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Abstract— We propose a novel approach for optimal trajectory tracking for unmanned aerial vehicles (UAV) using
a linear model predictive controller (MPC) in combination
with non-linear state feedback. The solution relies on fast
onboard simulation of a translational dynamics of the UAV
which is guided by a linear MPC. By sampling the states of
the virtual UAV, we create a control command for fast nonlinear feedback, which is capable of performing agile maneuvers
with high precision. Furthermore, we propose a decentralized
collision avoidance system technique for applying the system
in multi-UAV scenarios. Our solution benefits from the long
prediction horizon of the linear MPC and allows safe outdoors
execution of multi-UAV experiments without the need for inadvance collision-free planning. We present a statistical and
experimental evaluation of the platform in both simulation and
real-world examples, showing the usability of the approach.

I. INTRODUCTION
Robotic aerial systems have been extensively studied by
the scientific community during the past ten years. Nowadays, capabilities of a single unmanned aerial vehicle (UAV)
extend from a fully autonomous indoor and outdoor operation [1], [2], over onboard sensor processing and motion
planning [citation], to environment scanning and mapping
[3]. The coordinated flight of multiple UAVs is currently
in focus of many research groups [4], [5], [6]. Autonomous
flight with a group of UAVs prospects of faster task execution
and even lower requirements for onboard sensors. The benefit
of added redundancy allows continuing with the execution
of the task despite a failure of one of the units. Besides,
numerous applications cannot be realized using a single
UAV only [7], [8], [9] and a cooperative flight in small
mutual distances is required, which even increases demands
on precision and reliability of the UAV control mechanism
(see figure 1 for numerous examples of deployment of the
proposed system in multi-UAV scenarios).
Research and development of autonomous multi-UAV
systems imply a high risk of a collision between the vehicles.
Often, the mechanism to prevent collisions is built into a
mission control system which takes care of safe trajectory
planning in advance. However, the mission control system is
often the subject of research and development, hence a safety
mechanism built into it should be considered unreliable
during the development stage. Thus, a separate system to
prevent collisions should be already in place at the time
of real-world testing and experiments. According to the
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Fig. 1: The versatility of the proposed system is shown
in various scenarios including multi-robotic remote sensing,
compact formation flying, collaborative collecting of objects
in challenging outdoor environment, and autonomous landing
on a moving car.
”minimalist modular software development” philosophy1 ,
it is safer to develop a single and transparent collisionpreventing mechanism which can be used by high-level layer
regardless of its purpose or way of operation.
Naturally, GNSS localizes all vehicles within the same
frame of reference thus the position information can be
directly used for the collaboration of UAVs. Global navigation satellite systems (GNSS) such as GPS are standard
for outdoor use and are the foremost source of position
information for the UAVs when flying autonomously. To successfully deploy multiple collaborating vehicles, we assume
that they are localized within the same world coordinate
system. Nevertheless, the proposed system can be used
with any positioning system (even onboard), which allows
synchronization of reference frames of individual vehicles
among the team, e.g., [10], [11].
A. State of the art
Several concepts have been proposed to avoid mutual
collisions when trajectories of the vehicles are known in
advance.
The mutual collision avoidance between robots was historically studied by [12] in context of a non-holonomic ground
robotic system. The presented solution relies on control law
with explicitly incorporated control action to avoid other
robots in the team, when they appear in a proximity region.
Such technique provides a reliable solution for slow-moving
1 Unix
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robots; however, for fast UAVs, the proximity region would
have to be larger than a typical problem in collaborative
multi-UAV would allow.
In [13], authors propose a mechanism which considers
knowing future trajectories of robots in the team. The strategy avoids collisions by resampling future trajectories with
varying speed of time. By planning in so-called coordination
time-space, they find a collision-free passage which can be
converted to a warp of a sampling rate of original trajectories.
However, such method omits the dynamical constraints of the
vehicles’ and might result in an unfeasible reference which
would require additional processing. Moreover, in the case
when one of the vehicles is static, solely resampling original
trajectories in time domain requires additional mechanics,
e.g., similar to the one proposed in this manuscript.
Similar approach to [13], which also uses the configuration
time-space, is described in [14]. However, the application
involves ground robots with a centralized mechanism for
planning and distribution trajectories to the robots. Such
solution is not applicable for decentralized reaction-based
avoidance when each vehicle is controlled by an onboard
(decentralized) autonomy to fulfill a particular task which
is typically based on local sensor data. As in [13], this
mechanism also cannot react in situations when one of the
UAVs are stationary.
Mutual collision avoidance for aerial vehicles is tackled in
[15]. A centralized formation planning approach is proposed,
which utilizes a cylindrical proximity condition and a potential field repulsion-based avoidance strategy with an evasive
vertical maneuver. However, the approach was validated only
in simulations with the real-world experiments are described
by the authors as challenging issue to conduct.
A decentralized, non-linear model predictive control approach for control of multiple UAVs is presented in [16].
Authors present a genuinely transparent trajectory tracking,
which reacts to potential future collisions by modifying the
user reference. Both simulation and laboratory experiments
show the real applicability of the solution. However, the
solution uses only 2 s prediction horizon, which limits the
maximum speed at which it can intervene, thus allowing only
slow flight speeds. In comparison, the system presented in
this manuscript was tested with prediction horizon of 8 s,
which allows flight in speed over 30 km/s thanks to the long
prediction horizon, as presented in the Experiments section.
State-of-the-art contribution in avoiding mutual collisions
between fast unmanned aerial vehicles in real-time are
scarce. Moreover, a truly decentralized and transparent system, which could be deployed during real experiments to
serve as a safety mechanism for verification of other researched methods is virtually non-existent. Thus, we aim
beyond the state of the art while using current technologies, such as linear model predictive control and non-linear
control [17].
B. Contributions
In this paper, we address a practical approach for optimal
trajectory tracking and distributed collision avoidance system

