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Abstract. This paper focuses on tracking dynamic targets using a low
cost, commercially available drone. The approach presented utilizes a
computationally simple potential field controller expanded to operate not
only on relative positions, but also relative velocities. A brief background
on potential field methods is given, and the design and implementation
of the proposed controller is presented. Experimental results using an
external motion capture system for localization demonstrate the ability
of the drone to track a dynamic target in real time as well as avoid
obstacles in its way.

1 Introduction

This paper focuses on dynamic target tracking and obstacle avoidance on a
quadrotor drone. Drones are useful in many practical applications such as dis-
aster relief efforts, infrastructure inspections, search and rescue, mapping, and
military or law enforcement surveillance. However, in order to perform any of
these tasks, a drone must be able to perform both localization as well as effective
navigation and obstacle avoidance. The contribution of this paper is the devel-
opment of a drone control system which allows the drone to track a dynamic
target while simultaneously avoiding obstacles using an expanded potential field
control method. A demonstration of the capabilities is performed utilizing the
ARDrone 2.0 shown in Fig. 1 and an external motion capture system [1].

Currently, two main challenges prevent drones from being used regularly for
application such as those mentioned. The first is localization. GPS is a great
tool for localization in environments which allow communication with satellites,
and there has been a lot of research activity in the field of localization in GPS-
denied environments. For example, light detection and ranging (LIDAR) is a
promising option [2–4] which has been used in simultaneous localization and
mapping (SLAM) [5]. Another method is computer vision, utilizing both forward
and downward looking stereo-cameras [6]. Additionally, tools such as Microsoft’s
Kinect sensor have been used which provide depth information much like LIDAR,
but with a much larger sensing area [7]. All of these options, and more, pro-
vide drones with location information about themselves and their environment,
including obstacles.
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Fig. 1. A low cost,
commercially available
quadrotor drone is used
as the experimental plat-
form for testing and
demonstrating the effec-
tiveness of the proposed
control method.

The second challenge is accurate navigation and
crash avoidance which enable the drone to perform
any given task safely and efficiently. Similar to local-
ization, this is also a field which has attracted much
research. Many use multi-drone flocking strategies in
order to track and maintain contact with a target for
information gathering purposes [8,9]. Several methods
have been developed for fixed-wing aircrafts, utilizing
numerous methods ranging from Lyapunov-LaSalle to
seventh order Bézier curves [10–12]. For use on quadro-
tor drones, a PID controller has been used for position
control in a hover state coupled with a three dimen-
sional PD controller for trajectory tracking [13,14] with
good results. In this paper, a novel potential field controller is presented which
has been expanded to include not only relative position but also relative veloc-
ity in order to meet the unique challenges presented by drones. By expanding
the method to include more than just two dimensional position data, greater
performance can be achieved and allow the drone to perform in fast moving
environments.

This paper is organized as follows. Section 2 describes the problem definition,
assumptions, constrains and evaluation criteria for the paper. Section 3 provides
a brief background on potential field methods, and their limitations. Section 4
discusses the design of the controller used in this paper. Section 5 presents the
experimental results of the paper, and an evaluation of the performance of the
controller. Finally, Sect. 6 provides a brief conclusion, with recommendations for
future work.

2 Problem Definition

The goals of this paper are to develop a control system for a drone which allows
it to safely navigate to, and follow a dynamic human target. The drone should
never run into the target or any obstacles in its vicinity. For the purposes of this
paper, we assume that the position of the drone and the target are known. In
this case, we utilize an external motion tracking system [1] to provide position
feedback, which is this paper’s main constraint. It is important to note that the
approach presented maybe be adapted to work with onboard sensing in future
work.

To evaluate the success or failure of this paper, the drone should be able to
navigate successfully from a starting location to a target location, while avoiding
obstacles along the way. Additionally, the drone should be able to track the target
while it moves around the testing environment.
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3 Potential Field Navigation

Fig. 2. An example of a tra-
ditional potential field which
can be used for navigating
toward a target while avoid-
ing obstacles.

Because of their simplicity and elegance, poten-
tial field methods are often used for navigation of
ground robots [15–17]. Potential fields are aptly
named, because they use attractive and repulsive
potential equations to draw the drone toward a
goal (attractive potential) or push it away from an
obstacle (repulsive potential). For example, imag-
ine a stretched spring which connects a drone and
a target. Naturally, the spring will draw the drone
to the target location.

Conveniently, potential fields for both attrac-
tive and repulsive forces can be summed together,
to produce a field such as that shown in Fig. 2. The
example shown includes only one repulsive field,
but multiple fields representing multiple obstacles
could easily be added as they are sensed.

