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Abstrci— I the following articl " il
{MPC) Is presented #  teaching and learning tool, to test e
tracking of different Gight paths in a safeway in unmanned acrial
vehickes {UAV). This MPCis based on the Knematic model of the
UAV and performs the function of minimizing control errors,
restricting  control  actiens, Inoessing  system  efficlency,
maintaining stable Might operation and extending rotor lite by

different advanced control algerithms to analyze the behavierof
the system against a specific task

Advanced control al gorithms are automatic control strate gies
that analyze the behavior of MIMO systems {multiple input -
multipke wlpul] time invariant systems, ameng others [12].
This type of comrollers are developed thwugh computer

restricting UAV input speeds. In addition, the T e
data obtained experimentally from Madah wﬂmmhu o the
I Assitant is carried out by simulating the fight path within the
virtual environment.

Keywonds — virmal e mironment nonfinear predictve comrol:
Kimematic madel; trac king; wnmanmed aerial vehicles,

I INTRODUCTION
Robotics is constantly evolving over time and with it comes
improved performance in the field of science and technobogy,
giving robots greaer asutonomy, intelligence and energy
efficiency [1]. The services provided by mobotics allow 1o
increase productivity, reduce flaws, failures and improve the
quality of processes, these services are in great demand net only
in the industrial sector, but also in the commercial, education-al,
medical and domestic sectors, among others (2] The basic
structure fhat makes up a wbot is given by mechanical systems,
actuators, sensors and control sysiems [3]. The types of robots
that exist can be classified: () meomhg I :Mr_,ﬂrm'.now in
mation contral,
on the fimetion in fe envirmment M lu!udl e ..‘M M
performed, squatic, termesnal and acrial [4]. Aerial rotots e
known as UAVs (unmanned aerial vehicles) (5] The diffenent
applications that UAVs can perform are: (1) search and browse
[6; i security and miliary applications [7); (i) forest fine
prevention, mapping and acrial photography [8]; (iv) agriculure
and geology [9], ameng ather fings. The wend in recent years
is 1o accomplishthe task in an efficientand safe way seadvanced
control algoritims are being developed. 1t is convenient 1o test
these advanced algerithms in sofiware that allews o safely
emulate the eperation of UAVs, for which vinual envisonments
are being used [10]
Virtual i ions of e,
andior mvlmmnmls created on compaters. m.- help with he
¥ fobjects. These an
be uneuad ® the aress oft (i) waching - leaming; and (i)
training |11]. There are own virtual simulators, such as the 1
Assistant, which allows 10 calibrate, simulate and obtain the
flight information of the UAV. In which you can implement

are in charge of i
m\d. evaluating the system's performance through simulations
[13). Among the best known advanced control smtegies are: {7/
expers conpol, that i the greatest exponent of this type of
controller s fuzzy contrel, which consists of the use of luzzy
alpebra in onder 1o mepresent 3 resemblance o human thought;
(i) robust contrd, this type of controller de-fines e
dics of the system regandless of the disturbances that
3 (i) adaptive comtrad, this type of controller is used in
time invariant sysiems; (v} newroval conpad, this type of
controller can be compared to the neural networks in the human
brain, consisting of a leaming stage and a recognition siage; (i)
mmm’ 1mnm.n’ this type of cmﬂm\ s lﬂld on the
Fa functional and iterion that
allows the adjustment of the control objectives; and, (v madel
based prediciive comred, this type of contol s based on the
future predictions of a system through its past actions [14-15].
However, it should be noted that predictive controllers have
been a relevant isue in the ficld of rescach and industry at
present [16-18].

