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Abstract In this article we present a real-time path-planning algorithm that can
be used to generate optimal and feasible paths for any kind of unmanned vehicle
(UV). The proposed algorithm is based on the use of a simplified particle vehicle
(PV) model, which includes the basic dynamics and constraints of the UV, and an
iterated non-linear model predictive control (NMPC) technique that computes the
optimal velocity vector (magnitude and orientation angles) that allows the PV to
move towards desired targets. The computed paths are guaranteed to be feasible for
any UV because: i) the PV is configured with similar characteristics (dynamics and
physical constraints) as the UV, and ii) the feasibility of the optimization problem

is guaranteed by the use of the iterated NMPC algorithm. As demonstration of the
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capabilities of the proposed path-planning algorithm, we explore several simulation
examples in different scenarios. We consider the existence of static and dynamic

obstacles and a follower condition.

Keywords feasible optimal path - model predictive control - real-time path-

planning - replanning

1 Introduction

One of the areas that has grown surprisingly fast in the last decade is the one
involving autonomous Unmanned Vehicles (UVs), both aerial (Unmanned Aerial
Vehicles - UAVs) and terrestrial (Unmanned Ground Vehicles - UGVs). Their re-
duced size and geometry allow them to carry out dangerous missions at lower
costs than their manned counterparts without compromising human lives. They
are mostly used in missions such as search and rescue, power line inspections,
precision agriculture, imagery and data collection, security applications, mine de-
tection and neutralization, operations in hazardous environments, among others
[IH6]. In general, most of such missions require that the UVs move in uncertain
scenarios avoiding different types of obstacles. To do so, they must have the ability
to autonomously determine and track a feasible collision-free path.

The path-planning problem is one of the most important parts of an au-
tonomous vehicle, therefore it has attracted substantial attention [7) [§]. It deals
with searching a feasible path between the present location and the desired target
while taking into consideration the geometry of the vehicle and its surroundings,
its kinematic constraints and other factors that may affect the feasible path. Dif-

ferent methodologies are used to find feasible paths (see [9] for an overview). Some



34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

A Real-Time Path-Planning Algorithm based on Receding Horizon Techniques 3

recent path-planning algorithms can be found in [I0HI2]. In [I0] Saska et al. in-
troduce a technique that integrates a spline-planning mechanism with a receding
horizon control algorithm. This approach makes it possible to achieve a good per-
formance in multi-robot systems. In [II] an offline path-planning algorithm for
UAVs in complex terrain is presented. The authors propose an algorithm which
can be divided into two steps: firstly a probabilistic method is applied for local ob-
stacle avoidance and secondly a heuristic search algorithm is used to plan a global
trajectory. In [I2] Zhang et al. present a guidance principle for the path-following
control of underactuated ships. They propose to split the path into regular straight
lines and smooth arcs, using a virtual guidance ship to obtain the control input
references that the real ship should have in order to follow the computed path. As
it can be seen, there are many methods to obtain feasible paths for UVs; however,
most of them do not consider the dynamics of the UV that should follow the path.

In their recent review article [I3], Yang et al. have surveyed different path-
planning algorithms. The authors discuss the fundamentals of the most successful
robot 3D path-planning algorithms that have been developed in recent years. They
mainly analyze algorithms that can be implemented in aerial robots, ground robots
and underwater robots. They classify the different algorithms into five categories:
i) sampling based algorithms, ii) node based algorithms, iii) mathematical model
based algorithms (which include optimal control and receding horizon strategies),
iv) bioinspired algorithms, and v) multifusion based algorithms. From these, only
mathematical model based algorithms are able to incorporate in a simple way
both the environment (kinematic constraints) and the vehicle dynamics in the
path-planning process. Recently, in [I4] Hehn and D’Andrea introduced a trajec-

tory generation algorithm that can compute flight trajectories for quadcopters.
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The proposed algorithm computes three separate translational trajectories (one
for each degree of freedom) and guarantees the individual feasibility of these tra-
jectories by deriving decoupled constraints through approximations. The authors
do consider the quadcopter dynamics when they compute the flight trajectories
but their proposed technique is not a general one (it can not be used with ground
vehicles, for example). Even though the feasibility is guaranteed for each separate
trajectory, the resulting vehicle trajectory might not be necessarily feasible (e.g.,
when perturbations are present). In [I5] the authors present three conventional
holonomic trajectory generation algorithms (flatness, polynomial and symmetric)
for ground vehicles subject to constraints on their steering angle. In order to sat-
isfy this constraint, they propose to lengthen the distance from the initial position
to the final position until the constraint is satisfied. This process might be tedious
and it may not be applicable in dynamic environments. Besides, it can only be
used with ground vehicles and it can only handle steering constraints violations.
Motivated by the advent of new autonomous vehicles that encompass a broad
range of mission capabilities, a suitable path-planning algorithm should be prac-
ticable and tailored to various UVs when executed in dynamical environments.
Therefore, a challenging idea for path-planning is to develop an algorithm capable
of handling dynamical environments and UVs that have different characteristics
with regard to kinematic properties and maneuverability. For example, an au-
tonomous rotary-wing vehicle is able to stop and make quick turns on a spot. On
the contrary, an autonomous fixed-wing aircraft has to maintain a minimal flight
velocity and can not turn at a large angle instantaneously. If a path obtained
from a planning algorithm demands many agile or abrupt maneuvers, it would be

difficult or even completely impossible to track. Consequently, it is inadequate in
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practice for a planning algorithm to only aim at an invariable model of steady
maneuver.
In this article a unified framework to design an online path-planning algorithm

is presented. The proposed strategy can be summarized in Fig.[I} Using a simplified