Traditionally, potential forces work in the x and y spatial dimensions, and
are defined by a quadratic function given by

Uatt(qd) =
1
2
λ1d

2(qd, qt), (1)

where λ1 is positive scale factor, and d(qd, qt) is the relative distance between the
drone and the target. In order to achieve the target location in this scenario, the
potential function should be minimized, thus the velocity of the drone should be

pattd (qd) = ∇Uatt(qd) = ∇
(1

2
λ1d

2(qd, qt)
)
,

=
1
2
λ1∇d2(qd, qt),

= λ1(qt − qd).

(2)

The velocity in (2) is appropriate for a stationary target but for a moving
target, the velocity of the target should be also taken into account. If we consider
that the drone should move with the same velocity as the target, in addition to
the motion dictated by the attractive potential, then (2) becomes

pattd (qd) = λ1(qt − qd) + pt, (3)

where pt is the velocity of the target. Through simulation and mathematical
proofs not presented here, it can be shown that the relative position between
the drone and target converges to zero using the method described. Thus, this
method forms the foundation for the controller developed in this paper.

To account for obstacles, a potential function is generated which grows
increasingly repulsive as the distance to the obstacle decreases to zero. Thus,
the repulsive potential function is given by
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Urep(qd) =
1
2
η1

1
d2(qd, qo)

, (4)

for which the resulting velocity of the drone is in the direction of the gradient,
and is given by

prepd (qd) = ∇Urep(qd) = −η1
1

(qo − qd)3
, (5)

where η1 is again a scaling factor, and d(qd, qo) is the relative distance between
the drone and the obstacle. Because the drone should never actually come in
contact with the obstacle, the relative distance should be computed between the
drone and the a minimum distance it can be from the obstacle.

4 Controller Design

Because the potential field methods presented above are developed for ground
robots, they do not address many of the factors that must be accounted for when
designing a controller for aerial systems. For example, drones move very quickly
and are inherently unstable which means they cannot simply move to a particular
location and stop moving. They are consistently making fine adjustments to their
position and velocity.

In order to account for factors unique to aerial platforms, not only is the
relative position between the drone and the target taken into account, but also
the relative velocity between the two. Using this new information, a potential
function based on the relative velocity is given by

Uatt(pd) =
1
2
λ2v

2(pd, pt), (6)

where λ2 is a positive scale factor, and v(pd, pt) is the relative velocity between
the drone and the target. Again, this function should be minimized by moving
in the direction of the gradient. Thus the speed of the drone due to attractive
potential from the target should be the sum of the gradient of this potential
function and (3) which yields

pattd (qd, pd) = λ1(qt − qd) + pt + λ2(pd − pt), (7)

Similarly, the potential function for obstacle avoidance derived in Sect. 3
should be augmented to include the a potential function for relative velocity
between the drone and the obstacle. This potential function should react when
the drone is moving toward the obstacle, but have no effect if the drone is moving
away. Thus a piecewise potential function is generated and is described by

Urep(pd) =
{− 1

2η2v
2(pd, po) : (po − pd) < 0

0 : (po − pd) ≥ 0 (8)

and the resulting total velocity from repulsive forces is
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prepd (qd, pd) = −η1
1

(qo − qd)3
− η2(po − pd). (9)

Now that we have the velocity contributions from all of the attractive and
repulsive potentials, we simply add them together to get the final velocity of the
drone.

pd(qd, pd) = pattd + prepd (10)

This velocity is calculated in the world frame, so must be transformed to the
body frame of the drone. Given the heading of the drone, θd, the speed in the
xbody and ybody is calculated using

vx,body = pdcos(θd) + pdsin(θd)
vy,body = −pdsin(θd) + pdcos(θd)

(11)

This controller will seek out a moving target, and will also avoid obstacles
that are in close proximity.

5 Experimental Results

The experimental platform used for this paper was the commercially available
Parrot ARDrone 2.0 shown in Fig. 1 which has built in wifi connectivity which
allows an easy way to control it through a computer interface, such as Matlab. In
addition to the ARDrone, an external motion capture system was used to provide
localization capabilities for the drone, target, and obstacle. The lab environment
with drone, obstacle, target, and external tracking system is shown in Fig. 3.

Fig. 3. The experimental environment with a drone, target, obstacle, and external
motion tracking system is shown.
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In order to control the drone and display its location along with the target
and any obstacles present, the Matlab GUI shown in Fig. 4 was created. It allows
the user to determine when the drone takes off, lands, or tracks the target. This
GUI is critical in efficient testing of the drone. Additionally, for the safety of the
drone, if the controller does not behave as expected the user can request that
the drone simply hover in place to avoid fly-aways.

