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Abstract

The combination of artificial neural networks with advanced control techniques has shown
great potential to reject uncertainties and disturbances that affect the quadrotor during tra-
jectory tracking. However, it is still a complex and little-explored challenge. In this sense,
this work proposes the development of robust and intelligent architectures for position
control of quadrotors, improving flight performance during trajectory tracking, The pro-
posed architectures combine a robust linear quadratic regulator (RLQR) with deep neural
networks (DNNs). In addition, a comparative study is performed to evaluate the per-
formance of the proposed architectures using three other widely used controllers: linear
quadratic regulator (LQR), proportional-integral-derivative (PID), and feedback lineariza-
tion (FL). The architectures were developed using the robot operating system (ROS), and
the experiments were performed with a commercial quadrotor, the Parrot™ Bebop 2.0.
Flights were performed by applying wind gusts to the aircraft’s body, and the experimen-
tal results showed that using neural networks combined with controllers, robust or not,
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1 | INTRODUCTION

Interest in reseatch related to autonomous unmanned aetial
vehicles (UAVs) has increased intensively, especially concerning
quadrotors. The increasing use of this type of aircraft is mainly
due to its characteristics and particularities. According to [1], the
quadrotor can be defined as a UAV with rotary wings endowed
with a rigid structure with rotors in the extremity. The quadrotor
architecture, with rotating propellers, provides good stability in
hovering flight and ease of taking off and landing in places with
limited space [2].

The physical features combined with advanced control tech-
niques have enabled the quadrotor to be used in a wide variety of
applications, such as aerial mapping and photography [3], urban
operations [4], precision agriculture [5], surveillance and recon-
naissance missions [6], and military applications [7]. However,
one of the main problems lies in ensuring that the quadrotor
can operate and perform its assigned activity safely and reliably
in the face of environmental adversity.

improves quadrotors’ flight performance.

Given this, several control techniques have been proposed
over the years, the main ones being classified into linear, non-
linear, and intelligent [8]. In dealing with linear controllers, the
proportional-integral-detivative (PID) [9], the linear quadratic
regulator (LQR) [10], and the H, [11] stands out. Regard-
ing nonlinear control techniques, we can highlight: feedback
linearization (FL) [12], sliding mode control [13], and Backstep-
ping [14]. However, using these control techniques in isolation
has limitations when the aircraft is subject to parametric
uncertainties and external disturbances.

Unlike most conventional control techniques (linear and
nonlinear), intelligent control can adapt to the operating envi-
ronment and lack plant information. In this sense, we can
implement intelligent controllers to operate in conditions with
changing process parameters and disturbances with unknown
magnitudes [15]. According to Kim [16], the main intelligent
techniques are fuzzy control [17], artificial neural networks
(ANN) [18], and even some variations of model predictive
control (MPC) [19].
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The research line that contemplates the application of ANNs
in quadrotors has received increasing attention from researchers
in aerial robotics. This is because, according to [8], combining
ANNs with controllers, linear or not, increases the robustness
and effectiveness of the proposed control system. It is possi-
ble to find in the literature works that use deep neural networks
(DNNs) within this context. This can be explained by the ability
of this type of network to approximate complex nonlinear func-
tions with superior performance. In the work of [18], a DNN
was used to optimize the quadrotor trajectory tracking. The
developed network was first trained offline, aiming to reproduce
the operation of the PID controller, and later online, using fuzzy
logic. In the work of [20], DNNs were combined with the PID
controller to reduce the trajectory tracking error. In this case, six
DNN s are responsible for sending reference signals to each of
the degrees of freedom of the quadrotor.

While adding intelligent techniques in quadrotors improves
flight performance, it is also necessary to consider external dis-
turbances for increased robustness. This disturbance can lead
the aircraft to instability and put the operation at risk. To address
this problem, initially, several techniques for disturbance esti-
mation and attenuation were developed, the most common
being: active disturbance rejection control (ADRC), disturbance
observer-based control (DOBC), disturbance accommodation
control (DAC), and composite hierarchical antidisturbance con-
trol (CHADC). According to [21], the DOBC architecture has
some advantages when compared to other techniques aimed
at disturbance attenuation. In this case, we can highlight the
modular structure, facilitating the combination with existing
controllers; the feedforward compensation, which promotes a
fast response; and the ability to adapt to different magnitudes
of disturbances.

Recently, control architectures using ANNs have been
proposed to treat the effects caused by wind gusts in quadro-
tors. These architectures combine ANNs with conventional
controllers and, in some cases, disturbance estimation and atten-
uation techniques. Regarding the combination of ANNs with
disturbance observers, in [22], for example, a robust architectute
is proposed. In this case, the authors developed a reinforcement
learning-based neural network that acts in conjunction with a
disturbance observer, responsible for estimating the magnitude
of wind gusts that affect the quadrotor body. In [23], an intelli-
gent disturbance observer was developed to act in conjunction
with an FL controller. The authors used a radial-based neural
network to improve the disturbance estimation, which was then
attenuated by a compensator, forming a DOBC architecture.

Considering the above scenario, especially the influence of
wind gusts on the quadrotor body and the lack of adaptability
when leading with robust and conventional controllers, we pro-
pose intelligent control architectures for trajectory tracking of a
quadrotor affected by wind gusts in this paper. The proposed
architectures combine a Robust Linear Quadratic Regulator
(RLQR) with deep neural networks. The RLQR presented by
[24] is based on penalty parameters and regularized least squares,
forming an algorithm that does not depend on tuning param-
eters in online applications. This controller needs only the

adjustment of the weighting matrices and previously defined
uncertainties, which makes it useful for real-time applications.

The contributions of this paper can be summarized as
follows:

* Two intelligent and robust control architectures have been
proposed combining neural networks and a robust recursive
controller. The architectures are responsible for the posi-
tion control of a quadrotor affected by wind gusts during
trajectory tracking;

* The combination of a DNN that generates a reference sig-
nal with a robust controller in order to provide a robust and
adaptive architecture (Architecture 1).

* A new architecture that uses a DNN to estimate wind dis-
turbances affecting the aircraft to avoid the use of complex
estimators (Architecture 2).

* Real experiments and a comparative study with standard
controllers were performed.

This paper is organized as follows: Section 2 presents the
adopted dynamic model of the quadrotor. Section 3 presents
the fundamentals of deep neural networks, focusing on the algo-
rithms used. Section 4 briefly describes disturbance estimation
and attenuation techniques, with details for the DOBC archi-
tecture and the controllers used. Section 5 presents how the
controllers were combined with the DNNs. Section 6 brings
the methodology used and the set-up of the experimental
environment. Section 7 presents the flight results of practical
experiments. In Section 8, the paper is concluded.

2 | QUADROTOR MODEL

In order to design an intelligent controller-based model of a
quadrotor, we need to define its dynamic model. The quadro-
tor has six degrees of freedom, which can be given by the
three Euler angles (¢,6,9) and the three reference axes
(>,7,2) [2]- In addition, four control inputs can be considered,
characterizing the quadrotor as an underactuated system.