The idea of model based pradictive control (MPC) is that in
wsing an explicit mathematical model, minimizing a target and
mawing in @ sliding horizon [19], MPC comtrol algorithms are
computationally developed 1o provide a fesponse 1o a control
action [20]. The elements that make up the MPC are: (1)
eyimizer, finds the best result in the performance of a task, also
eptimizes future contiol actions; ({1} cost fisvetian, s a psitive
function re lated to an associated cost that varies over the path of
the prediction horizon; (40} covstrzims are the limits within
which the sysiem evolves; and, (i) pmcess mockl, which
describes the behavier of the system and can be linear or
nonlincar [21-23]. Ulimaicly, e advances made in MPC
control have positioned it as one of the best controllers when it
comes 10 implementation in kinematic and/or dynamic systems
with bong sampling periods [24-28],

IL PROBLEM FORMULATION

The proposal of the article is #o impkment a mode] basd
ictive control algorithm (MPC) of an unmanned aesial
wehicle (UAV) for sutonomous trajectary tracking tasks. So it
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1. INTRODUCCION
1.2 PROBLEMATICA

SEGURIDAD
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* Monitoreo en Tiempo Real.

» Busqueda de objetivos en areas hostiles.

« Tareas que exigen realizar trabajos de amplia cobertura.

* Proporcionar estabilidad frente a perturbaciones externas.
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Entorno Real
Simulador 3D
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1. INTRODUCCION
1.4 OBJETIVO GENERAL

Proponer un algoritmo de control predictivo basado en el modelo no lineal de un

vehiculo aéreo no tripulado, para tareas de seguimiento de trayectoria de manera

autonoma.
Simulator 3D
Nonlinear Predictive Control
Reset
——Current Trajectory
[ lDesired Trajectory
Variable Input
Sample time  Stop time
0.1 30 6
Prediction Horizon (N)

5 —

E 4
Weighting Variables 1)
=

Delta (5) Lambda (A) © 2
N

0.6 0.4
0
Desired Trajectory
-4
xd 3*sin(2*t"piltf) 4

yd | 3*sin(4*t'piltf)

zd | 5*ones(1,length(t))

x axis [m] 4 -4 y axis [m]

Simulation Reconstrucciéon Fligth‘ Errors ‘ Control Action ‘ Time ‘ m
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1. INTRODUCCION
1.5 OBJETIVOS ESPECIFICOS

= Investigar en bases de datos cientificas las caracteristicas de movimiento de los
vehiculos aereos no tripulados, (UAV en sus siglas en ingles), con el proposito de
proponer algoritmos de control avanzado para el control autonomo del mismo.

=  Modelar las caracteristicas de movimiento de un UAV a fin de definir las
restricciones de control.

= Proponer un algoritmo de control predictivo basado en el modelo (MPC en sus
siglas en inglés) de un UAV, a fin de realizar tareas de seguimiento de trayectoria
de forma autonoma.

= Desarrollar un simulador 3D que permita implementar el algoritmo de control
MPC, con el fin de analizar el comportamiento de navegacion ante errores de
modelaje y perturbaciones externas.

= Evaluar experimentalmente el algoritmo de control MPC propuesto, a fin de
comprobar que los errores de control estéen en las cercanias de cero cuando el
tiempo tienda a infinito; es decir, que el algoritmo de control sea globalmente
uniformemente estable.

Qrsh=-
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2. MODELACION CINEMATICA
2.1 MoDELO CINEMATICO UAV

Donde:
(1):Sistema de Referencia Inercial.
(S): Sistema de Referencia Movil.

u,,u.,u :Velocidades lineales de desplazamiento.
- Velocidad angular

Modelo Cinematico

_Xs_ _cos(z//) ~sin(y) 0 0 uy
Cinematica Directa . :

- | Js | |sin(y) cos(y) 0 0Of upy
X = Uj €08 (y) —up sin (y) 2|7 o 0 10|,
. . DE MANERA
s = Uy sin () + up cos (y) BREEUZSENEY | 0 0 01w

< - — — el -

2o =Up

B =3()u() |

.
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3. DISENO DEL CONTROLADOR
3.1 ESQUEMA DE CONTROL - MPC

Funciéon de Coste Restricciones ‘
Trayectoria

| |
| |
| |
de Errores I |
Referencia Futuros | I Salida del Controlador
~ I |
n, A(k+1/k)s - u(k)
)@ : > Optimizador : l
' I | Entradas
- _l
Salidas u(k i|k) Futuras UAV
: +
Predichas h(k—l—l|k) p
Modelo Salidas Pasadas




