the planned path and the resolution of
local minima compared to the state-of-the-art strategy. This
trajectory following and collision avoidance algorithm has
been successfully tested in both simulation and real-world
scenarios using a quadcopter equipped with a LiDAR.

The methods and algorithms presented in this paper are
aimed at enabling autonomous navigation of UAVs in a ware-
house, which aligns with the primary objective of the VIRTU-
ALUAV project mentioned in the Acknowledgement section.
One of the project’s goals was to ensure the UAV maintains
a consistent altitude during autonomous missions. While the
obstacles in the environment are detected as 3D objects, our
collision avoidance trajectory is currently planned only in the
horizontal plane, while the UAV maintains a constant flight
altitude. In the future, we plan to perform an analytical anal-
ysis of system stability. Additionally, we intend to evaluate
our method in a complex outdoor environment, which would
require generating collision trajectories in a full 3D space.
Furthermore, we aim to extend our algorithm to account for
dynamic obstacles and explore its application in a multi-UAV
system.
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