Over the years, several mathematical models have been pro-
posed to represent the dynamics of the quadrotor. Both the
Newton-Euler and the Euler-Lagrange formulations are abun-
dant in the literature. Aiming to develop a simplified dynamic
model of a quadrotor, [25] proposed a model for a Parrot™
AR.Drone. This model was adapted for Bebop 2.0 in [20]
and, although it does not consider all the nonlinear dynam-
ics of a quadrotor, it provides an effective approximation. The
Bebop 2.0 is controlled with a control input of the type ¥ =
v vy v vyl
in the x, y and 7 axes, in addition to the angular velocity around

, where v represents the linear velocity commands
the 7 axis, tepresented by . In this sense, we have that:

* V; represents the limited rotation command around the -
axis, causing movement in the x direction;

* V; represents the limited rotation command around the x-
axis, causing movement in the y direction;
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FIGURE 1 Adopted coordinate system for the Parrot Bebop 2.0.

* v; linear speed control for the z-axis, causing movement in
the z direction;

* Vy represents the angular velocity command that causes
rotation about the z-axis.

The velocity vector is interpreted by the Parrot Bebop
2.0 embedded control system. Moreover, Figure 1 shows the
adopted coordinate system for the Parrot Bebop 2.0.

Considering that attitude stabilization is guaranteed by Bebop
2.0%s internal control system, a simplified model is given by:

9@ = Aq@) + T (), )

where ¢ = [gz ¢; qzj)]T is the state vector, A € R¥»* and " €

R*™* are model matrices described as:

yacos@®) —yysin@®) 0 0

Azl sin®)  yscos@®) 0 0
0 0 ve OF
0 0 0 74

yicos®) —yssin®) 0 0

_|7isin®)  yscos®) 0 0
0 0 s 0f
0 0 (R

whose parameters (Y1, ... Yg) were identified as proposed in [26].
Given this, we can directly control the quadrotor position in the
x, ), and g axis; and the orientation in the z-axis.

In order to perform trajectory tracking, the model can be
rewritten as a function of the error state space, where the con-
troller will act. Considering the ¢7 as the desired trajectory
signal, we have:

a0y =40
x(t) = s 2
“ lq(f) - (f)] ®

as the trajectory error, where ¢/ = 42 qj‘,‘l qg qi] is the desired
position vector in x;, y, z, and 9. Thus, the state space of the
errot, considering external disturbances, is given by:

. A 0 7 E
o= s []oe e o

where x = [74] is the state vector, 4 is the disturbance affect-
ing the quadrotor, composed mainly of model uncertainties,
neglected dynamics, and external disturbances such as wind

—

. 1 1 . .
gusts; B = diag(— L3, [_llxl) is the matrix that maps exter-
" %
nal disturbances, with 7 being the mass of the quadrotor and [Z

the moment of inertia with respect to the g-axis, and # is used
to calculate the actual control input sent to Bebop 2.0, given

by:
v=T"'u+§ — Ay"). 4)

For controller implementation, we can discretize (3) using
Euler’s method, resulting in:

Xip1 = Fix; + G + Gyd, ©)

where F, =171+ TA¢), G=1B, G, =1B;, and T is the

7
sampling time.

3 | DEEP NEURAL NETWORKS

Deep Neural Networks (IDNNs) are part of the field of machine
learning in artificial intelligence. These networks can learn from
large amounts of data and are composed of multiple processing
layers. Training a DNN involves applying specific techniques
to automatically adjust the network’s synaptic weights by min-
imizing a cost function. After training, the DNN will provide
general solutions for the class of problems it has been trained
for.

We can choose different algorithms that update the network
weights to optimize the cost function minimization process.
One of the most common, Mini-Batch Gradient Descent
(MBGD), partitions the data set into batches, where the net-
work weights are updated after each batch is computed [27]. In
addition, it is essential to mention the momentum technique of
momentum [28], which is used to speed up learning by making
the gradient continue to decay in the same direction as the aver-
age decay of the previous steps [27]. The Equation 6 presents
this technique.

Vg1 = B, — (1 = 1) V/(W), ©)

where 0 < 81 < 1 is responsible for preventing the speed at
which the gradient decays from inctreasing too much and V/ (W)
is the gradient of the cost function /(W) with respect to
the weights.
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In order to optimize the adjustment of DNN weights,
especially when there is a large amount of data and parame-
ters, several optimization algorithms have emerged based on
stochastic mini-batch methods. The following are details of the
optimization algorithms used to train the neural networks devel-
oped in this paper: RMSProp and Adam (Adaptive Moment
Estimation) algorithm.

Unlike many other optimization algorithms, RMSProp
(Equation 7) works well for non-convex functions. This algo-
rithm accumulates only the gradient of the most recent
iterations using the exponentially decaying moving average [27].
In this way, it converges faster to the global minimum point. It
works from the following equation

sI8 = Bos™ + (1= B) V(W) @ V/ (W), (7)

where 3, is the decay rate, usually set to a value of 0.9, and the
® symbol stands for the element-wise multiplication.

The Adam algorithm can be thought of as a combination of
RMSProp, and the momentum technique [29]. The main idea is
to calculate adaptive learning rates for each network parameter
under training, For this, the Equations 8 and 9 are applied, using
the parameters 31 and 35, already presented.

Vip1 = B1v; — (1 = 1) V/ (W), ®)
S = Bos! + (1= Bo)V/ (W) ® V/ (W), ©)

where  is the first-order moment and sV is the second-order
moment, both initialized to zero.

In addition to use suitable optimization algorithms for train-
ing a DNN, it is also important to use regularization techniques.
These techniques are essential to ensure that the DNN per-
forms well on the data set used for training and on a new
data set. In the literature, one of the most used is a dropout,
proposed by [30], which dynamically changes the topology of
the DNN during training. Here, some neurons are inactivated
according to a defined probability. The idea is that by turning
off some units in the DNN, it becomes simpler and avoids the
phenomenon of overfitting,

4 | DISTURBANCE ESTIMATION AND
CONTROL

This section describes the DOBC approach used to combine
a DNN with the controllers in one of the proposed architec-
tures. Afterward, we present four control strategies tested on
both architectures. The first control approach is a robust linear
quadratic regulator, useful for online applications. The second
approach is a recursive linear quadratic regulator, which fol-
lows the same structure as the previous robust controller, but
does not consider parametric uncertainties associated with the
dynamic model. Thus, we will introduce the RLQR controller to
deal with the uncertainties of the system. The third approach is
a classical PID controller. Finally, the last approach is a standard
computed torque based on feedback linearization.

4.1 | Disturbance observer-based control
External disturbances are responsible for depreciating the per-
formance and stability of control systems. In most cases, they
cannot be directly measured. Consequently, it is challenging to
implement a control technique to attenuate or eliminate such
disturbances without adding sensors to the aircraft body. Due
to this, several techniques for disturbance estimation have been
proposed to generate a control action based on the estimated
disturbance [31].