3. DISENO DEL CONTROLADOR
3.2 ESTRUCTURA MPC EN ESPACIOS DE ESTADO

{h = f (h,u) _________________________ W Espacio de Estados
y =g(h)

________________ g Vector de estados del
h=[x Ys z5 s sistema

Vector de las

u= [”'s Umg Ung Ua)SJ """""""" @l variables de control
h(k+1) = (h(k)M(k)) ............... S Modelo Discretizado
y (k) =h(k)
J(K) - |:Xs CRACEAG Vector de salida del

sistema discretizado.




3. DISENO DEL CONTROLADOR
3.3 FUNCIONAL DE COSTE

[ F=xis (ki |k)H(22 + 3N g au(k+ —1|k)Hi—]
Donde:

k : periodo de muestreo.

N : horizonte de prediccion.

i : prediccion futura. Q>0
& : pondera los esfuerzos de los errores de control. P>0 POSITIVA
A . pondera los esfuerzos de las acciones de control.

Q : matriz definida positiva que pesa de los estados de control.

P : matriz definida positiva que pesa de las acciones de control.

( h
A(k+ilk)=h(k+ilk)—hy(k+i)
. J

( \ VARIACION DE
Au(k+ilk)=u(k+ilk)—u(k+i-1]k) VELOCIDADES DE
N ) MANIOBRABILIDAD

Ui SU(K)<U, RESTRICCIONES
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4. SIMULADOR 3D

4.1 DESARROLLO SOFTWARE

ETAPA1

CAD

ETAPA?2

MATLAB

[4 PredictiveModelControlGUI

Variable Input

Sample time  Stop time

L0 30

Prediction Horizon (N)

Weighting Variables

Delta(8)  Lambda (A)

Desired Trajectory
xd 2"sin(2°t"pilth)
yd 2*sin(4*t"piltf)

zd | 57ones(1,length(t))

0 0.
Reconstruccion Fligth

0.2 0.3 I 0.5 0.6 0.7 0.8 0.9
~ Errors | Control Action Time Exit
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4. SIMULADOR 3D
4.2 OPCIONES DEL SIMULADOR

4 PredictiveModelContrelGUI - ®

Simulator 3D

Nonlinear Predictive Control

= Current Trajectory
——Desired Trajectory

Variable Input

Sample time Stop time
01 30

»
¢

Prediction Horizon (N)
Weighting Variables
Delta (5) Lambda (A)

s

z axis [m]
N

Desired Trajectory

2*sin(2°t"piltf)

2*sin(4°t"piltf)

5*ones(1,length(t))

. Simulation | Reconstruccién Fligth m Control Action ’ Exit
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5. RESULTADOS
5.1 ERRORES DE CONTROL

ParaN=3, 6 =0.6 41 =04

— Gumeni Trajediory RN I o . CONTROL ERRORS
——Desired Trajectory i I I I ——error X
Variable Input 3 —crrory||
Sample time  Stop time _ 2 —errorzj |
- 01 40 JE}
Prediction Horizon (N) !
3 0or
% ¢ Weighting Variables A | | | | | |
.g ) Delta () Lambda (A) 0-20 5 | 10 | 15 2.0 25 | 30 | 35 40
N 06 04 __—error w
0 Desired Trajectory 0.1 - ]
B , . xd | 2'sin(2'tpith E 0
0 0 ? vd | 2'sin(@tpiltf) 0.1 U
. 2 -2 . zd | 5 ones(1,length(t)) -U.20 é 1'0 1'5 2'0 2‘5 20
X axis [m] 4 -4 y axis [m] Tl
Se puede observar la trayectoria Los errores de control tienden a cero demostrando asi
Deseada vs la Obtenida. la estabilidad del controlador.
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5. RESULTADOS
5.2 ACCIONES DE CONTROL

ParaN=3,56 =06 4 =04

z axis [m]