. . N R)
Particle Vehicle b Ui Pk uv
ﬁkﬁk Xk U) uz
W vi 05 5 Xs
—>| Path-Planning ke ke Ok Guidance [<="

Fig. 1 Scheme of the path-planning & guidance system

particle vehicle (PV) model, which is configured to have similar characteristics
(states and inputs constraints) to the UV, the path-planning module computes
the velocity vector vj, (magnitude v, and angles 6; and ;) in order to find the
shortest feasible path towards the nearest waypoint w;. The vector v, is in fact
the velocity vector that the UV should have in order to achieve w;. Thus, using
this velocity vector and other possible setpoints xsp, the guidance module is able
to compute the inputs (actuator positions and motors speeds) that the UV should
have so as to move towards w;. In this article, we mainly focus on the design of
the path-planning module. We propose to design this module using the iterated
robust NMPC technique presented in [16] as it uses a successive linearization
method which allows us to use analytic tools to evaluate stability, robustness and
convergence issues. Besides, it allows us to use quadratic program (QP) solvers
and to easily take into account dynamic and physical constraints of the UV at the

path-planning stage in order to obtain feasible paths.
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6 M.Murillo et al.

The main contribution of this paper are: i) the proposal of a general algorithm
for path-planning that can be used with any kind of UV, ii) the inclusion of
the dynamics and constraints of the UV in the path-planning problem, iii) the
guarantee of feasibility of the computed optimal path, iv) the inclusion of static
and dynamic obstacles into the path planning problem, and v) the decentralization

of the path-planning problem for multiple vehicles.

The organization of this article is as follows: in section [2] the 2D and 3D PV
models are presented. In section [3] the path-planning problem is introduced. In
section [4] three simulation examples are outlined. Finally, in section [f] conclusions

are presented.

2 Non-linear Particle Vehicle Model

In this work we propose to use a PV model to obtain feasible and optimal paths
for UVs. This section is devoted to obtain such a model for both the 2D and 3D
cases. First, we provide a more general approach about systems representation and

then we particularize it for the case of 2D and 3D PV models.

The general representation of the dynamics of an arbitrary non-linear system

is given by

x(t) = f(x(t),u(t),d(t)), (1)

where x(t) € X CR", u(t) € Y C R™ and d(t) € D C RY are the model state,

input and disturbance vectors, respectively; X, i and D are the state, input and
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disturbance constraint sets; f(-) is a continuous and twice differentiable vector
function that depends on the system being modeledﬂ
To obtain the PV models, we use the 2D and 3D schemes shown in Fig. 2]

Using these schemes, we propose to use the following state vector to model the 2D

(a) 2D

Fig. 2 Schemes of the proposed PV models

PV

1" (2)

X = [z, y, v

where x and y denote the PV position coordinates and v is the modulus of the PV

velocity vector. We define the control input vector as
T
u= ["/’7 T] ’ (3)
where 1 and T denote the yaw angle and the thrust force, respectively. Conse-
quently, the 2D dynamics of the proposed PV model can be obtained as

vcosy + dg
X:f(xvuvd): vsin¢+dy ) (4)

—71v+ KT

1 To simplify the notation, from now on we will omit the time dependence, i.e. X(t) = %,

x(t) =x,u(t) =uand d(t) =d
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8 M.Murillo et al.

where d; and dy are the xy components of d, the damping constant 7 determines
the rate of change of the PV velocity and « is a constant proportional to the thrust
force T.

To model the 3D PV we just have to include the altitude dependence. Using

the scheme presented in Fig. the state vector is chosen as

x = [z, y, 2, U}T, (5)

where z, y and z denote the PV position coordinates and v is the modulus of the

PV velocity vector. The control input vector is then defined as
u=0,v, 7", (6)

where 6, ¢ and T denote, respectively, the pitch angle, the yaw angle and the
thrust force. Then, the 3D dynamics of the PV model can be described by the

following first order differential equation system:

vcosfcosy + dg

v cosfsiny + dy
x = f(x,u,d) = , (7)

vsind + d,

—Tv+ KT
where dz, dy and d. are the zyz components of d. As it can be seen, if the pitch
angle 6 is zero, then is reduced to .