Although many control architectures for estimating and
attenuating external disturbances have emerged, the fundamen-
tal idea of the operation is the same: create a disturbance
observation mechanism and a compensator based on the
obtained estimate [32]. These techniques can be found in the lit-
erature by the name of Disturbance and Uncertainty Estimation
and Attenuation (DUEA) [31].

According to [33], one of the most widely used DUEA
techniques is DOBC, mainly because of its intuitiveness and
modular architecture. In addition, compared to other similar
techniques, it provides a more rigorous analysis regarding sta-
bility and other system performance requirements [31]. Since its
emergence, the DOBC technique has been used in a wide variety
of systems, including aecrospace and nuclear systems [34], servo
motor control [35], and quadrotor control [36]. Recently, some
works have proposed the possibility of using intelligent systems,
such as artificial neural networks, to attenuate the influence
of external disturbances in robotic systems, see for example
[37-39].

Recall that we must implement a controller to ensure
trajectory tracking before disturbance estimation and attenu-
ation steps. In this regard, the following sections discuss the
controllers implemented in this work.

4.2 | Controllers

This section presents the implemented controllers to form
the proposed control architectures. These controllers were
combined with DNN:Ss for trajectory tracking of a quadrotor.

42.1 | Robust linear quadratic regulator

In [24], a2 Robust Linear Quadratic Regulator for discrete-
time linear systems subject to parametric uncertainties was
developed. This regulator was developed based on penalty
parameters and regularized least squares, providing an algorithm
that does not rely on tuning parameters in online applica-
tions. Consider the discrete-time linear system with parametric
uncertainties in state space:

xip1 = (F + 8F)x; + (G 4+ 8Guy; i=0,..,N, (10)

where x; € R” is the state vector, #; € R” is the control input,
F; € R™ and G; € R™ are nominal parameter matrices with
appropriate system dimension, and N is an integer defining
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the number of interactions. The initial state x is constant
and known, and the matrices 6 F; € R and §G; € R™ are
unknown uncertainty matrices, modeled as

6F;, 8G) = HAJE; Ecl; i=0,..,N, (1)

being H; € R Ep € R™, E, € R™ known matrices,
determined mostly heuristically. A; € R*? is an arbitrary matrix
(A;) £1. The RLQR is obtained by solving the following
optimization problem:

min max {j.#(x,-_,_l,ul», 5F,-,5GZ-)}, (12)
Xip1:t §F,8G; !

where ]/.” is the regularized quadratic cost function, defined as

]}L(Xz’-f-l s Uy 5Fz, 561) =

T
X P. 0] [ 1o 0
i+1 i+1 i+1 + q)y QJ @, (13)
u; 0 R[ u; 0 ,u]
whetre Pyyq >0, O >0, and R > 0 are known matrices and

U > 0is a fixed penalty parameter, responsible for ensuring that
the equality of Equation 10 holds, and

0 0 i1 -1
q) = - X .
I -G =68G]|| # F +6F

According to [24] the RQLR is based on the solution
(x;rl (), ! (W) of the min — max optimization problem, in
which the intent is to obtain the smallest state magnitude and
the smallest control action magnitude for the worst-case para-
metric uncertainties, for each penalty parameter u > 0. The
optimal solution can be found recursively and is given by Equa-
tions 14 and 15. Furthermore, when the penalty parameter
M — o0, the robustness of the controller is achieved.

() I 0 0 |L,u
7} (1) ={0 7 0 [Ku|Fw, 14
Jreh @) | 100 &’ | B
Ll oo o o 70
Kl=[lo o 0o 0 o0 7
oo -z 7' 0 0
[P 0 ;0 o
i+1
0o R' 0 0
o o o 0 0 -1
o 0o o Ywd) I =G| |Ff
I 0 1 0 0 0
0o 7 0 -¢’ o o | Lol
) (15)

where

Thus, the optimal control law is given by
uf = Kx7, i=0,..,N. (106)

Details about the convergence and stability guarantee can be
found in [24]. Recall that when parametric uncertainties are not
considered, the framework falls into the form of recursive LQR.

422 | Proportional-integral-derivative

Most of the controllers in use in industries are of the PID type.
Its wide use is directly related to the ease of application in the
most varied control systems projects. Besides this, the PID con-
trol performs well in various operating conditions. However, in
more critical situations, it may not offer satisfactory control of
the system [40].

In order to formulate the PID controller, the control law
must take as reference the error information obtained through
the difference between the expected response and the actual
response of the system (7 = g — ¢°. Thus, the control vector
is given by

V) =Kpé(f)+1€'/ §(m)dt + K; 4(t), a7

]

wherte K is the proportional gain, K; is the integral gain, and £
is the detivative gain.

423 | Feedback linearization
The feedback linearization technique was initially proposed by
[41]. Considered a precursor technique for the control of non-
linear systems, it has been helpful for the evolution of studies
in this research line. The central idea of this technique is to
algebraically transform nonlinear systems into fully, or partially
linear systems [42].

For the quadrotor model used in this paper, we have the
feedback linearization control law given by

v=T""(u— AR j), (18)

where # = éd - K,q— K,3, with qd being the desired trajec-
tory, ¢ the state vector of the quadrotor and 7 is the trajectory
tracking error.
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5 | INTELLIGENT CONTROL
ARCHITECTURES

The two control architectures proposed to improve quadrotor
trajectory tracking will be presented in the following. In both
architectures, the goal is to combine a DNN with the con-
trollers shown in Subsection 4.2. The DNN sends a feasible
reference signal to the controller based on experience in the
first control architecture. This technique was based on the work
of [20], which combines six DNNs with a PID controller to
control the six degrees of freedom of a quadrotor. In the sec-
ond architecture, the DNN acts as a disturbance estimator in
conjunction with the Kalman filter and the implemented con-
trollers, forming a DOBC architecture. In this case, the DNN
is responsible for estimating the wind disturbance affecting the
quadrotor.

5.1 | DNN as a reference for controllers

This section discusses the operation of the first proposed con-
trol architecture, where the DNN has the function of sending
a reference signal to the implemented controllers. In general,
for position control in the trajectory tracking problem, the con-
troller receives the desired trajectory and provides a control
law that aims to minimize the position error of the quadrotor
during the path. However, with the proposed architecture 1,
the controller receives the reference trajectory from the DNN
instead of the desired trajectory. The difference is that the refer-
ence signal provided by DNN is computed from the knowledge
acquired during training, considering the current (7) and desired
position (77) of the aircraft. In other words, the network can
provide a signal to the controller to auxiliary in the minimization
of the trajectory tracking error after training.

The main idea is that if the current trajectory is equal to the
desired trajectory, the network should provide this stored refer-
ence value so that the tracking continues with as little error as
possible. On the other hand, when the quadrotot’ trajectory is
different from the desired one, the mapping learned by the net-
work will generate a feasible reference signal for the controller
to correct the quadrotor’s course and make it converge more
quickly to the desited path. In this case, the signal provided by
the network has a magnitude slightly different from the desired
trajectory and may have a higher or lower amplitude.