—— Current Trajectory 4 CONTROL ACTIONS
. A T
——Desired Trajectory ul
Variable Input 2L umi{|
Sample time  Stop time _‘_\ un

0.1 40 g ok — ______F_’___.—————._._\

=
Prediction Horizon (N)
3 2r
Weighting Variables 4
Delta (5) Lambda (A) 0 5 10 15 20 25 30
1
0.5 4

Desired Trajectory

xd 2"sin(2"t"piltf)

[p~]
[h%]
~
[rad/s]
(=)
Il T

yd 2"sin(4"t"pi -0.5
0 0 (4°t"piitf)

2 2 zd | 5'sin(1°t'piftf) -1

0 5 10 15 20 25 30
X axis [m] 4 -4 y axis [m] Time [s]

Las acciones de control tienden a oscilar entre valores cercanos a cero, y también se

puede observar que respeta el rango de restricciones de las velocidades de
maniobrabilidad.
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5. RESULTADOS
5.3 ERRORES DE CONTROL

ParaN=5,0 =0.6 4 =04

CONTROL ERRORS
——Current Trajectory 4 T T T
——Desired Trajectory error x
Variable Input 3 —-¢rror y|
Sample time  Stop time 2 1 error 2 J
0.1 40 E
6. 1
Prediction Horizon (N)
5 0
— 4
é Weighting Variables -1 | | L | I I I
'% : Delta (5) Lambda (A) 0 5 10 15 20 25 30 35 40
02 T T T T T
0.6
0 Desired Trajectory 0.1 ]
- =
& xd | 2sin(2°tpilth) B 0
2 2
: ; vd | 2°sin(4"t"piltf) 0.1
-2 zd | 5"ones(1,length(t)) -0.2 : : ' '
_ 2 _ 0 5 10 15 20 25 30
X axis [m] -4 y axis [m] Time [s]

Para un horizonte de prediccion N=5, se observa que el arranque del UAV para
alcanzar la trayectoria deseada es mucho mas suave, teniendo como resultado
que los errores de control tiendan mas rapido a cero debido al numero de
iteraciones.
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5. RESULTADOS
5.4 ACCIONES DE CONTROL

ParaN=5,6 =06 A =04

T o CONTROL ACTIONS
——Current Trajectory : { 4 T
——Desired Trajectory ——ul
Variable Input 2L —um |l
Sample time  Stop time k un
w e ———
. 0.1 40 % 0 —_— — e e
Prediction Horizon (N)
5 2r
= 4
E Weighting Variables 4
32 Delta(5)  Lambda (A) 0 5 10 15 20 25 30
0 Desired Trajectory 08" ]
-4 w
4 3 gk
xd 2"sin(2°t"piltf) ©
2 2 =
0 0 vd | 2'sin(4"tpiltf) 0.5
2 = zd | 5*ones(1,lengthit)) -1 . 1'0 1' 2'0 2‘ "
. . 5 5 7]
X axis [m -4 axis [m
(m] 4 Pl Time [s]

Las acciones de control tienden a cero mas rapido que con un horizonte de
prediccion mayor.
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5. RESULTADOS
5.5 ERRORES DE CONTROL

ParaN=8, 6 =0.6 A =04

. o { S CONTROL ERRORS
= Current Trajectory 4 T T T
Desired Trajectory ———Eerror x
Variable Input 3 —€rror y||
Sample time  Stop time 21 error z i
0.1 40 E
6 1
Prediction Horizon (N)
8 0r
— 4
,E, Weighting Variables -1 L | | | I I I
% ) Delta (&) Lambda (A) 0 5 10 15 20 25 30 25 40
0.2 T T T T T
06
: o
0 Desired Trajectory 01 ]
-4 =
4 xd  2°sin(2't'piltf g 0
2 2
yd 2*sin(4*t"pilth) -0.1
0 0
2 zd 5*ones(1,length(t)) 0.2 ; ' . ' .
2 0 5 10 15 20 25 30
x axis [m] n -4 y axis [m] Time [s]