Fig. 4. A Matlab GUI was created to show the
positions of the drone, target, and any obstacles
present. It also allows the user to control when the
drone takes off, lands, tracks the target, or simply
hovers in place.

In order to test the perfor-
mance of the controller, several
experiments were performed.
First, the ARDrone is placed
across the room from a station-
ary target, and is commanded
to take off and reach the goal
location. The performance of
the controller here is evaluated
by the overshoot and settling
time of the system. Second, the
first experiment is repeated but
with an obstacle introduced.
The performance of the con-
troller in this case is evalu-
ated by the success or failure
of reaching the target with-
out running into the obstacle.
Finally, the ARDrone is commanded to follow the target as it moves about in
the lab environment. This task is harder to evaluate, and a demonstration of the
drone performing the requested action is used to verify that this functionality
works. Future works should address how to evaluate the performance of this
method quantitatively.

During the first experiment, the drone was placed approximately 4.2 meters
from the target’s location. The drone was requested to fly to 1 m away from the
target location, since the purpose of this is to eventually track a human. The
drone’s response shown in Fig. 5 demonstrates the capability of the drone to
achieve a goal position effectively. Starting at approximately 7.75 seconds, the
drone enters an autonomous mode, and achieves stable hover 1 m away from the
target at approximately 12.75 seconds. It is important to note that while the
drone did overshoot it’s goal location, it did not overshoot enough to get close
to hitting the target. The closest that the drone got to the target was just under
0.75 meters.

In the second experiment, the drone was placed approximately 5.2 meters
away from the target, and an obstacle was located in the path lying directly
between the drone and the target. Similar to the first test, the drone’s mission
was to fly to within 1 m of the target, this time while avoiding the obstacle and
still achieving the task. As the drone begins moving towards the target, it also
moves towards the obstacle. Because of the repulsive forces generated by the
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Tracking a Static Target with No Obstacles

Fig. 5. The results of tracking a static target with no obstacles are very good. With
an initial condition of approximately 3.2 m, the drone achieves position in under 5
seconds.

drones relative location and velocity with respect to the obstacle, the drone is
elegantly “pushed” around the obstacle and still makes it to the target location.
Figure 6 shows the results of this test, demonstrating that the drone maintains
a safe distance from the obstacle (1 meter minimum) and also achieves the goal.

In the third experiment the drone is directed to follow the target around,
while maintaining a safe distance at all times. In addition, the drone should
always face the target. This task was performed several times to evaluate the
performance. In each of the tests the drone successfully completes the task.
Even under extreme circumstances (e.g., very fast maneuvers) the drone is able
to recover and maintain the desired behavior. Figure 7 shows frames from a
video [18] taken of the drone performing this task. In the video it can clearly
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Fig. 6. The results of tracking a static target with an obstacle in the way demonstrates
the controllers effectiveness at avoiding collisions.
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Fig. 7. The third experiment demonstrates the drone tracking a dynamic target, while
maintaining the proper heading to always face the target.

be seen that the drone follows the target around while always maintaining the
proper heading to face the target.

In addition to tracking a dynamic target moving in an arbitrary pattern,
the drone was instructed to follow the target as it moved in an approximate
rectangle around the lab. The results shown in Fig. 8 illustrate the path of the
drone as it follows the target through the pattern. As shown, the drone does in
fact track the rectangle as instructed, with slight deviations. Because the path
of the target was moved manually by a person as in previous experiments, the
target trajectory is not a perfect rectangle either. In future work, a set trajectory
will be established without human error which would allow repeatability to be
addressed as well as a much better analysis of the tracking error.
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Fig. 8. The final experiment has the drone track a target which moves in an approx-
imate rectangle. As shown, the drone does track, but because the desired trajectory
is human-controlled the reference is not perfect. Future work will include using a pre-
determined and set trajectory.

6 Conclusion

This paper presented a novel, extended potential field controller designed to
enable a drone to track a moving target in a dynamic environment. An exper-
iment setup comprising of an ARDrone 2.0 and an external motion tracking
system was used to implement the controller and evaluate the performance. The
drone was able to successfully track stationary targets, with and without obsta-
cles in it’s path, as well as dynamic targets moving about in the lab.

Future work to build upon this paper will include determining a quantifi-
able evaluation method for the performance of dynamic target tracking. More
importantly, because this system relies upon an external tracking system future
work should include a method for estimating the state of both the drone and the
target using onboard sensing and systems. Potential solutions might be LIDAR,
optic flow sensing, and more.
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