One important thing we would like to mention about the proposed PV models is
that in the last equation of and the basic dynamics of the UV is included.
This is very advantageous as physical systems do not have the ability to make

instant changes in their dynamics. So, by including this last equation in the PV

models we ensure that if this model is used in the path-planning module, then
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A Real-Time Path-Planning Algorithm based on Receding Horizon Techniques 9

the path will be computed reflecting the UV basic dynamics, and consequently
guaranteeing the feasibility of the path. Generally, the UV dynamics is not taken
into account in path-planning algorithms because they use impulsional models

[12, [I7], which can lead to unfeasible paths for a UV.

3 The Path-Planning Problem

Given a target position or waypoint w; the path-planning problem consists in
finding a path that connects the initial state vector x(¢p) and each consecutive
waypoint wﬂ where the subscript i = 1,2,--- , M indicates the waypoint number.
In this article we propose to find the path that is not only the shortest one but
also a feasible one, i.e. the shortest path that also takes into account the dynam-
ics and physical constraints of the UV that should follow the path. To find the
shortest path we only have to measure the distance between the current position
of the PV and the desired waypoint, and then minimize it. But as we also want
the path to be feasible, we have to include the dynamics and constraints in the
minimization problem. This may be done, for example, using a receding horizon
technique, since the distance can be embedded in the cost function and the dy-
namics and constraints in the constrained minimization. Here, we propose to use
the NMPC technique presented in [I6] to control the velocity vector (modulus and
direction) of the PV model. By controlling this vector the position of the PV is
actually determined, thus defining the desired path towards the waypoint. The

main advantage of using this technique (unlike the one used in [I2], for example)

2 For the 2D case w; is defined as w; = [wi,, Wiy, s wiv}T and for the 3D case w; =
[wiy,, Wiy, Wi, wi, )T wiy, w;,, and w;, denote the xyz coordinates of waypoint w; and w;,

defines the speed that the PV should have when w; is reached.
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is that, as the dynamics and constraints of the UV that should follow the path
can be taken into account in the minimization problem, then the resulting path is

guaranteed to be feasible.

In Fig. [3| a scheme of the proposed methodology is shown. Under the assump-

(c) Condition for t =t (d) Condition for t = tj,

Fig. 3 Computing a path between x(to) and wy

tion that the control inputs of the PV have a limited rate of change, this figure
shows how the path towards a single waypoint w; is obtained. As can be seen in
Figs. [Bbl and [3d, the PV starts moving towards w1. To do this, we propose to use

the algorithm [16] to minimize the euclidean distance (dist(x(¢;), w;)) between the
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current position of the PV and the desired waypoint. As a result, the optimal yaw
angle and thrust force are computed and the velocity vector modifies its direction
and modulus in order to reach the desired target in a feasible way. The path we
were looking for turns out to be the path that the PV has described in order to
go from the starting configuration to the desired one (see Fig. [3d).

Also, it could happen that a path that connects the initial position and several
waypoints is required. This situation is illustrated in Fig. [4] for the case of two
Waypointsﬂ As shown in Fig. the PV is configured with an initial condition
x(to), u(to) and the path should pass first through the waypoint wi and then
through the waypoint wa. To obtain this path, two sub-paths are considered: one
joining the initial configuration with w; and the other joining wi with ws. The
first sub-path is obtained in a similar way as we have done in Fig. |3l Once w;
has been reached, the second sub-path can be computed. To do this, the desired
target is changed from w; to wo and the minimization of the distance between the
current position of the PV and wy is performed. As a result, the PV starts moving
again and its velocity vector is recalculated in order to move the PV towards wa
(see Figs. and . The full computed path can be seen in Fig. As it is
shown, it has been obtained by joining both sub-paths together.

As was mentioned before, we propose to modify the direction and modulus of
the velocity vector of the PV using the control technique described in [16]. To use
this control technique, first we need to transform the non-linear model into an

equivalent discrete linear time-varying (LTV) one of the form

Kiy 1)k = ApeRnje + Bug W + Bay o s (8)

3 Note that if there are more than two waypoints, the procedure to compute the path is

similar as the one presented here.
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x(t

207

x(t,), u(t,) ’ *(t,)
(a) Condition for t = tj,
Ly a

/" e, '/"
H "}.,E___@’GZMJ,u(tw) {
! ?Jl h

%(t,) z *(t,)

(c) Condition for t =ty (d) Full computed path
Fig. 4 Computing a path between x(t9) and wz passing through w;
206  where

~ _ r ~ _ r 3 _ T
Xk = Xg[k — Xk Ug|k = Ugp — U and  dyp = dgp — dy)p-

00 ries, and Ak, Buye and Bdk‘ . are the discrete matrices of the linearized version

20 of . Receding horizon techniques use a cost function of the form

N-1
J(k) = Z L5 (X ik Wrpgik) T LN Xy M)
=0

211

dy g § =0,

,N — 1 is a given or estimated perturbation

(9)

208 XZ\k’ uzl  and d;l "EI define the linearization state, input and disturbance trajecto-

(10)
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where £;(-,-) is the stage cost and Lx(-,-) stands for the terminal cost. Gener-
ally, in receding horizon algorithms both the stage cost and the terminal cost are

adopted as follows:

1
L%kt ik W gik) = X5 — Willg,,, + ||Auk+j|k||1r3{k‘k (11)

and
!
Ly (Xpinik) = Xpg e — Willpy s (12)

where Qp ., Ry, Py p are positive definite matrices; Py, is the terminal weight
matrix that is chosen so as to satisfy the Lyapunov equation. Superscripts [ and p
are even positive numbers and in general are adopted as | = p = 2. \|()|\§ stands
for the a-weighted f-norm and Auy i = Weyjjk — Wgqj—1)k- Lhen, in terms

of the LTV system and according to [16], we propose to solve the following

optimization problem:

min 7 (k)
UreU
Xptjlk = AgpXg)k T Bre kg
) . (13)
Xk|k = Xklk — Xk|k>
st.
U = Uk — Wy
T (k) < Jo(k).
where
. L . T
U: [Okks Qg Qg N—1]k) (14)

is the control input sequence and Jy(k) denotes the cost function evaluated for

the initial solution UY = (W h—1s W11, " ,u;HN_Q‘k_l,O]T at iteration k.

5 Hereinafter we use bold capital fonts to denote complete sequences computed for k, k +

1, k+N—1.
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The last inequality in defines the contractive constraint that guarantees the
convergence of the iterative solution and defines an upper bound for J(k) (for a
detailed explanation about this contractive constraint, please refer to [16]).

In this work, we propose to split the optimization problem into two dif-
ferent ones. When the current position of the PV is far away from the desired
waypoint (that is to say when disﬂxk‘k, w;) > r) we use the standard quadratic
objective function, i.e. we set = 2 and p = 2D Instead, when the current position
of the PV is sufficiently close to the desired waypoint (say dist(x, w;) < r) we

adopt a higher order objective function, i.e we set | =4 and p = 2.

Remark 1 Note that with the selected values of [ and p both optimization problems

are convex, thus not affecting the optimality, feasibility and stability of the system.

The main idea behind changing the order of the optimization problem can be
explained looking at Fig. 5| This figure shows how the one dimensional (1D) cost

function

e(e) = (ﬂ)l (15)

r
changes its shape as the parameter [ is varied. As it can be seen, when we are

sufficiently close to the desired waypoint, as [ gets bigger the derivative of the cost

6 dist(a,b) is a function that computes the euclidean distance between a and b. r is the
radius of a circumference (2D case) or a sphere (3D case) centred at w; that defines the zone
in which we consider that we are close enough to the waypoint and proceed to follow the next

one.

7 Note that with [ = 2 the position error for both the stage cost and the terminal cost
are the square of the distance between the current position and the desired one, which is the
quantity we want to minimize. p = 2 was selected in order to obtain a quadratic function for
input variations. Also, with the proposed superscripts selection, the cost function can be seen

as a measure of the energy expended in the path-planning process.
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Fig. 5 One dimensional cost function

xu6s  function around e = w; £ r is very sharp. This effect can be used to force the PV
7 to reach the desired waypoint faster than if the conventional quadratic function
28

249

(I = 2) is used. For the multi-dimensional case, the effect of varying [ is similar as

the one described for the 1D case. We have discussed the 1D case because it can
250

be visualized graphically.

251 The proposed path-planning algorithm can be described as follows: first, the
252 non-linear system is transformed into a LTV system by means of successive lin-
23 earizations along pre-defined state-space trajectories. Then, the distance between
24 the current position of the PV and the desired waypoint is measured. If the PV is
x5 close enough to the target, then the higher order optimization problem is adopted
26 to force the PV to reach the waypoint faster than if the conventional optimization
257 problem is used. The proposed constrained minimization problem is solved and
s the optimal control input sequence (orientation angles and thrust force) is then
250
260

obtained. The minimization process is repeated until the control input sequence

converges. Finally, the computed optimal inputs are applied to the PV and the
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path-planning process is reinitialized. In Algorithm [I} the proposed path-planning

algorithm is summarized.

Remark 2 Note that the change in the objective function does not affect the con-
vergence and stability because J (k) < Jo(k) guarantees these properties for time-

variant objective functions [16].

Remark 8 If multiple vehicles are considered in the path-planning procedure, the
proposed algorithm can be used in a decentralized manner because the couplings
between vehicles can be embedded into the objective function and the constraints

of the minimization problem [I8].

4 Simulation Examples

In this section several simulation examples are shown. Using the PV model we
solve the optimization problem to find 2D feasible and optimal paths. The
extension to the 3D case is straightforward, we only need to use the PV model
instead of .