for multiple unmanned aerial vehicles sharing the same
workspace. The proposed mechanism can be implemented
in the form of a transparent layer for a UAV control pipeline
and can be used by an application layer as a trajectory
tracker. By solving a linear model predictive control (MPC)
to steer a simulated UAV in real-time onboard the vehicle,
we manage to reduce the otherwise unfeasible task of solving
very large MPC, to solving an MPC with only the necessary
length of prediction horizon to generating evasive maneuvers.
Moreover, by sampling the states of the simulated UAV,
we create a reference for non-linear state feedback, which
is capable of agile maneuvers and disturbance rejection,
which is both are outside of the operating point of a linear
MPC. If a sufficient reserve in dynamics is left to the nonlinear state feedback, the combination exhibits properties
of the non-linear predictive controller with large enough
prediction horizon to allow detecting and avoiding possible
collisions between multiple vehicles flying within the same
workspace. The proposed MPC trajectory tracker provides
optimal tracking of arbitrarily long user trajectories, which
can be potentially unfeasible. Thanks to the predictive nature
of the tracker, vehicles conduct feedforward maneuvers. Our
method is suitable for real-world experiments, where novel
multi-robotic algorithms can be safely tested without risking
a mutual collision either due to a program malfunction or
a user error (see [7], [2], [18], [8] for a list multi-robot
scenarios tested with the proposed system). The implementation favors both computational and communication resources
thus it is applicable onboard in non-laboratory conditions, as
presented towards the end of this publication.
C. Outline
This paper is structured as follows. First, in section II,
we introduce a collision detection and avoidance mechanism,
which operates with known future trajectories of the vehicles
in the group. The section III describes the structure of the
proposed control architecture. The non-linear state feedback
(section III-B) together with a linear model predictive control
(section III-C) form components of a novel model predictive
tracker, further introduced in section (III-D). Section IV
presents the experimental evaluation of the system in realworld scenarios.
II. COLLISION AVOIDANCE
Deploying multiple UAVs in the same area introduces
potential collisions not only between the vehicles and the
environment but also between the vehicles themselves. In
this section, we focus on the mutual collisions between
the UAVs in an open outdoor environment. There are two
approaches to solve the avoidance problem, as we discussed
in the introduction. One is to incorporate a collision-free path
planning in a high-level mission planner. Mission planners
may be designed to conduct remote sensing, environment
exploration or more complex tasks such as collaborative
object localization and delivery. However, our experience in
the filed suggests that including the avoidance strategy is
impractical since it gives the responsibility for safety to a

