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Abstract— The usage of Micro Aerial Vehicles (MAVs) in
different applications is gaining attention, however one of the
main challenges is to provide collision free paths, despite the
uncertainties in localization, mapping, or path planning. This
article proposes a novel collision-free path planner for MAVs
navigation in confined environments, while not being dependent
on the information of the localization, only relying on 2D local
point-cloud data. The proposed backup path planner generates
velocity commands for a trajectory-following controller, while
guaranteeing a safety distance from all points in the local-
point-cloud. The proposed method considers the kinematics of
the MAV and can be extended to any robotics application,
such as ground vehicles. The proposed method is evaluated in
a Gazebo simulation environment and successfully provides a
collision-free navigation.

I. INTRODUCTION

Recent progresses in the field of robotics has resulted
to the deployment of the MAVs in different application
scenarios, such as infrastructure inspection [1], underground
mine inspection [2], etc. The MAVs can provide leading
solutions due to its agility and ability to provide access to
unreachable areas.

In most of these applications, for a successful mission
accomplishment, the MAV should have a collision free
navigation. In order to achieve this, robust localization and
feasible path planning are the key points. However, due to
real world challenges the localization and mapping suffers
from uncertainties and drifts over time.

This article proposes a novel collision free path planner,
based on local point-cloud information of the MAV, while
the local point-cloud can be obtained by the utilisation of a
2D/3D Lidar or visual sensors. The proposed method acts as
an extra layer to avoid collisions and generates way-points
that guarantee the safety distance from all the obstacles
in the local point-cloud, while working directly from the
point-cloud data. Moreover, the proposed method has the
advantage of being independent to the global map and has
the ability to correct the high level path planner in case
of drifts in the localization or the mapping. The proposed
optimization method is based on the kinematic model of
the aerial platform and it can be extended to any type of
platform.
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II. BACKGROUND & MOTIVATIONS

In the related scientific literature, the topic of MAV naviga-
tion and path planning is well studied [3], [4]. Exploration al-
gorithms like the frontier exploration algorithms [5], entropy
based algorithms [6], and information-gain algorithms [7]
provide a global planning strategy for the MAV. This is often
used in conjunction with an additional reactive control layer
that provides local obstacle avoidance to prevent collisions
with the environment. The most widely used reactive control
layer is the artificial potential fields [8], which has seen wide
use in multiple application areas as a local path planner
for both the MAV and other robotic platform applications,
such as the mapping of the infrastructure [9] or in the
case of the multi-robot coordination [10] for mobile robots.
Nonlinear Model Predictive Control (NMPC) schemes have
gained some popularity in the last years as well [11] and
have been applied to perform real-time obstacle avoidance
for a MAV [12], [13]. This article proposes such a middle
control layer, or back-up controller, based on a NMPC
where a nonlinear safety distance constraint is established
from each point in a 2D point-cloud. The advantage of this
scheme, over the potential field, is that the NMPC provides
a local trajectory generation, defined by a series of control
inputs, instead of just one based on the current state. The
optimizer used to solve the NMPC problem in the proposed
scheme is the OpEn (Optimization Engine) [14] that uses the
PANOC (Proximal Averaged Newton for Optimal Control)
algorithm [15]. OpEn also applies a penalty method [16] for
the consideration of equality constraints, which in this article
is used to guarantee obstacle avoidance based on a local 2D
point-cloud.

III. CONTRIBUTIONS

Based on the aforementioned state of the art, the main
contributions of this article are two fold.

The first major contribution stems from the backup con-
troller for collision avoidance. The backup controller is an
extra layer of safety and is located after the high level planner
and before the trajectory follower controller. The collision
avoidance is based on a local point-cloud, decoupled from
mapping and localization, while it considers the kinematic
model of the platform. The proposed method is solved in
real time, while considering all the points of the point-cloud.
The method enables a new direction of collision avoidance
schemes, while the point-cloud can be extracted from a
2D/3D lidar or a RGB-D camera.

The second contribution comes from the simulation of the
performance of the proposed method. The proposed algo-



rithm is run in combination with low-level controllers, and in
real time, using the close-to-reality simulation environment
of Gazebo to demonstrate its applicability towards field
applications. Multiple simulation results show the efficacy
of the point-cloud based collision avoidance scheme, where
despite the high-level planner generating way-points that
would cause collisions, the proposed local obstacle avoidance
scheme provides online collision-free trajectories.