Considering that the goal of DNN is to map a reference
signal (4") at each time instant and send it to the controller,
the network is trained offline through the supervised learning
method, in which details will be discussed in Section 6.4.1. After
training, the acquired knowledge is applied in real-time with
the controller, improving performance during trajectory track-
ing. We can visualize the operation of the proposed architecture
together with the controllers in Figure 2. It is worth noting that
when parametric uncertainties are not considered, the RLQR
falls in the form of the LQR. From the figure, we can see that
the network obtains information from both the trajectory gen-
erator (desired trajectory) and the optical motion capture system
(current trajectory), which we will discuss in Section 0.5.

ALGORITHM 1 DNN as a Reference for Controllers

Require Desired trajectory ¢

Ensure Velocity vector v

1: if the RLQR controller is selected then

2: Consider Equations 10, 11, and 13 with £, G, Ef;, E¢;, O; > 0, and
R; > 0 known for every instant 7.

3 if the LQR controller is selected then

4 Consider £7, G;, O; >0, and R; >0 known for every instant 7.

5 if the PID controller is selected then

6: Gets the K, Ky, and K; gain matrices.

7 else if the FL controller is selected then

8 Gets the K, and K gain matrices.

9 while receive the desired trajectory do

10: Retain ¢/ and ¢

11: Calculate 47 and §

12: Compute ¢ and ¢

13: Calculate 7, 7, and [ 7

14: if Using RLQR or LQR controller then

15: Calculate the RLQR/LQR gain with Equation 15

16: u = Kix;

17: Uses #,; in Equation 4 to generate v

18: if Using the PID controller then

19: n=Ki+Kig+K [ 7.

20: Uses #; in Equation 4 to generate v

21: else if Select the FLL controller then

22: u = Kyg+ K,

23: Uses #; in Equation 18 to generate v

24:  end while

The desited trajectory (Section 6.3) is formed by the vec-
tor g7 = | <, qf, q;{, q{i], where qg is set to zero. For simplicity,
the signal provided by the network acts on the x and y axes,
keeping the 7 axis at the default value provided by the tra-
jectory generator. We made this selection because we aim to
reduce the influence of lateral wind gusts on the quadrotor
in our experiments. Consequently, the 3 axis is less affected
by the disturbance, and keeping its default value reduces the
complexity of training the DNN. Thus, the network input is
composed of the vector {(7,, &l[i)}, where g; = [4., 4> 4x» ;] and
?7 = [qi, qj,qi,q)ff]] correspond to current and desired posi-
tions and velocities on the x and y axes, respectively. The
generated output is composed of the vector g; = g%, ¢, 7., q; 1,
corresponding to reference positions and velocities.

It is also worth mentioning that in Figure 2, v =
[Vs, Vj, Vs, Vgl represents the velocity vector sent to the quadro-
tor and 4 is the wind gust affecting the aircraft. In order
to facilitate the understanding regarding the proposed archi-
tecture and complement the diagram presented in Figure 2,
the Algorithm 1 presents the operating steps for all the
controllers implemented.
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FIGURE 2 Deep Neural Network as a Reference for Controllers (Architecture 1).

5.2 | DNN as a disturbance estimator

This section discusses the working details of the second pro-
posed control architecture, where the DNN is responsible
for estimating the external disturbances. For this case, the
DOBC (Subsection 4.1) architecture was used with the con-
trollers mentioned in Subsection 4.2. Here, the controllers are
responsible for trajectory tracking, the DNN for disturbance
estimation, and a compensator was designed to attenuate the
estimated disturbance.

The main objective of DNN is to provide an estimate of the
disturbance in the x and y axes from the trajectory error 7, and
4y, respectively. To this end, we created a data set in which wind
gusts with different magnitudes were applied to the quadrotor.
The position error generated by these disturbances was stored
with the respective label (Force in Newtons of the disturbance).
During operation, the disturbance signal provided by the DNN
is filtered and directed to a compensator. Subsequently, a com-
posite control law is generated with the ability to attenuate the
wind disturbances affecting the aircraft.

Figure 3 presents the operation of the proposed architec-
ture. Similar to Figure 2, each controller is used individually
with the proposed neural network. We calculated the position
error using the current and desired position at each instant.
For practical experiments, the optical motion capture system
(Section 6.5) provided a current position at each instant. After
the error values pass through the network, the Kalman filter
smoothes the generated disturbance signal. Then the compen-
sator (gray block) is responsible for attenuating the disturbance,
forming the composite control law.

The following subsections present the filtering and com-
pensation steps of the estimated disturbance. The composite
control law, which uses both the control signal coming from

the controller and the estimated disturbance, will be presented
too.

5.3 | Kalman filter

The Kalman filter (KF) [43] can be defined as a set of impor-
tant mathematical tools capable of providing an estimate of
process variables through the minimization of the mean square
error. By using the augmented state technique, the Kalman
filter can provide the filtered form of states and external dis-
turbances affecting a system [44]. For this, an augmented state
vector is constructed, where the disturbance 4 and its respec-
tive derivative are arranged together with the state vector x,
forming s;41 = [x;41 4, d/%l]f, in which 4, and 4,
correspond to the external disturbance in discrete-time and
its respective derivative. Thus, for a discrete-time model, the
system in augmented form is given by Equation 19.

X4l L Gy 0] G;
s = O ] 7] dﬂ/’ =+ 0 %,',
d/7f+1 0 0 7 dl?/ 0
= —— ——
Sit1 D, Si g,
[/ 0 o][x
=0 1 0|4, |+
0 0 0 d;,]_
——
Q; S

where F;, G;, and G,; comes from discrete-time system (5)
presented. In this way, the filtered forms of the states and
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FIGURE 3 Disturbance observer-based control with neural network and Kalman filter (Architecture 2).

the disturbance estimated by DNN are obtained. Next, the
estimated disturbance goes through the compensation stage,
where a compensator is responsible for attenuating its effects
on the system.

5.4 | Disturbance attenuation

With the filtered estimate of the disturbance provided by DNN,
a compensator should be designed to attenuate or reject the
influence of the real disturbance on the control system. Accord-
ing to [31] and [21], for the case where a plant is affected by wind
disturbances or even by torques caused by unmodeled dynam-
ics, we can get a compensator by considering the control law.
Using the RLQR as an example with #,,.; = =K, ;x;, where
Ky, is the recursive optimal gain, and x is the state vector, the
composite control law is formed by:

Heom,i = Hrlgr,i + Uiz s (20)
= megl is the disturbance compensation control
with the system (5)
discretized, and considering that the d estimate will converge
to the value of the actual disturbance, it is possible to find a
gain K, that eliminates the disturbance at the output (y) of the

where #,, ;

law. Using the composite control law #,,,

Vector
A N
I---T= == ===FF==== |
1 Udist 1
1 ]
I Disturbance 1 ——
y 1 ]
- FL ] Compensator . Veom
q I 1
1 9 [
[ d 1
1 da ]
% 1 1
Kalman d | dt [
Filter IDisturbance Compensation:
system.
—1 -1
K,y = =[CW = Gy ) G
-1
X C(l; = GiKyy i) Gy e @0

According to [45], remotely controlled real-time systems may
be affected by communication delays, resulting in a perfor-
mance loss. In this case, it is possible to anticipate the action
of the disturbance compensator using its derivative. This way, a
proportional-derivative control compensation law is generated,
as described by Equation 22.

d

i = 0K+ 0, 22)

cont,i
whete | @ |[< 1 and ¢ ate scalars, defined as design parame-
ters. With this, the compound control law (20) is rewritten as

d
Ueomi = ”r/qr,i + ”Zz'.fl,i'

architecture 2 can be summatized by the Algorithm 2.