high-level system, which is often the subject of development
and testing. It is reasonable to assume that if the mission
planner is unsound and requires an avoidance mechanism
to intervene, thus the built-in avoidance may not be reliable
as well. Moreover, the collision avoidance might also be required during switching between multiple high-level planners
or in situations when the UAVs are directly under control
by the field operators. Hence our approach incorporates the
avoidance mechanism as a transparent layer in the control
pipeline (see figure 3).
In situations, where the future trajectories of the vehicles
are known in advance, techniques such as rubber banding
[14] or time resampling [13] can be used to alter the
trajectories before their execution. We will focus on a specific
situation of outdoor flight, where increasing the height of
the trajectory to avoid mutual collision is a viable and
straightforward option. In this section, we assume the future
trajectories are known and later in section III-D we explain
how to obtain them in real-time during the flight with
properties such as length of the planning horizon and update
rate, required by the collision avoidance technique presented
in this section.

Algorithm 1 The avoidance algorithm reshapes the reference
trajectory rD based on potential collisions found in the predictions
made by the MPC tracker.
1: procedure RESHAPE
2:
Input:
3:
rD
. the original reference trajectory
4:
pcurrent
. priority of this UAV
5:
∆z
. height offset for avoiding a collision
6:
Output:
7:
zoffset ← 0
. accumulation of the height offset
8:
while find collision () do
9:
limit velocities()
. set velocity constraints to 12 of the nominial
10:
if pcollision > pcurrent then
. this UAV has lower priority
11:
zoffset ← zoffset + ∆z
12:
return rnew
1: procedure FIND COLLISION
2:
Input:
3:
x ← prediction for this UAV, offset by zoffset
4:
xn ← other UAV predictions
5:
m ← length of the prediction
6:
Output:
7:
tcollision ← -1
. the time step when would the collision occured
8:
pcollision
. priority of the other UAV we colided with
. for all predictions of other UAVs
9:
for x in xn do
10:
for i from 1 to m do
11:
if check proximity(x[i] , x[i] ) then
. Eq. (1)
12:
tcollision ← i
13:
pcollision ← priority of x
14:
return True
. collision found
15:
return False
. collision not found

A. Shared information
The proposed mechanism relies on mutual communication between the UAVs and the exchange of their future
trajectories. Assuming the trajectories resemble the actual
future movement of the vehicle, the potential collisions are
detected by each vehicle individually in a decentralized way.
Along with the predictions, each vehicle broadcasts a binary
flag which is risen when the vehicles collision avoidance
mechanism is active. The data are shared on rate 2 Hz,
which was chosen based on safety margins and dynamics
of vehicles used in experimental parts of this manuscript.
During the experiments, communication between UAVs operates without confirmation and repetitions, which minimizes
the communication overhead.
B. Avoidance strategy
The avoidance algorithm, which is described in detail in
algorithm 1, relies on iterative modifying the flight height
of the UAVs according to a hierarchical priority system.
A unique number is given to each aircraft, representing its
priority in the group. A collision is detected by a UAV
when another UAV violates a proximity condition at any
point along the prediction horizon. Each UAV performs an
avoidance maneuver when a potential collision is detected
with other UAV of a higher priority.
1) Proximity condition: The collisions between any two
UAVs within the future are found by checking proximity in
space-time within their future trajectories. Since the future
trajectories are considered as lists of points sampled at a
known rate, we can find violations in proximity by evaluating
space conditions between each corresponding points in the
future trajectories. Let us consider a cylindrical area with
radius Rp and height Hp around each point xa [i] in 3D space
in the future trajectory of UAV a. A collision is detected with