IV. OUTLINE

The rest of the article is structured as follows. Section V-A
presents the kinematic model of the platform, followed by
Section V-C, which presents the optimization formulation
and the constraints based on the local-point-cloud. The
proposed method is evaluated in an simulation environment
and the results are presented in Section VI. Finally, Sec-
tion VII concludes the article by summarizing the findings
and offering some directions for future research.

V. METHODOLOGY

A. Kinematic Model

The MAV is considered as a six Degree of Freedom (DoF)
object with a Body-Fixed Frame B attached and the inertial
frame E as depicted in Figure 1. The kinematic model of the

Fig. 1. Illustration of the MAV with the attached body fixed frame B and
inertial frame E, while the safety distance is shown by ds.

MAV is described by:

ṗ(t) = v(t), (1a)
v̇(t) = 1/τv(Kvvref(t)− v(t)), (1b)

where p ∈ R3 is the x,y,z-position of the platform and v ∈ R3

is the velocity aligned with each body frame axis. The control
input to the low-level controller are the velocity references
vref , also aligned with the body frame axis. τv ∈ R+

and Kv ∈ R+ are time constants and gains respectively
that describe the first-order dynamics between the reference
velocity and the velocity state. The model assumes that there
exists a low-level controller that accepts velocity commands
as vx,ref , vy,ref and vz,ref . This is a simpler (linear) model
than the proposed for example in [17] or [12], which gives
the advantage of reducing the complexity of the Model
Predictive Control (MPC) problem and allows the scheme
to be applied to other platforms as well. The disadvantage is
that, while nonlinear constraints are considered, the nonlinear
dynamics of the MAV are not used in the MPC formulation.

B. Objective Function

Let the state vector be denoted as x = [p, v]> and the con-
trol inputs as u = [vx,ref , vy,ref , vz,ref ]

>. By discretizing
(1) by the forward Euler with sampling time Ts the predictive
form

xk+1 = f(xk, uk), (2)

is achieved. The prediction is done with a receding horizon,
thus let N denote the control horizon of the MPC. Let xk+j|k
denote the predicted state at time step k+ j, produced at the
time step k and uk+j|k the control action. Also denote uk
and xk as the complete set of states and inputs along the
control horizon. Since the goal of the controller is to provide
a set-point tracking, while also maintaining smooth control
inputs the objective function is formulated as:

J(xk,uk;uk−1|k) =

N∑
j=0

‖xref − xk+j|k‖2Qx︸ ︷︷ ︸
Set-point cost

+ ‖uref − uk+j|k‖2Qu︸ ︷︷ ︸
Input cost

+ ‖uk+j|k − uk+j−1|k‖2Q∆u︸ ︷︷ ︸
Input smoothness cost

, (3)

where Qx ∈ R6×6, Qu, Q∆u ∈ R3×3 are weight matrices
for the states, inputs and input rates. The first term in (3)
penalizes a deviation from a set-point reference in position
and velocity. The second term penalizes a deviation from
the non-moving control input (i.e. vref = (0, 0, 0)), while
the third term penalizes a change in control inputs from one
time step to the next and is included to keep the control
inputs smooth.

C. Optimization

1) Input constraints: Since the NMPC back-up controller
is relying on the performance of other lower-level controllers
to compute the attitude terms and then motor commands,
bounds on the control inputs (u = [vx,ref , vy,ref , vz,ref ])
must be applied. The low-level controller can only stabilize
the attitude within a certain range, and if applied in a
field application, sensors might not perform well at higher
velocities. Therefore the inputs constraints are defined as:

umin ≤ uk+j|k ≤ umax. (4)

These constraints act as hard constraints on the control inputs
along the horizon of the NMPC.