For all the simulation examples we assumed that there are no disturbances
(dijx = 0) and that the PV has the initial state vector xo = [0, 0, 0]7 and the
initial input vector is ug = [7/2, O]T. The PV model is discretized using a sampling
rate Ts = 0.1s and the horizon N was set to N = 8. The input weight matrix is
chosen as Ry, = diag([0.1, 0.1]). The PV constraints are configured as follows:
0 <7 <2(N), —0.087 < Ay < 0.087 (rad/s), -1 < AT < 1(N/s) and 0 < v <
2(m/s). ¢, z and y are unconstrained. Both constants of the PV model are set as

7=2(1/s) and k = 2(1/kg). As we are interested in having the computed path
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Algorithm 1: The Path-planning algorithm

Require: The initial condition x|, the iteration index ¢ = 0 and the PV models or
1: Obtain the LTV system [Apg, By|x] and the matrices sz’ R}
2:

3:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

21:

if dist(xy|x, W) > r then
<2

p<+2

: else

I+ 4

p<+2

: end if

: Compute the optimal control input sequence fJZ’q solving 1l

Update UZ"Z — U;’ﬁc + I:TZ‘%
if [Up? - Up?™| < then
oo
U « U
k+—k+1
g+ 0
else
ggq+1
Update Uf = Up?™"
Go back to line 2
end if
Apply ugp = uz‘k to the system

Go back to line 1

q
k and Pk

[k*

pass sufficiently close to the waypoints, but not exactly through them, we define

a circular area centered at each waypoint. If the path passes through this area,

then we consider that the corresponding waypoint has been reached. For all the

waypoints we set this area to a disk with a radius of r = 0.4 (m).
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In examples 1 and 2 we assume that the computed path should pass sufficiently

close to the following three waypointsﬂ

w1 = [-10, 0, 1],
wo = [3, 8, 1]7, (16)

w3 = [-2, -5, 0]7.
For these examples, the weight matrices are adopted as follows:

1. Between the initial position x¢ and the first waypoint wi, the state weight
matrix is adopted as Qy;, = diag([10, 10, 10]).

2. Between the waypoints w1 and wz, we adopt Qy;, = diag([10, 10, 100]).

3. Between the waypoints wy and w3, the weight matrix is adopted as Qg =

diag([10, 10, 100]).

In example 3 we assume that the computed path should pass sufficiently close

to the following waypoint:

w1 = [10, 8, 0]7. (17)

For this example, the weight matrix is adopted as Qy;, = diag([10, 10, 10]).

At this point it is worth mentioning that with the proposed approach all the
examples could be run in real-time, as the optimization loop was solved in a max-
imum time of approximately 30 (ms) in a desktop PC (i7-2600K CPU@3.40GHz,
32GB RAM). All the examples were programmed using Python and CasADi [19]
and were not optimized in any way. Since CasADi has C++ interfaces, we think

that there is still room for improvement.

8 As the simulation examples are performed for the 2D case, the components of the following

waypoints denote, respectively, z-coordinate, y-coordinate and speed.
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4.1 Example 1

In this example we use the PV model to compute a feasible and optimal path
that passes sufficiently close to the waypoints w; (i = 1,2, 3) defined in . We
consider two cases: i) There are no obstacles between the waypoints, and ii) There
are two circular obstacles of radii ro, = 7o, = 1 (m) and centers co, = [—4, 7]T (m)
and co, = [4, 4] (m). In the first case, the computed path only has to satisfy the
constraints imposed by the dynamics of the PV. In the second one, the computed
path not only has to satisfy the PV constraints but it also has to avoid colliding

with the two predefined obstacles. The results are shown in Fig. @ As can be seen,
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Fig. 6 Computed paths using the path-planning algorithm

in both cases the PV starts from x¢ with a velocity vector vo. When there are
no obstacles (Fig. @, the resulting path is smooth and it satisfies the PV state
and input constraints. Moreover, the PV passes successfully through the three
desired waypoints. When the two circular obstacles are present (Fig. the path

is similar to that obtained in the previous case but in this situation the computed
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path avoids collision with both obstacles. With the proposed methodology, adding

the obstacles is just as simple as adding constraints of the form
(x = coy, )2 +(y— Coj,, )2 2To (18)

to the optimization problem (13), where ¢,,, and Co;, denote the z and y compo-
nents of the vector c,,. Since the obstacles are added as constraints to (13]), their
detection and avoidance is straightforward, because the solution of the optimiza-

tion problem already takes into account the presence of these static obstacles.

Remark 4 Note that any obstacle can be circumscribed within a circle (2D) or a

sphere (3D), thus any shape of obstacle can be considered.

Fig. [7] shows the evolution of the velocity modulus and the yaw angle of the
PV for both situations, without obstacles (Fig. and with them (Fig. .
Both figures are similar, the major difference that they exhibit can be observed
approximately between ¢ = 21 (s) and ¢ = 23 (s). At this time the PV has reached
the waypoint wa and it is moving towards ws. When the PV detects the presence
of the obstacle centered at co, it must reduce its velocity and modify its yaw angle
in order to avoid colliding with the obstacle. Once the obstacle is avoided, the PV

accelerates again and reaches the final target ws.

4.2 Example 2

For the second simulation example, we consider that the PV should pass sufficiently
close to waypoints w; (i = 1,2,3) and that there are three obstacles: the previous
two mentioned in example 1, and a third one that appears suddenly at ¢t = 2.5 (s).