The general operation of the proposed

6 | METHODOLOGY

In this section, we present the methodology and tools used to
develop this work. We developed the entire architecture using a
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ALGORITHM 2 DNN as a Disturbance Estimator

Require Desired trajectory ¢

Ensure Velocity vector v
1: if the RLQR controller is selected then
2: Consider Equations 10, 11, and 13 with /7, G}, Eh’ EG,, Q; > 0, and

i

R; > 0 known for every instant 7.

3: if the LQR controller is selected then

4 Consider £, G;, O; >0, and R; >0 known for every instant 7.
5: if the PID controller is selected then

6: Gets the K, Ky, and K; gain matrices.

7: else if the FL controller is selected then

8: Gets the K, and K gain matrices.

2: while receive the desired trajectory do

3: Retain ¢/ and ¢

4: Calculate §7 and §

5: Compute 7and ,and [ 7

14: if Using RLQR or LQR controller then

15: Calculate the RLQR/LQR gain with Equation 15
16: u; = Kx;

18: if Using the PID controller then

19: n=Kj+Ki+K [ g

21: else if Select the FL controller then

22: u; = Kyg + K

8: Estimate 4 with the DNN

9: Compute the filtered form of 4

10: Calculate d

11 ”,'ZZ,J» = QK. id; + 9 Ay

12: Hogmyi = Hylgri + ”%m

18: if using the RLQR, LQR, or PID controller then
19: Uses #,,, in Equation 4 to generate ¥

21: else if Select the FL controller then

22: Uses #,,, in Equation 18 to generate ¥

14: end while

Dell Inspiron 14 7460 notebook with Ubuntu 16.04 LTS opet-
ating system. The hardware used has an Intel Core i7-7500U
processor with 2 cores of 2.7 GHz, 16GB DDR4 RAM, and
Nvidia GPU Geforce 940MX.

6.1 | Parrot Bebop 2.0

The quadrotor chosen for practical experiments was the

Parrot?

M Bebop 2.0. Besides being a low-cost quadrotor
with a high-resolution camera, the Bebop 2.0 has the facil-
ity to communicate with the ROS platform through the
bebop_autonomy package. This ROS package allows send-
ing control commands and receiving pose estimation from

Bebop 2.0. The model parameters used for the experiments

were y = [4.5922,0.4349, 5.2157, 0.4364, 4.6026, 3.0992, 5.9388
—0.3980]" .

6.2 | Robot operating system

The ROS [46] is an open-soutce platform with a series of tools
that enables the programming of different types of robots. The
operation of ROS is based on integrating different nodes that
carry information about the robotic system. These nodes can
represent, for example, sensors or actuators whose messages
generated by each of them are published in topics accessible
to other nodes. This way, it is possible to read the information
received by sensors and send commands to the actuators eas-
ily. One of the main advantages of ROS is the possibility of
using several programming languages, such as Python, C++,
Java, and LISP. This advantage allowed implementing the con-
trollers in C++ and developing the neural networks in Python
using specific libraries.

6.3 | Desired trajectory

The desired trajectory used in the experiments has a circular
shape in the xyz plane, with a radius of 0.3 m. Sending the tra-
jectory to the quadrotor is done through a ROS node, which
is responsible for publishing in the topic /bebop/waypoint
both the position and the desired velocity at a frequency of 50
Hz. This topic, which provides ¢/ = [¢7, q)’,l, qg, q{ll)]f and ¢, is
accessible to both DNN and controllets, being:

7’
qd = [(p coswt @ sinwt %sin w? 0] > (23)

q = [—cogo sinw? W cos wt TCOS wr 0] , @24

where w = 0.5 rad/s is the angular velocity, given by the ratio
between the average velocity » = 0.15 m/s and the radius ¢ =
0.3 m. For each experiment, the quadrotor starts from the origin
(0 =0,y = 0,z = 0) and performs the proposed trajectory.

6.4 | Training and evaluation

This section discusses details regarding the training and evalu-
ation of the developed DNN:s. It is worth mentioning that, to
develop the presented DNNs, the Python language was used
through the framework Keras with backend in Tensorflow.

6.4.1 | DNN as a reference for controllers

The DNN architecture that acts as a reference for the con-
trollers can be defined as a multi-layer network. In this case,
the network architecture comprises an input layer, three hidden
layers containing 80, 50, and 30 neurons, respectively, and an
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TABLE 1 DNN training parameters (Architecture 1).

Activation function ReLU

Loss function Mean squared error (MSE)

Optimization algorithm RMSprop
Learning rate 0,008
Dropout 25%
Weight-initialization Xavier [47]
Biases initialization 0

Max. number of epochs 30

Batch size 32

output layer. The number of layers and neurons present in each
was chosen empirically. To this end, we conducted a series of
training sessions in which the DNN was adjusted and optimized
based on the performance presented for the assigned task. This
way, it was possible to achieve the architecture presented in
Figure 2.

For DNN training, we use the supervised learning technique,
in which a set of labeled samples was necessary. We perform
flights with the quadrotor to create the data set using the
pre-tuned implemented controllers separately. The quadrotor
performed a circular trajectory in the xyz plane with the radius
ranging from 0.2 m to 1.0 m. Thus, we trained four DNNS,
where, after training, each one acted independently in con-
junction with the respective controller used in training (RLQR,
LQR, PID, and FL). From the flights performed, it was possible
to obtain data samples with information about both the current
and desired trajectory of the quadrotor at each instant of time.
We obtain 10,000 samples to compose the data set and use 90%
for the training stage and 10% for the testing stage.

After obtaining the samples, we proceeded to create the net-
work training set, which was formed by {(7;, j+1)» @ld}, where
g; and g;41 represent the position of the quadrotor at time 7 and
(i + 1), respectively; and 77 represents its corresponding output
data (label). Note that {(7;, 7;41)} = éj{ , used in training, is an
approximate mapping of {(7;, %‘1)} — g (Figure 2). Thus, when
the current trajectory of the quadrotor is equal to the desired tra-
jectory, the DNN understands that the tracking is perfect and 7.
will be equal to éld However, when the current trajectory of the
quadrotor is different from the desired trajectory, the network
provides a reference signal based on past experience in order to
make g; converge to %/ The parameters used for training are
presented in Table 1.