2) Safety distance constraints: For not allowing the colli-
sion avoidance layer to be reliant on the global localization,
the full vector of the local position coordinates plk can be
defined as:

plk = f(vk,uk), (5)

i.e. in the prediction of the NMPC the local position assumes
to start at (0, 0, 0) and the following predicted local positions
depend only on the initial velocity and the decision variable.
To ensure for collision free paths based purely on a point-
cloud and on an NMPC architecture, it requires the addition
of specific constraints for obstacle avoidance. The most
general constraint for ensuring a safety distance from a point
is that of a circle with radius equal to the safety distance



ds. Defining the [x]+ operator as max{0, x} the obstacle
avoidance constraint can be described by:

hcircle(p
l, pobs, ds) = [ds−(plx−pobs

x )2−(ply−pobs
y )2]+ = 0,

(6)
where ds is the safety distance and pobs specifies the local
2D-position of the point from the point-cloud. In the NMPC,
this constraint must be satisfied for all points in the point-
cloud and along the prediction horizon. This ensures that
the local trajectory computed by the NMPC avoids any
obstruction or obstacle seen in the point-cloud.

D. MPC Problem

Based on the objective function, defined in (3) and the
input constraints defined in (4), as well as in the presence
of multiple circular constraints hicircle, where i = 1 . . . npc is
the number of points in the local point-cloud, such as defined
in (6) the optimization problem can be stated as:

Minimize
uk,xk

J(xk,uk;uk−1|k) (7a)

subject to:xk+j+1|k = f(xk+j|k, uk+j|k),

j = 0, . . . , N − 1, (7b)
umin ≤ uk+j|k ≤ umax, j = 0, . . . , N, (7c)

hcircle(p
l
k+j|k, p

obs, ds) = 0, j = 0, . . . , N, (7d)

i = 1, . . . , npc. (7e)

This can be fit into the structure of the open source optimiza-
tion software OpEn [14] by performing a single-shooting
of the cost function and constraints, which eliminates the
system kinematic by the decision variable uk.

E. Control Structure

Figure 2 depicts the proposed control architecture, where
the high level planner generates the desired way points
[pd, vd]

>. In the classical approach, the high level planner
generates way points to already be collision free, however
this assumption may be violated in real life applications,
mainly due to the existence of uncertainties. Thus, we
propose a backup controller after the high level controller
that it is based on (7). The backup controller, based on the
estimated states [p̂, v̂]> and the point-cloud P = {pi, i ∈ N}
in the local frame (considering that the MAV in the center of
it) corrects the way points if necessary to avoid the collision.
The vr is fed to the trajectory follower which generates the
desired thrust, roll and pitch commands for the low level
controller. In the sequel, the low level controller generates
the proper motor commands for the MAV.

VI. RESULTS

In the following simulation results, the weight parameters
in (3), are chosen as:

Qx = diag(2, 2, 2, 8, 8, 8)
Qu = diag(1, 1, 1)
Q∆u = diag(20, 20, 20),

(8)

while the input constraints, defined by (4), are set to umin =
(−1,−1,−1) and umax = 1, 1, 1 m/s and ds is set to

0.7 m. Additionally, the sampling time Ts is set to 0.1 s
and the model constants Kv and τv are set to 1 and 0.5
respectively. The controller is tuned to move quite slowly to
the reference, which is a behaviour that it is closely related to
the requirements for localization and estimation in real-life
constrained environments.

The proposed method is evaluated in Gazebo [18] environ-
ments with the MAV in the loop. The MAV is equipped with
a 2D lidar, which generates 360 range measurements in one
revolution. The trajectory follower and low level controller
are based on NMPC and the ROSflight flight controller
respectively [19], [20]. In this article, the operator sends
the desired way point to the backup controller. It should be
highlighted that the back-up controller only works with local
frame data for avoidance and only requires a global position
reference, provided by a high-level planner or in this case
by the operator.

A. Avoidance around simple obstacle

The first avoidance scenario can be seen in Figure 3.
Here the task of the MAV is to move to a set-point po-
sition reference past an obstacle. The initial condition is
set to [0.0, 0.0, 0.0, 0.0, 0.0, 0.0]> and the given reference
is [0.0, 5.0, 2.0, 0.0, 0.0, 0.0]> with a cylindrical obstacle
located at (0.0, 2.5). Figure 4 shows the trajectory of the
MAV during the avoidance maneuver while Figure 5 shows
the minimum distance from the obstacle, as seen via the 2D
lidar point-cloud. As it can be observed, the MAV moves
to the reference set-point, while avoiding the obstacle and
keeping the safety distance of the specified 0.7 m, with a
max constraint violation of 0.07 m. Very small constraint
violations are to be expected due to the solver tolerances
and a limited number of penalty method iterations applied.
Figure 6 shows the solver time of the optimization. The
solver time peaks to 88 msec and has an average solver time
of 34 msec, which is still suitable for the trajectory-following
inner loop running at 20 Hz, as the higher-level layer can
generally be slower.