The latter obstacle is also circular and it is located at co, = [=6, 27 (m) with
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Fig. 7 Evolution of velocity modulus and orientation angle

radius ro, = 1.5(m). The results are shown in Fig. |8} As observed in Fig.
when the PV starts moving only two fixed obstacles are present. At t = 2.5 (s)
(see Fig. a new circular obstacle appears in the way of the PV. If the PV does
not change the direction of its velocity vector v, then it will collide with this new
obstacle. Fortunately, we are computing the path in an online manner, so, as it
is shown in Fig. the PV can detect the new obstacle and the direction of the
velocity vector is automatically changed. In Fig. the resulting path is depicted,
which is smooth and it satisfies not only the PV constraints but also avoids the
two static obstacles and the appearing one. The evolution of the velocity modulus
and the yaw angle is depicted in Fig.[9] As can be observed, a peak appears in the
yaw angle curve between ¢ = 2.5 (s) and ¢ = 4.5 (s). This occurs because the PV
needs to modify its yaw angle from ¢ = 180 (deg) up to ¢ = 220 (deg) in order to
change its direction and, consequently, avoid colliding with the new obstacle. The

evolution of the velocity modulus is similar to that presented in Fig.

Angle ¢ (deg)
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Fig. 8 Generation of a feasible path with two fixed obstacles and one appearing

at t = 2.5(s)

4.3 Example 3

In this example we explore the problem of computing a feasible path in a follower
condition without obstacles. We assume that we have two particle vehicles: PV,
with initial condition x¢, = [0, 0, 0]7 and ug, = [7/2, 0]7, and PV (the follower)
whose initial condition is xo, = [=5, 5, 0]7 and ug, = [-7/2, 0]T. To perform this

simulation example, we configured two NMPC controllers: one for PV; and the
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Fig. 9 Evolution of velocity modulus and orientation angle

other for PV3. The configuration of the NMPC parameters for both controllers
was done as described in the beginning of Section [d] except that we have let PV

to increment its speed up to 4 (m/s).

In this example, we consider that PV; has to reach the waypoint and
PV, has to reach PV, i.e. its target is the current position of PV;. The results
obtained are shown in Fig. As can be seen in Fig. at t = 1.5(s) the PV,
(rounded) starts moving towards wi while the PV3 (squared) modifies its velocity
vector in order to move towards PVy. At ¢t = 3(s) (Fig. [10b)), the PV is located
behind the PV;. When t = 4.5 (s) the PV3 has almost reached the PV, and they
both move towards w1, as depicted in Fig.|[10c| Finally, as shown in Fig. when
t =10 (s) the PV; reaches PV; and they both reach the desired target w. Figure
compares the velocities (Fig. and the yaw angles (Fig. of both PV,
and PVs. As it can be seen from Fig. the PV3 increments its speed up to its
maximum value (4m/s) in order to follow as quick as possible the PV;. Once the
follower is close to PVy, both velocities profiles are similar. In Fig. it can be

seen how both yaw angles are modified. At ¢ = 3 (s) both 1 and 12 have similar
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Fig. 10 Generation of a feasible path in a follower condition without obstacles

values, meaning that the velocity vectors of PV, and PVy are aligned with each

other and consequently, PV reaches the desired waypoint and the PV reaches

PV;.

In this example we have computed a feasible path in a follower problem. If

instead of following the moving object we configure PVy to move away from PV,

then the proposed approach can be easily extended to be used with moving ob-

stacles.
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Fig. 11 Evolution of the velocity modulus and orientation angles of both PVs

without obstacles

4.4 Example 4

In this example we explore the problem of computing a feasible path while
following it with a Huskyﬂ UGV simulated in Gazebﬂ simulator. The math-
ematical model used to solve the guidance of the Husky UGV is given by the

following equation

v, COS Yp,

X = f(X7 u) = | vpsiney, | - (19)

Wh
where x = [wh,yh,wh]T is the state vector, z;, and y; denote the robot position
and 1, denotes its yaw angle. The control input vector u = [v;,,wh]T includes the

linear and angular velocities v;, and wy,, respectively. It should be noticed that

the model used to control the Husky is different from the plant, which is

9 https://www.clearpathrobotics.com /husky-unmanned-ground-vehicle-robot/

10 http://gazebosim.org/
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a complex model simulated by Gazebo. We assume that both the PV and the
Husky UGV have the same initial position but they differ in its initial orientation
angle. The PV has its velocity vector pointing upwards (¢ = 90 (deg)) while the
Husky velocity vector points to the east side (i, = 0(deg)). As it can be seen in
Fig. [12| the Husky model is able to follow the computed path successfully. This is
mainly due to the fact that the navigation algorithm generates a trajectory that

is feasible and takes into account the dynamic constraints of the UGV. Fig.