The RelLU activation function was chosen, above all, because
it is one of the most efficient in training deep neural networks.
One of its significant advantages is its ability to avoid the disap-
pearance of the gradient. In other words, it prevents the gradient
from assuming values very close to zero, a situation that would
make it difficult to adjust the synaptic weights of the DNN.
Furthermore, compared with other activation functions, better
network performance was verified with the ReLLU function.

Regarding the chosen optimization algorithm, besides the
used RMSprop, the stochastic gradient descent and adaptive

moment estimation (Adam) were also tested. After a compar-
ative analysis, for the task performed by the network in this
work, it was noted a better performance after training with
the RMSprop algorithm. Regarding the regularization tech-
nique, we observe the better performance of the network
with the application of dropout of 25%. Also, after training
with different epochs to avoid an underfitting and overfit-
ting model, we noticed that the trained model performed well
with 30 epochs. Furthermore, the remaining parameters used
in the network training were adjusted empirically to find the
best network performance without over-adjusting the synaptic
weights.

With the training parameters set (Table 1), the DNN took
about 4.000 iterations to converge. For evaluation, the metric
used was the Mean Absolute Error (MAE), where the absolute
value of the difference between the network’s prediction and
the set of labeled samples was calculated. Then, after training,
the DNN was evaluated with the test data set and from exper-
imental flights using the quadrotor, presenting a satisfactory
performance for the task treated in this work.

6.42 | DNN as a disturbance estimator

As well as the DNN used as a reference for the controllers,
the DNN for disturbance estimation has a multi-layer neu-
ral network architecture. In addition to the input and output
layers, the network is formed by two hidden layers with 50
and 25 neurons, respectively. The network topology, shown in
Figure 3, was obtained empitically, considering the disturbance
estimation task.

We use the supervised learning method to train the network.
In order to make the DNN capable of providing the wind
disturbance in Newton that affects the quadrotor, we use the
position error as a network input. A total of 2000 samples were
obtained to make the data set, with 90% and 10% used for the
training and testing steps.

The Parrot-Sphinx simulator supported by the BebopS pack-
age was used to create the data set. This simulator allows
applying the wind disturbance to the quadrotor in the format
of a force in Newton. We kept the quadrotor hovering in the
air and applied a wind disturbance with different magnitudes to
the aircraft to compute the position error. First, the disturbance
with magnitudes ranging from 0.1 N to 0.5 N was applied along
the X axis of the quadrotor. Then, the same procedure was per-
formed for the Y axis of the aircraft. In this way, it was possible
to obtain the position error of the quadrotor in the X and Y
axes from the intensity of the wind disturbance affecting it. This
force magnitude was chosen so that all of the controllers could
still guarantee trajectory tracking. For this case, Table 2 presents
the training parameters used.

Regarding the optimization algorithm chosen, for this case,
the adaptive moment estimation (Adam) demonstrated bet-
ter performance, providing better answers than the stochastic
gradient descent and the tested RMSProp. Regarding the acti-
vation function, the RelLU function also demonstrated better
responses for the task performed by the network. As with the
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TABLE 2  DNN training parameters (Architecture 2).

Activation function ReLU

Loss function Mean squared error (MSE)

Optimization algorithm Adam
Learning rate 0,001
Weight-initialization Xavier [47]
Biases initialization 0
Max. number of epochs 30
Batch size 32
—— Real Value = ----- Estimate Value —— Estimate Error

20 40 60 80 100
Samples

FIGURE 4 Estimated disturbance in X axis.

—— Real Value =~ --—--- Estimate Value —— Estimate Error

40 60 80 100
Samples

FIGURE 5 Estimated disturbance in Y axis.

first DNN, we empitically adjust the other parameters used in
training to find the best neural network topology.

During training, it was found that the DNN took about 1.600
iterations to converge. The Mean Absolute Error (MAE) was
used to calculate the difference between the network’s predic-
tion and the set of labeled samples. After training, the DNN
was evaluated with the test data set and a series of experimental
flights using the quadrotor in both the simulated and real envi-
ronment. In order to show the convergence of the disturbance
to the real value, Figures 4 and 5 show the real estimated distur-
bance curves and the estimated error in the X and Y axis of the
quadrotor after training,

FIGURE 6  Parrot Bebop 2.0 flying under wing gust in our experimental
environment.

6.5 | Vicon motion capture system

The Vicon® motion capture system is used to estimate the posi-
tion and orientation of people or objects using the infrared light
emission technology. In general, this system is composed of
four specific cameras, and its operation is done by installing
reflective markers on the body of the object to be tracked. The
system emits infrared light reflected by the markers present on
the object and detected by the cameras. In this work, Vicon®
cameras are responsible for generating a reference system for
Bebop 2.0. The pose data are sent to a specific software,
the tracker 3!, which track objects and provides 6 degrees of
freedom data with low latency. The software sends the infor-
mation at 100 Hz using a Wi-Fi communication protocol to
the control system’s laptop, and it is available in the topic
/Vicon/bebop/bebop.

6.6 | Wind gusts source

In order to obtain actual results, an experimental environment
was set up by creating a wind disturbance generator. A brush-
less motor driven by an Electronic Speed Controller (ESC) and
powered by a LiPo battery was used. Figure 6 shows Bebop 2.0
flying under wind gusts in our experimental environment. Also,
a demo video of the experiment can be found at https://youtu.
be/e9EC-kOooWT.

To measure the wind speed that affects the quadrotor dut-
ing the trajectory tracking, we used an Incoterm® portable
anemometer. Thus, a wind map was synthesized with the
respective speeds generated by the disturbance system setup.

! https://shortutl.at/BD026
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FIGURE 7 Wind disturbance map.

This map was done with the aid of the Vicon®

system and presented in Figure 7. The collected wind intensity

motion capture

points made it possible to visualize a maximum wind speed of
approximately 20.5 m/s and a minimum of 1.0 m/s.

6.7 | Controller parameters

This section presents parameters used for each of the imple-
mented controllers. It is essential to mention that all the
parameters used were chosen to perform the best track-
ing performance with each controller. With the RLQR, the
weighting and uncertainty matrices were heuristically obtained
as O =diag(1.2, 1.2, 1, 1, 1, 1, 5.0, 5.0), R = 0.15/44, M =
101, P = Ly, B = 0.018754, and

p 0.03540y;  Oneo  0.0285Ly,  Og
DT 0o 0.0295Ly,  Ongy  0.1425I,

For disturbance compensation with RLQR, we use a = 0.25
and ¢ = 0.01.

With the LQR, the weighting matrices were chosen with
the aid of Bryson’ rule and experimental flights, where O =
diag(1.2, 1.2, 1, 1, 1, 1, 5.0, 5.0), R =0.15/44, and P =
Igws. For disturbance compensation with LQR, we use a = 0.4
and ¢ = 0.001.

For the PID controller, the proportional, deriva-
tive, and integral gains were tuned heuristically as
K, = diag(0.35, 0.35, 3.0, 1.0), K, = diag(0.4, 0.4, 0.4, 1.0)
and K; = diag(0.001, 0.0001, 0.01, 0.01). For disturbance
compensation with PID, we use & = 0.06 and ¢ = 0.00025.