the UAV b, when a corresponding point xb [i] lies in the
cylindrical area. Formally, let xn ∈ Rm×3 be a predicted
trajectory of the nth UAV containing m positions in 3D
space. Then a potential collision between two UAVs a and
b is detected when following conditions are met
xa1:2 [i] − xb1:2 [i]

2

≤ Rp , ∀i ∈ 1, . . . , m
(1)
Hp
xa3 [i] − xb3 [i] 2 ≤
, ∀i ∈ 1, . . . , m
2
where xa1:2 [i] represents the x and y coordinates of the point
and xa3 [i] represents the z coordinate of the point. The choice
of cylindrical over, e.g., a spherical or ellipsoid condition is
optional and depends on the particular application. However,
it will not be discussed in this manuscript.
2) Avoidance maneuver: The maneuver consists of altering the reference trajectory of the vehicle by adding an offset
in height. Moreover, by lifting the acceleration constraints in
its controller, we allow faster than the nominal rate of change
of height, which helps to avoid ascending UAVs, whose
constraints are active. Vehicles with higher priority, which are
being avoided, do not alter the reference trajectory. However,
any vehicle, which detects a potential collision tightens
its velocity constraints to mitigate potentially aggressive
maneuvers when flying near other vehicles as described in
algorithm 1.
2
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III. CONTROL PIPELINE
The architecture of the proposed control system that also
enables to provide sufficiently long prediction horizon and
update rate for the collision avoidance mechanism follows
a common multi-layer structure. The schematic in figure 3
depicts the components to which we will refer in this chapter.
The UAV attitude control loop is closed by an embedded
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stabilizer, which receives a command in the form of the
desired attitude RD and thrust TD . The surrounding layer is
a non-linear SO(3) state feedback controller, which follows
a control command in the desired position rD , speed ṙD , and
acceleration r̈D expressed in the world coordinate frame.
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A. Embedded attitude control
An attitude controller is an onboard unit responsible for
maintaining the desired attitude R (φ, θ, ψ) ∈ SO(3), where
φ, θ, ψ are the Euler angles corresponding to yaw, pitch and
roll motions of the UAV. The controller block outputs desired
motor speeds and accepts desired orientation RD and total
thrust TD . The UAVs used in this paper are equipped with
the PX4 stack [19] on a PixHawk flight controller. However,
the proposed system is not dependent on the choice of a
particular attitude controller.
B. Non-linear SO(3) controller
The next block in the pipeline is the non-linear SO(3)
state feedback controller, which uses the model
ṙ = v
mv̇ = f Rez + mgez
Ṙ = RΩ̂

(2)

e1
e2

Fig. 2: The world coordinate frame w in which the
UAV position and orientation is expressed by translation
T
r = [x, y, z] and rotation R (φ, θ, ψ).
C. Linear model predictive control
Model Predictive Control is increasingly popular for control of the fast dynamics of UAVs, and it is especially
appealing for the proposed collision avoidance scheme. Our
previous work [21] featured a real-time embedded MPC on a
micro aerial vehicle with 2.2 s prediction horizon. In contrast
with the previous work, the MPC in this manuscript will not
be directly responsible for vehicle control. It will be part of
the proposed trajectory tracker, described in the following
section. A linear MPC uses an LTI model with n states and
k inputs defined as
x[t+1] = Ax[t] + Bu[t]