6
w
5F 2
ak t=15 (s)
E
>3}
c 3 t=12.5 (s)
o
o}
3
2f
1k
— = computed path
of 0 Husky position

-4 2 0 2 4
Position x (m)

Fig. 12 Path-following with a Husky UGV

shows that when ¢ = 0 (s), the Husky turns left in order to move towards waypoint
w1 = [—4, 2, 0.5]7. Once it is reached, the Husky UGV turns right in order to move
in a straight line towards waypoint wo = [5, 5, O]T. As the path was computed
taking into account a circular obstacle which is located at c, = [1, 4.5]7 (m) with
radius ro = 1 (m), it can be seen that the UGV performs the obstacle avoidance

maneuver at approximately ¢ = 10 (s) without any difficulty. After that, it moves
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towards waypoint wo in almost a straight line. It should be emphasized that as
the resulting path is smooth and feasible, the Husky is able to follow it without
major difficulties. In Fig. it is shown the zy-position errors e, = = — xj, and
ey = Y — Yp, respectively, in the path-following maneuver. It can be seen that at
approximately ¢ = 1(s) both errors tend to increase. This is due to the fact that
the orientation of the Husky is different from the orientation of the PV. This was
done on purpose in order to show that despite both yaw angles were different, the
Husky is able to follow quite well the computed path. Then, for approximately

t > 2.5(s) the position errors tend to decrease and are very close to 0.
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Fig. 13 Husky control inputs and path-following errors

5 Conclusions

In this article we have presented an online path-planning algorithm that can be
used to guide any kind of unmanned vehicle towards desired targets. The pro-

posed algorithm handles the problem of finding the optimal path towards desired
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waypoints, while taking into account the kinematic, the dynamic and constraint of
the vehicle. We used a simplified particle vehicle model and the iterated non-linear
model predictive control technique to control the velocity vector of this particle
vehicle model. By controlling this vector we have actually determined the path
that the particle vehicle model should take in order to reach the targets. We have
also exploited the use of a higher order cost function in the optimization problem.
Because we have used the iterated NMPC algorithm [I6], optimality, stability and
feasibility can be guaranteed. The performance and capabilities of the proposed
path-planning algorithm were demonstrated through several simulation examples.
The path-following capabilities were explored using a Husky UGV to follow a

feasible path. All the simulation examples were performed successfully.

Acknowledgements The authors wish to thank the Universidad Nacional de Litoral (with
CAI+D Jéven 500 201501 00050 LI and CAI4D 504 201501 00098 LI), the Agencia Nacional
de Promocién Clientifica y Tecnoldgica (with PICT 2016-0651) and the Consejo Nacional de

Investigaciones Cientificas y Técnicas (CONICET) from Argentina, for their support.

References

1. P. Doherty and P. Rudol, “A uav search and rescue scenario with human body

detection and geolocalization,”

Lecture Notes in Computer Science, pp. 1-13,
2007.
2. G. E. Dewi Jones & Tan Golightly, Jonathan Roberts & Kane Usher, “Power

line inspection-a UAV concept,” in IEFE Forum on Autonomous Systems,

no. November, pp. 2-7, 2005.



444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

A Real-Time Path-Planning Algorithm based on Receding Horizon Techniques 29

3.

10.

11.

12.

C. Zhang and J. Kovacs, “The application of small unmanned aerial systems

for precision agriculture: a review,” 2012.

. S. M. Adams, M. L. Levitan, and C. J. Friedland, High Resolution Imagery

Collection Utilizing Unmanned Aerial Vehicles (UAVs) for Post-Disaster Studies,
ch. 67, pp. 777-793. American Society of Civil Engineers, 2013.

A. Bouhraoua, N. Merah, M. AlDajani, and M. ElShafei, “Design and imple-
mentation of an unmanned ground vehicle for security applications,” in 7th
International Symposium on Mechatronics and its Applications (ISMA), pp. 1-6,

April 2010.

. M. YAGIMLI and H. S. Varol, “Mine detecting gps-based unmanned ground

vehicle,” in jth International Conference on Recent Advances in Space Technolo-
gies, pp- 303-306, 2009.

United States Air Force, “Unmanned aircraft systems flight plan 2009-2047,”
Headquarters Department of the Air Force, Washington DC, 2009.
Weatherington, Dyke and Deputy, U, “Unmanned aircraft systems roadmap,
2005-2030,” UAV Planning Task Force, OUSD (AT&L), 2005.

S. M. LaValle, Planning algorithms. Cambridge university press, 2006.

M. Saska, V. Spurn, and V. Vonsek, “Predictive control and stabilization of
nonholonomic formations with integrated spline-path planning,” Robotics and
Autonomous Systems, 2015.

Q. Xue, P. Cheng, and N. Cheng, “Offline path planning and online replanning
of uavs in complex terrain,” in Proceedings of 2014 IEEE Chinese Guidance,
Navigation and Control Conference, pp. 2287-2292, 2014.

G. Zhang and X. Zhang, “A novel DVS guidance principle and robust adap-

tive path-following control for underactuated ships using low frequency gain-



469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

485

486

487

488

489

30

M.Murillo et al.