Con un Horizonte de prediccion N=8, el performance del controlador
predictivo mejora notoriamente, haciendo que los errores de control
tiendan a cero con mas rapidez.
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5. RESULTADOS

5.6 ACCIONES DE CONTROL
ParaN=8, 66 =06 4 =04

= Current Trajectory i \!\ B 4 CDNTROL.ACTIONS
Desired Trajectory —ul
Variable Input 2| um| |
Sample time  Stop time un
0.1 40 E ok _______.-——-"________'__':‘__‘-'-—-.____:z__:h__
° Prediction Horizon (N)
— 4 8 or
.E. Weighting Variables 4 | |
'% > Delta(5)  Lambda (A) 1 10 15 20 25 30
N 0.6 04
0 Desired Trajectory e ]
4 w
5 ) 4 xd  2'sin(2't'pilth E 0
0 0 vd 2*sin(4*t"piltf) 0.5
2 2 zd | 5*ones(1,length(t)) g 1' 1‘ ! !
x axis [m] n -4 y axis [m] 0 ﬂm: sl 20 » %0
Debido al aumento del Horizonte de prediccion, se observa que no existen
picos en el arranque del UAV hacia la trayectoria deseada, cuidando asi las
caracteristicas fisicas de los motores del mismo.
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5. RESULTADOS

5.7 TIEMPO DE MUESTREO VS TIEMPO DE COMPUTO
Para N=3 Para N=5

Lz 0.12
Time execution
Sample Time
0.1 0.1 .
0.08 [ 4 0.08 - i
guua— i EDDE_ i
0.04 - i 0.04 [ i
e B 0.02 -
LA A AT A A AN AL ol . _ - .
% 100 150 200 250 300

Para N=8

—Time execution
——Sample Time

0.1

0.08

Time [s]
o
8

0.04

0.02 - -

b stomatizacion
0 1 I 1 1 1 ) Robotica
0 50 100 150 200 250 300 Sistemas Inelgentes




5. RESULTADOS
5.8 PRUEBAS EXPERIMENTALES

@ MATLAB

DJI ASSI

Simulator 3D

Nonlinear Predictive Control

— Gurrent Trajeclory
= Desired Trajsctory
Variable Input

Sample time  Stop time

Prediction Horizon (N)

Roll: -9.0000
Pitch: o.e000
Weighting Variables 4 :::;ax " ; 5 ;g;g
Delta (8) Lambda (A) Worldy: 0.4672
WorldZ: o.eo00

2 Latitude: 22.54328
Longitude: 113,5589
Desired Trajectory 1 VeolocityX: 0.0000
VelocityY: 0.0000

0 9 VelocityZ: 0.e000
= 2 AccX: ©.eoee
1 AccY: o.eo0e0

2 0 AccZ: -1.0000

4 Cyrox: ©.e000
zd  5'ones(1,length(t)) [\  ym Gyroy: a.eace

I SR

GyroZ: o.e000
R e LSS
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6. CONCLUSIONES

v El control predictivo basado en modelo se basa en la busqueda de una serie de
multiples referencias en distintos instantes de tiempo, cuyo numero depende del
horizonte de prediccion.

v" El modelo cinematico permite determinar las caracteristicas de movimiento y
maniobrabilidad que puede tener el sistema roboético, para ser utilizado con
diferentes algoritmos de control avanzado.

v" Se implementa un esquema de control predictivo que considera un funcional de
coste en funcion a los errores de control y de la variacion de las velocidades de
maniobrabilidad del UAV, prediciendo una trayectoria o evento.

v Se determina que para un horizonte de prediccién mayor a 8, se corre el riesgo de
que el tiempo de ejecucion sea mayor al tiempo de muestreo, teniendo como
resultado inestabilidad en el sistema.

v' El simulador 3d desarrollado es intuitivo para el usuario y permite realizar
simulaciones previas a las pruebas experimentales y asi evaluar el comportamiento
del controlador propuesto, de tal manera que ayuda a evitar fallas en las pruebas de
vuelo.
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