JΩ̇ + Ω × JΩ = M,

y[t] = Cx[t] + Du[t] ,

T

where r = [x, y, z] is the position and R (φ, θ, ψ) the
orientation of the UAV in the world coordinate frame with
the basis {e1 , e3 , e3 }. Two forces act on the vehicle. The
magnitude of the gravitational pull is denoted by g ∈ R,
wheres the magnitude of the total thrust force created by the
propellers is denoted by f ∈ R. The UAV mass is denoted
by m ∈ R. The angular velocity of the UAV in the body
frame {b1 , b2 , b3 } is denoted by Ω ∈ R3 and J ∈ R3×3 the
inertia matrix. The total moment exerted by the propellers
T
onto the UAV is M = [M1 , M2 , M3 ] .
The control is built on the work [17], [20] with control
inputs f ∈ R and M ∈ R3 chosen as
M = − kR eR − kΩ eΩ + Ω × JΩ − . . .


. . . − J Ω̂RT Rc Ωc − RT Rc Ω̇c
f = − (−kx er − kib R

Zt

R(τ )T er dτ − . . .

. . . − kiw

Zt

where x ∈ Rn denotes the state vector and u ∈ Rk the input
vector. Matrices A ∈ Rn×n and B ∈ Rn×k are the main
system matrix and the input matrix respectively. In contrast
with with the traditional full description of the LTI system,
we assume C = E, and D = 0. Therefore y[t] = x[t] holds.
The definition of the MPC relies on the notion of a control
error over a future prediction horizon. The control error is
defined as e = x − x̂, where x̂ is the trajectory reference.
Finding the control signals by an MPC requires to solve the
optimization problem
min

V (x, u) =

m−1

1 X T
e[i] Qe[i] + uT[i] Pu[i]
2 i=1

(6)

∀t ∈ {0, . . . , m − 1}
∀t ∈ {1, . . . , m}

(7)
(8)

(3)

u[t] ,x[t]

(4)

s.t. x[t+1] = Ax[t] + Bu[t] ,
x[t] ≤ x max[t] ,

0

er dτ − kv ev − mge3 + mẍd ) · Re3

0

with ẍd the desired acceleration. The control errors in
rotation, position and velocity are denoted by eR , er and
ev , respectively. The resulting control action consists of f
and RC , which is the orientation command. A more detailed
description of the original controller extended with additional
integral gains can be found in our other publication [2].

(5)

x[t] ≥ x min[t] ,

∀t ∈ {1, . . . , m}

(9)

repeatedly, where the quadratic cost function in (6) penalizes
the control error and the input action over a horizon of length
m ∈ R. Penalization matrices Q and P are positive semidefinite. The constraint (7) forces the states to follow the
model (5) while the constraints (8) and (9) bound the states
to a box to limit the maximum acceleration and velocity.
D. MPC Trajectory tracker
Figure 4 shows the diagram of the MPC tracker shown
as a single block in the pipeline in figure 3. A trajectory
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Fig. 3: Diagram of the control pipeline which includes the proposed MPC tracker and the collision avoidance mechanism.
The original reference trajectory rD , φD is reshaped by the collision avoidance mechanism to rR , φR . The reshaped reference
serves as a setpoint for the MPC in the MPC tracker, which outputs a command xD , ẋD , ẍD , φD , φ̇D , φ̈D for the non-linear
SO(3) controller. The non-linear controller produces orientation and thrust reference for the embedded attitude controller.
tracker supplies a control command x to the underlying
state feedback. The command is required to be updated at ≈
100 Hz. It should also be smooth and feasible concerning the
translational dynamics of the UAV. State space representation
of the translational dynamics in the world frame can be
captured by the state vector x as
x[1] = r[1], x[4] = r[2], x[7] = r[3], x[10] = φ
x[2] = ṙ[1], x[5] = ṙ[2], x[8] = ṙ[3], x[11] = φ̇ (10)

quadratic program exhibit approx. quadric growth in the
length of the prediction horizon. For example, with reference
sampled at 100 Hz, a 60 s user trajectory would require
solving MPC with 6000 steps of the prediction horizon,
which is unrealistic given current technology and onboard
computational power of today’s UAVs. Moreover, the reference for the MPC can often change, as the task for the
UAV updates in real-time, which puts tight bounds on the
computational time of the MPC.