With respect to the FL controller, the proportional
and derivative gains are heuristically tune as K, =
diag(1.25, 1.25, 3.5, 1.0) and K; = diag(1.1, 1.1, 2.0, 2.0).
For disturbance compensation with FL, we use a = 0.05 and
¢ = 0.001.

6.8 | Metrics for trajectory tracking

In order to statistically analyze the performance of the pro-
posed architecture for each of the implemented controllers, we
use the ¢ norm and the mean absolute error for the con-
trolled position variables. It is worth mentioning that, for higher
data accuracy, five experiments were performed for each of the
controllers implemented in each of the architectures. Thus, the
metrics below correspond to the average of the five experiments
performed, where:

5
EG) = %;II%—@’II, 23)
the €1 norm, and
E@G) = L z\: E (@) (26)
N =1 ’

the mean absolute error, where ¢, and ql’./ are the position and
desired position vectors, respectively; j represents the current
experiment number for a total of five; 7 corresponds to the value
of an iteration with /V being the maximum number of iterations.

In order to calculate the percentage improvement of the pro-
posed architectures concerning the standalone controllers, we
use the following percentage index:

1%=<1—

where £ is the mean absolute error for each controller in each

) X 100, @
ref

of the proposed architectures, and %, is the mean absolute
error for the standalone controllers.

7 | EXPERIMENTAL RESULTS

This section presents trajectory tracking results when the
quadrotor is affected by wind gusts. Based on experimental
flights, we provide a comparative study among the controllers
related to the architectutes proposed.

Figures 8, 9 and 10 present the results of real flights using
the controllers when the aircraft is under the influence of wind
gusts. In this sense, the 3D view of the trajectory tracking is
presented in Figure 8 and the controlled vatiables (x, y, 2, )
are presented in Figure 9. The error evolution for this case is
exposed in Figure 10, and is complemented by the performance
indices presented in Table 3.

For this case, we can see that FL obtained the highest
trajectory tracking error among the implemented controllers,
performing below the other controllers. Moreover, it was
responsible for the most significant maximum error after 3 s
of flight elapsed. On the other hand, the RLQR controller out-
performed the other controllers in the trajectory tracking task,
providing a lower position error.
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==<= Degied LQR FL TABLE 3  Performance metrics using standalone controllers.
RLQR e Standalone controllers
Metrics RLQR LQR PID FL
MAE, E (m) 0.0842 0.1344 0.1337 0.1712
Peak Error (m) 0.1282 0.2139 0.1967 0.2500
====Desired —— LQR — FL
—— RLQR — PID

}’(772)' —0.2
—0.4 —0.4

FIGURE 8

— LQR

0.0
—02 g

— PID

3D view of trajectory tracking with standalone controllers.

FL

FIGURE 9
standalone controllers.

— RLQR — LOR

Controlled variables (x, 5, z, and 1) along time with

a— PID

FL
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FIGURE 10
with standalone controllers.
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Error (€1 norm) evolution along time for trajectory tracking
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FIGURE 11 3D view of trajectory tracking with DNN as a reference for

the controllers.

— RLQR  —— LQR PID  —— TL

FIGURE 12
a reference for the controllers.

Controlled variables (x, y, z, and ) along time with DNN as

According to Figure 10, we can see that the RLQR out-
performs the other controllers in terms of position errors to
the desired trajectory. From the numerical indices presented in
Table 3, we can obsetrve similar performance between the LQR
and the PID controller.

The curves presented in Figures 11, 12 and 13 represent the
results of real flights using architecture 1, where the DNN is
responsible for assisting the controller during trajectory track-
ing. Given this, the 3D view is presented in Figure 11 and the
controlled variables (x, y, 2, P) are presented in Figure 12. For
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— RLQR — LQR =—— FID — FL

FIGURE 13  Error (| norm) evolution along time for trajectory tracking
with DNN as a reference for the controllers.

TABLE 4  Performance metrics using DNN as a reference for the
controllers (Architecture 1).

DNN as reference (Architecture 1)

Metrics RLQR LQR PID FL

MAE, & (m) 0.0728 0.1115 0.1121 0.1458
Peak error (m) 0.1203 0.1493 0.1820 0.2109
Improvement, /% 13.54% 17.04% 16.15% 14.84%

this case, the error evolution is evidenced in Figure 13 and the
numerical performance indices are presented in Table 4.

Analyzing the results presented for the proposed architec-
ture 1, we can observe that, as for the first case investigated
(standalone controllers), the RLQR obtained both the lowest
trajectory tracking error and the lowest maximum error after 3
s of flight elapsed. In addition, it is again possible to visualize a
similar performance between the LQR and PID, with the LQR
controller being slightly better than the PID controller in this
case. As expected, the performance of the FL controller was
considerably lower than the other controllers, especially con-
cerning the RLQR controller. Notice according to Figure 13,
the RLQR, PID, and FL controllers showed similar convergence
times to the desired trajectory while the LQR, again, showed a
longer convergence time.

In order to analyze the proposed architecture, Table 4
presents the percentages of improvement of each controller
combined with DNN about the standalone controllers. Given
this, there is an improvement by all controllers in the trajectory
tracking task. With architecture 1, it was possible to improve
further the RLQR controller’s performance, which had already
demonstrated its effectiveness when it is working in the stan-
dalone form. Regarding the improvement percentages, we can
see that the RLQR controller obtained the highest percentage
among the evaluated controllers, with 17.04%. It performed
trajectory tracking with an error below its standalone version.

Next, Figures 14—16 present the results of real flights using
the DOBC architecture with neural network acting as a dis-

====Desired LQR —— FL
—— RLQR — PID
0.50
0.25
E
= 0.00
—0.25
—0.5 4 T

i =L

" //‘6 0.2

P( o = )
™ 0.2 o 0.2
) —0.4 —0.4 X

FIGURE 14 3D view of trajectory tracking with DNN as a disturbance
observer in DOBC architecture.

FIGURE 15 Controlled variables (x, y, 3, and 1) along time with DNN as
a disturbance observer in DOBC architecture.