B. Collision avoidance with impassable obstacle

Another requirement of a back-up controller, such as the
proposed obstacle avoidance scheme, is that erroneous set-
points, given by a high-level planner should not result in
erratic behavior, or a collision, of the MAV. Such errors
can be attributed to map drifts or localization errors. Thus,
in Figure 7 a scenario is set up, where the MAV has no
path to the desired position. Once again the MAV starts
at [0.0, 0.0, 0.0, 0.0, 0.0, 0.0]> and the desired position sets
to [0.0, 4.0, 2.0, 0.0, 0.0, 0.0]>. Figure 8 shows the path of
the MAV when tasked to go past an impassable obstacle.
There is some movement in the x-position along the wall but
otherwise the MAV is stably avoiding collisions. In Figure 9
the closest distance to the wall can be seen. The MAV keeps
away from the wall with the 0.7 m safety distance except a
small constraint violation of 0.03 m. The solver time can be
seen to peak very high at one instance in Figure 10 with a



Fig. 2. The block diagram of the proposed method, while the [pd, vd]
> are the desired position and velocities from the high level planner, v>r is the

reference for the trajectory follower controller, P is the set of point-clouds, [Td, φd, θd]> are the thrust and attitude commands, [n1, . . . , n4] are the
motor commands, and [p̂, v̂, φ̂, θ̂] are the estimated odometries of the MAV.

Fig. 3. The Gazebo simulation of the simple obstacle environment.

Fig. 4. The trajectory of the MAV for the simulation results with an
obstacle in front of the MAV.

Fig. 5. The minimum distance to each revolution of the 2D lidar during
the navigation of the MAV, for the simulation with the obstacle in front of
the MAV

Fig. 6. The solver time of the backup controller, for the simulation results
with the obstacle in front of the MAV.



maximum value of 155 msec, while the average solver time
is 53 msec.

Fig. 7. The Gazebo simulation of the second environment with a blocked
passage.

Fig. 8. The trajectory of the MAV, for the simulation results with a blocked
passage.

C. Avoidance in a maze-like scenario

Figure 11 depicts the final environment prepared for the
simulation evaluation. In this simulation the MAV initial
condition sets to [0.0, 0.0, 0.0, 0.0, 0.0, 0.0]> and the desired
position is set to [0.0, 10.0, 2.0, 0.0, 0.0, 0.0]>. The MAV
should navigate through the walls to reach to the other side
of the confined area. Obviously this is a harder obstacle
avoidance scenario than the previously presented, but as it
can be seen in 12 the collision-avoidance layer successfully
navigates through the obstructed environment to reach the
desired position. There is a similar max constraint violation
in this case of a maximum of 0.03 m as can be seen
in 13, while the safety distance is otherwise kept. This
simulation shows that the collision-avoidance layer is capable
of avoiding multiple obstacles in very confined spaces with
only a position reference given by mission planner. The

Fig. 9. The minimum distance to each revolution of a 2D lidar during
navigation of the MAV, for the simulation results with the blocked passage.

Fig. 10. The solver time of the backup controller, for the simulation results
with the blocked passage.

maximum solver time again peaks to 155 msec, while the
average solver time is 55 msec.

VII. CONCLUSIONS

This article proposed a backup controller for collision
avoidance based on the local point-cloud. The backup con-
troller tracks the desired positions and velocities based
on localization measurements and constrains for collision
avoidance, decoupled from the mapping and localization of
the MAV. The proposed method is evaluated in multiple
simulation scenarios, where set-points, that could be pro-
vided by a high-level planner, are given in such a way that
would otherwise result in collisions. The proposed approach
provides collision free paths, if they exists, in all of the
scenarios. It should be highlighted that in some cases the
the solver time is over the sampling time, this is due to
activation of all constraints and future works will be towards
clustering the point-clouds to reduce number of constraints
and experimental evaluation of the method.



Fig. 11. The Gazebo simulation of the maze-like environment with multiple
constraints.

Fig. 12. The trajectory of the MAV in the maze-like scenario.

Fig. 13. The minimum distance to each revolution of 2D lidar during
navigation of the MAV.
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