x[3] = r̈[1], x[6] = r̈[2], x[9] = r̈[3], x[12] = φ̈.
MPC trajectory tracker

The 4 degrees of freedom of the UAV are then expressed as
a differentially flat system with matrices A and B defined
as
A(∆t,ar ,aφ )

=

" As (∆t,ar )
=

0
0
0

#
0
0
0
As (∆t,ar )
0
0
0
As (∆t,ar )
0
0
0
As (∆t,aφ )

(11)
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=
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,

(12)

where the sub-system matrices As and Bs are defined as

 2

2
b∆t
1 ∆t ∆t
2
2
Bs (∆t,b) =
As (∆t,a) =
,
,
(13)
b∆t
0 1 ∆t
0 0

a

b

with ∆t being the sampling step and ar , aφ , br , bφ are
constants for the transfer function between the input and the
acceleration states in the system. For the transfer to be a 1st
order system, ar + br = 1 must hold for all the a, and b
constants.
Finding the control command for the SO(3) could be
theoretically done solely with MPC. However, due to a
potentially long reference trajectory and the required density
of sampled states, such option is not feasible, because the
number of independent parameters of the Hessian of the

Fig. 4: Diagram of the MPC tracker loop. The reference
trajectory rD ∈ R3×N of a length N is supplied to the MPC
controller. UAV dynamics is simulated in a closed loop with
the MPC at 100 Hz. The state x ∈ R9 of the simulated
system serves as the command for the SO(3) controller.
We tackle the complexity issue by having a shorter prediction horizon, which does not cover the full length of
the reference, however in control of a real-time simulation
of the transitional dynamics, which is evaluated at 100 Hz
in real-time onboard the vehicle. The MPC is purposefully
tuned to guarantee safe and sound tracking on the known
simulated model. States of the simulated model are then
sampled at 100 Hz and are given as a control command
to the SO(3) controller, which mirrors the states of the
real vehicle according to the state of the simulated model.
This concept utilizes the best of each component involved.
Thanks to the predictive nature of the MPC the resulting

E. Integration with collision avoidance
Given the MPC tracker is in control of the vehicle, the
future trajectory prediction, which is generated at 100 Hz,
is used to detect potential mutual collisions between UAVs
in the team, as described in section II. The predictions are
transmitter to the other UAVs in the group. Additionally, a
connection between the collision avoidance block and the
MPC tracker block is established to allow changing the
velocity and acceleration limits, when collisions are detected.
Parameters of the proximity condition (1) and the height
offset ∆z during the avoidance maneuver are set based on the
values of vmax and amax , the allowed vertical acceleration
and speed. For real applications, the unconstrained vertical
acceleration avmax should be measured, and the parameters
Hp and Rp should be set such the following inequalities hold
s

s

Hp
≤
avmax

s

Hp
Rp + Rc
≤
,
avmax
2vmax

2 (Rp + Rc )
ahmax

(14)

where the ahmax is the maximum constrained horizontal
acceleration and Rc is a clearance distance, which represents
a distance by which the UAVs should avoid in the most close
encounter. For real outdoor application, where disturbances
such as wind occur, safety margins are recommended.
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control command can proactively track even an unfeasible
user trajectory. On the other hand, the non-linear controller
provides tilt and thrust commands to conduct aggressive
maneuvers, that would be outside of an operating point for
the linear MPC. However, the dynamical constraints of the
MPC are set to leave a reserve for the SO(3) to handle
disturbances. As a result, by having a know prediction of
the vehicle’s movement, we can efficiently detect potential
collisions and avoid them before they happen.
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Fig. 5: Graphs of x and y coordinates of the MPC tracking a
user reference. The same tracking with predictive capabilities
is present in the remaining z and yaw axes.