— RLQR — LQR — PID — FL

FIGURE 16 Error (| norm) evolution along time for trajectory tracking
with DNN as a disturbance observer in DOBC architecture.
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TABLE 5' Performan'ce metrics using DNN as a disturbance observer in . v . v
DOBC architecture (Architecture 2).
100
DNN as a disturbance observer (Architecture 2)
Metrics RLQR LQR PID FL 30
MAE, Z (m) 0.0679 0.1062 0.1089 0.1401
Hyyy Mgt 6381wy 1 65.01 a1 6765 uy : 7531
0,
(o) gy * 3619wy, 3499wy, 3235wy, o 24.69 S
Peak error (m) 0.1069 0.1659 0.1557 0.2535 40
Improvement, /% 19.36% 20.98% 18.55% 18.17%
20
O"RLOR LOR PID FI
turbance estimator. The 3D view of the trajectory tracking is ‘ Controllers
shown in Figure 14, followed by the Figure 15, which presents
the controlled variables (x, y 2 ¢) The error evolution is dis- FIGURE 17 Control law composition for each implemented controller in
s s R . 3
played in Figure 16 and, for a quantitative analysis, evaluated the DOBC architecture.
performance indices are presented in Table 5.
Analyzing these results, we can see that the FL controller RLQR LOR o FL
showed the worst performance among the evaluated controllers. 0.40
As it was expected, the RLQR controller showed the best per- 05
formance, keeping the quadrotor close to the trajectory during s
the entire time of the experiment. In addition, it showed a ’50'30
. . g
similar convergence time to the PID controller and the low- 50.25
est maximum error after 3 s of flight, contributing to the good 2020
performance of the controller. (_% 18
A 2 0.15
Again, the overall results showed a closeness between the g
LQR and PID controllers for practical experiments with wind 210 %
disturbance. However, with the proposed architecture 2, the 0.05
LQR controller converged faster to the desired trajectory when

compared to its standalone version and architecture 1. The PID
controller continues to be the controller that converges faster to
the desired trajectory when compared to the other controllers.

Regarding the DOBC architecture, in which the network
acts as a disturbance estimator (Architecture 2), the results
showed that it could improve all controllers’ performance. Thus,
it reduced the position error and the maximum error of the
evaluated controllers. From Table 5, improvement percentages
around 18% to 20% can be observed for each controller.

The composition of the control signal can be seen in
Figure 17 together with Table 5. In this way, we can observe the
numerical indices regarding the composite control law for each
controller. Notice that for each controller, the composition of
the control law is different. In this case, the RLQR presented
the strongest influence of the control law coming from the dis-
turbance, followed by LQR and PID. On the other hand, the FL
controller was the least influenced by the disturbance control
law, with 24.69%.

The box-plot for comparing trajectory tracking performance
is shown in Figure 18, where we can see that both architec-
tures provide superior performance when compared to using
the standalone controllers.

Furthermore, as architecture 2 focuses on estimating and
attenuating external disturbances, it is possible to visualize
a superior performance for all controllers implemented with
this architecture. For quantitative analysis, the percentage of

0.00

DOBC with DNN + KF
Control Architecture

Controllers DNN + Controllers

FIGURE 18  Box-plot of the trajectory tracking performance of all

implemented controllers in each architecture.

TABLE 6 Percentage of improvement for the two proposed control
architectures compared to standalone controllers.

Control Percentage of improvement (E)

RLQR LQR PID FL
Architecture 1 13.54% 17.04% 16.15% 14.84%
Architecture 2 19.36% 20.98% 18.55% 18.17%

improvement of the two proposed control architectures in
relation to the standalone controllers is presented in Table 6.
Thus, it is possible to confirm that both control architec-
tures improved the quadrotor performance in the trajectory
tracking task.

In order to analyze the computational cost, Table 7 presents
the average computation time required for performing a single
control loop using the standalone controllers and the proposed
architectures. The results provided were obtained by running
each architecture 100 times. Notice that, for the hardware
described in the methodology section, the lowest average loop
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TABLE 7 Comparison of average loop time for the controllers inside the R, Rotation matrix
proposed architectute. 04 Continuous state uncertainty mattix
Architecture RLQR LQR FL PID 6B Continuous input uncertainty mattix
N N d  External disturbance
Standalone (s) 0.0037 0.0032 1.2608e-05 7.0953e-06 . . .
B, Matrix mapping the external disturbance
Architecture 1 (s) 0.0039 0.0033 9.0941e-04 1.3125e-05 m  Quadrotor mass
Architecture 2 (s) 0.0043 0.0036 7.7599¢-04 9.7755¢-04 [fZ Moment of inertia with tespect to the Z-axis
g Trajectory tracking error
qd Desired trajectory vector
time was 70us, and the highest was 4.3 ms. In this sense, for #  Virtual control input
the scenario that requires more computational cost, the algo- 7 Identity matrix
rithm can still keep an update rate of 230 Hz for the trajectory x  Augmented error state vector
tracking task. 2y Output of a dynamic system
IV Synaptic weight of the neural network
7 Learning rate
8 | CONCLUSIONS V  Gradient operator
v, Momentum term

In this paper, we implemented two robust and intelligent archi-
tectures for position control of a quadrotor in the trajectory
tracking task. The two proposed architectures are formed by an
RLQR controller and DNNs that provide a reference signal to
the controller (Architecture 1) and estimate wind disturbances
affecting the quadrotor (Architecture 2). In addition, we used
three other controllers within the proposed framework for com-
patison purposes: LQR, PID, and FL. This approach allows
us to assess not only the individual performance of each con-
troller but also the overall effectiveness of the architectures
when implemented with different control strategies The results
showed a performance improvement in the trajectory track-
ing task for all the implemented controllers combined with the
DNNSs. This combination provides a remarkable gain in flex-
ibility and adaptability, allowing for real-time decision-making
based on historical or live data. Moreover, By implement-
ing a DOBC architecture, we effectively address two critical
challenges: parametric uncertainties and external disturbances.
The inherent advantage of utilizing the RLQR as the core
controller is its reliance on a single auxiliary parameter, requir-
ing tuning. Nevertheless, the stability region of this controller
remains constant, ensuring optimality across a broad spectrum
of parametric uncertainties. This strategic integration not only
enhances robustness but also upholds performance in dynamic
environments, positioning it as a promising path for advancing
quadrotor capabilities. Future work will validate the proposed
control architectures through flights in outdoor environments.
Also, due to the modular architecture developed, it will be
possible to test the two proposed architectures combined.

NOMENCLATURE

Pitch angle

Roll angle

Yaw angle

State vector
Continuous state matrix

H P & oe

Continuous input matrix

5“(\7 D [1] '9' o \N@

S8

”[ on

Uit
C
K[{}/ﬂ

Gy

Momentum effect adjustment constant
Regulation term for RMSProp
Second-order momentum term
First-order momentum term

Control inputvector

Discrete state matrix

Discrete input matrix

Discrete state uncertainty matrix
Discrete input uncertainty matrix
RLQR/LQR controller gain
Closed-loop system matrix for RLQR/LQR
State weighting matrix

Control input weighting matrix
Weighting matrix for RLQR/LQR
Cost function for RLQR/LQR
Penalty parameter

Known uncertainty matrix for F
Known uncertainty matrix for G
Auxiliary uncertainty matrix
Contraction matrix

Proportional gain

Derivative gain

Integral gain

Discretized augmented state vector
Discretized augmented state matrix
Discretized augmented input matrix
Observation matrix

Measurement vector

Discretized disturbance

Derivative of discretized disturbance
Composite control law

Disturbance compensation control law
System output matrix

Compensation gain

Discretized external disturbance mapping matrix
Disturbance estimate
Proportional-derivative compensator
Proportional gain of the compensator
Angular velocity

Trajectory radius
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