13.

14.

15.

16.

17.

18.

19.

learning,” ISA Transactions, vol. 56, pp. 75 — 85, 2015.

Yang, Liang and Qi, Juntong and Song, Dalei and Xiao, Jizhong and Han,
Jianda and Xia, Yong, “Survey of Robot 3D Path Planning Algorithms,” Jour-
nal of Control Science and Engineering, vol. 2016, 2016.

M. Hehn and R. D’Andrea, “Real-time trajectory generation for quadro-
copters,” IEEE Transactions on Robotics, vol. 31, no. 4, pp. 877-892, 2015.
Minh, Vu Trieu and Pumwa, John, “Feasible path planning for autonomous
vehicles,” Mathematical Problems in Engineering, vol. 2014, 2014.

M. Murillo, G. Snchez, and L. Giovanini, “Iterated non-linear model predictive
control based on tubes and contractive constraints,” ISA Transactions, vol. 62,
pp. 120 — 128, 2016.

F. Gavilan, R. Vazquez, and E. F. Camacho, “An iterative model predictive
control algorithm for uav guidance,” IEEE Transactions on Aerospace and Elec-
tronic Systems, vol. 51, no. 3, pp. 24062419, 2015.

G. Sanchez, A. Limache, L. Giovanini, and M. Murillo, “Distributed model pre-
dictive control based on dynamic games,” in Advanced Model Predictive Control
(T. Zheng, ed.), ch. 4, pp. 65-90, InTech, 7 2011.

Joel Andersson, A General-Purpose Software Framework for Dynamic Optimiza-
tion. PhD thesis, Arenberg Doctoral School, KU Leuven, Department of
Electrical Engineering (ESAT/SCD) and Optimization in Engineering Cen-

ter, Kasteelpark Arenberg 10, 3001-Heverlee, Belgium, October 2013.



490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

A Real-Time Path-Planning Algorithm based on Receding Horizon Techniques 31

M. Murillo received the Ph.D degree in Engineering Science, computational intel-
ligence, signals and systems mention from Universidad Nacional del Litoral (Ar-
gentina) in 2015. She is currently a post-doctoral student in the Instituto de In-
vestigacin en Seniales, Sistemas e Inteligencia Computacional (Research Institute for
Signals, Systems and Computational Intelligence) at the Facultad de Ingenieria
y Ciencias Hidricas, Universidad Nacional del Litoral (Argentina). Her research
interests include nonlinear control theory and its applications to aerial vehicles

simulation, navigation and control.

Guido Sanchez received the Ph.D degree in Engineering Science, computational
intelligence, signals and systems mention from Universidad Nacional del Litoral
(Argentina) in 2017. He is currently a post-doctoral student in the Instituto de In-
vestigacin en Sefiales, Sistemas e Inteligencia Computacional (Research Institute for
Signals, Systems and Computational Intelligence) at the Facultad de Ingenieria
y Ciencias Hidricas, Universidad Nacional del Litoral (Argentina). His research
interests include estimation and control of dynamical systems, multi-agent coop-

erative control and navigation and control of mobile robots.

Lucas Genzelis received the BSc degree in Informatics Engineering from Univer-
sidad Nacional del Litoral (Argentina) in 2015. He is currently a Ph.D. student
at the Instituto de Investigacin en Senales, Sistemas e Inteligencia Computacional
(Research Institute for Signals, Systems and Computational Intelligence) at the

Facultad de Ingenieria y Ciencias Hidricas, Universidad Nacional del Litoral (Ar-



511

512

513

514

515

516

518

519

520

521

522

523

32 M.Murillo et al.

gentina). His research interests are mainly focused on autonomous navigation of

flying vehicles and on identification of dynamical systems.

Leonardo Giovanini received the Ph.D. degree in Engineering Science from Uni-
versidad Nacional del Litoral (Argentina) in 2000. He was Senior Research Fellow
and Technical Manager of the Industrial Control Center, University of Strathclyde
(United Kingdom), from 2001 until 2007. In 2008 he joined to the Instituto de In-
vestigacin en Sefiales, Sistemas e Inteligencia Computacional (Research Institute for
Signals, Systems and Computational Intelligence), at the Universidad Nacional del
Litoral, and the National Council of Technological and Scientific Research (CON-
ICET). His research interests are mainly related to robust and nonlinear control
theory including robust adaptive control, model predictive control and modelling
and analysis of multi-agent systems. Application fields are robotics, autonomous

vehicles and multi-agent systems.



path-following video .m4v

Click here to access/download

Video File
path_planning_husky_gazebo_video.m4v


http://www.editorialmanager.com/jint/download.aspx?id=169332&guid=03228f1c-0000-4a28-b74c-db1cb89b47c6&scheme=1

path-following video .ogv

Click here to access/download

Video File
path_planning_husky_gazebo_video.ogv


http://www.editorialmanager.com/jint/download.aspx?id=169373&guid=d6e87e14-1985-48ea-8ef9-1aea8c3424c6&scheme=1