Fig. 6: Two images from Gazebo simulator show the avoidance maneuver between three UAVs, which would collide
above the coordinate center, haven’t been for the collision
avoidance system. The red paths mark the predicted trajectories, already corrected with the avoidance mechanism.

Multimedia material attached to this work is available at
the website http://mrs.felk.cvut.cz/iros2018mpc.

(ROS), which allows painless transition from simulation
to the real hardware. Gazebo robotic simulator is used in
conjunction with PixHawk’s firmware, which provides a lifelike simulation of UAV dynamics and the low-level control.
The current implementation of the MPC tracker relies on
CVXGEN [22] generative solver to solve the quadratic
program (6–8). The MPC tracker and collision avoidance are
used for more than a year with following parameters (table I,
which may vary according to the application demands:

A. Platform-specific implementation

TABLE I: Parameters for DJI F550 hexacopter for outdoor.

IV. EVALUATION

The experimental platform is built around DJI F550 frame,
which is equipped with Intel NUC onboard computer (5th
generation Core-i7, 8 GB of RAM). Ubuntu 16.04 operating
system houses all software except the attitude controller
in PixHawk. PixHawk is an off-the-shelf and open source
control board, which fuses onboard inertial sensors with GPS
and provides an estimate of the states of the UAV to the
onboard computer. In addition to the sensors integrated with
PixHawk, our basic UAV setup utilizes (optionally, according
to the application) a precise RTK GPS and a laser rangefinder
to measure the UAV height, both of which are fused with the
PixHawk’s state estimate. Mutual communication between
the vehicles is covered by a standard Wi-Fi connection.
Custom software is built with Robot Operating System

MPC rate
prediction horizon
max. speed
max. acceleration
cylinder radius Rp
cylinder height Hp
height correction ∆z

100 Hz
8.0 s (40 steps)
8.3 m/s
2.5 m/s2
5m
5.99 m
3m

B. Statistical evaluation in simulation
Simulations conducted in Gazebo simulator reflect the
real-world platform in many important aspects. All software
components running in the simulation are identical to set

TABLE II: Percentiles of duration before the first collision
occurred. The results come from 24 h of simulated flights
with 5 UAVs, conducting a 2D random walk on 100×100 m
area. The total of 495 collisions was recorded.
percentile
without the avoidance
with the avoidance

0.5
104 s
–

0.75
152 s
–

0.95
264 s
–

0.99
431 s
–

C. Experimental evaluation of system performance
A series of experiments were performed to validate the
system in real-world conditions. In contrast with simulations,
hardware deployment can reveal design flaws, e.g., due
to communication delays and bottlenecks. However, since
randomized and long-term tests are impractical in the field,
the system was tested on a series of handcrafted trajectories,
which were designed to exploit various forms of mutual
collisions between vehicles in the group. Figure 7 shows
snapshots of one of such scenarios, where two UAVs were
ordered to swap their locations through a place, where a
third UAV was supposed to remain static. Other scenarios
varied over different priorities of the vehicles, paths and
initial positions of the UAVs, both in the horizontal and
vertical axes. In all cases, the system prevented the collision
in advance, and the vehicles reached their goal positions
undamaged.
D. Real-World deployment of the system
The MPC tracker and its ability to follow reference trajectories optimally with respect to the dynamical model of the
UAV was utilized during verification of methods for Dubins
traveling salesman and orienteering problems [23], [24], [25].
Moreover, the proposed system with the collision avoidance
has facilitated experimental verification of novel research
achievements in the field of multi-UAV deployment [7], [26],
[9]. Formation flight with 4 UAVs (figure 8d) utilizes a
migrating leader planning [26]. The MPC tracker allowed
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used on the real hardware, including the PixHawk’s embedded firmware. We modeled the F550 frame to match the
physical properties of the vehicle. To test the avoidance strategy, we first established the baseline without the avoidance
involved. The test scenario consists of 5 UAVs flying in the
same height level in a square area of 100 × 100 m. Each
UAV conducts a random walk over a sequence of randomly
generated waypoints sampled from even distribution. A collision between two UAVs is considered when their geometric
centers are closer than 1 m. The table II shows the percentiles
of a scenario duration until a collision occurred, after which
the experiment was stopped. Over half of the 495 simulation
trials ended within 2 minutes from takeoff, which suggests
the importance of the proposed system. Simulations with the
collision avoidance system showed that the UAVs were flying
without any collisions during the 24 h period with 1.21 m
being the minimal measured distance between any of the
vehicles.

8

15.0

7

12.5

6

10.0

5

7.5
5.0

4
−4

−2

y [m
]

2.5
0

2

4

25

15

20

10

5

−20

−15

−10

−5

0

x [m]

0.0

3
1

3

t=0 s

t=6 s
3
2

t = 12 s

2

1

2

3
2

1

1

t = 18 s

Fig. 7: Three UAVs follow a collision path, where vehicles
#1 and #2 exchanged their positions while flying through
the location of vehicle #3, which should remain stationary.
Vehicles with lower number have a higher priority than the
one with lower numbers.
safe execution of the experiments, where the UAVs operated
in close proximity. Utilization of large-scale sensor network
was investigated in [9], where multiple UAV localize radio
and radiation sources using onboard sensors. The UAV was
driven using onboard autonomy, whose potential malfunction
was covered by the collision avoidance system.
The system, as proposed, was successfully deployed during the MBZIRC 2017 robotic competition. Authors were
part of the CTU-UPENN-UOL team2 , which competed in
both aerial challenges – autonomous landing on a moving
car and collaborative collection of objects by a group of
UAVs. The autonomous landing the moving car, which was
driving at speed 15 km/h, was possible thanks to the optimal
tracking of predictions of the car movement, which is also
proposed in this paper. The MPC tracker conducted the
fastest landing (25.1 s) among all competitors on the site
[27]. Robustness of the solution was shown throughout the
competition with successful landings during all competition
trials.
The team also scored the highest amount of points and
won the challenge of autonomous collecting of objects by 3
UAVs. As described in [2], the onboard autonomy, which is
necessary to achieve the goals in real-time, relied heavily on
the MPC tracker and the collision avoidance system proposed
here. During the competition scenario, which took place on
an area of 60 × 90 m, the MPC tracker used 8.0 s prediction
horizon with 0.2 s sampling. UAVs were allowed to fly at up
to 8.3 m/s (competition rules) with acceleration of 2.5 m/s2 .
Owing to the collision avoidance, we encountered no UAV
incidents during over a year of development of the system
(hundreds of experimental flights of multiple UAVs sharing
2 http://mrs.felk.cvut.cz/mbzirc

(a)

(b)

(c)

(d)

Fig. 8: Photos from real-world use of the system: (a)
autonomous landing on a car [27] and (b) multi-robotic
manipulation during MBZIRC 2017 [2], (c) collaborative
carrying of large object and (d) 4 UAVs in a formation [26].
the same workspace), even when the trajectories reflected the
simulated scenario in section IV-B.
V. CONCLUSIONS
This manuscript describes a novel approach to predictive
trajectory tracking with mutual collision avoidance for unmanned aerial vehicles. We present a nested control pipeline
with a non-linear state controller and a novel MPC trajectory
tracker, where the latter creates an optimal feedforward reference for the controller. Additionally, the system incorporates
a priority-based collision avoidance technique, which utilizes
prediction of future trajectories of vehicles in the group to
alter the course of the flight to mitigate mutual collisions
between the vehicles. The proposed system was extensively
used as an underlying platform for experimental verification
of novel research methods. Moreover, it was successfully deployed in the MBZIRC 2017 robotic competition, where the
authors’ team scored above the most prestigious university
teams from all over the world.
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