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Abstract: This research study presents a new adaptive attitude and altitude controller for an aerial
robot. The proposed controlling approach employs a reinforcement learning-based algorithm to ac-
tively estimate the controller parameters of the aerial robot. In dealing with highly nonlinear systems
and parameter uncertainty, the proposed RL-based adaptive control algorithm has advantages over
some types of standard control approaches. When compared to the conventional proportional integral
derivative (PID) controllers, the results of the numerical simulation demonstrate the effectiveness
of this intelligent control strategy, which can improve the control performance of the whole system,
resulting in accurate trajectory tracking and altitude control of the vehicle.

Keywords: RL robot control; RL model predictive control; reinforcement learning for vehicle control;
PID reinforcement learning; RL adaptive PID; reinforcement learning drone control

1. Introduction
1.1. Control Problem of Aerial Robots

Aerial robots have become increasingly popular in recent decades. Quadrotors, in
particular, have piqued the attention of the scientific community, with several important
discoveries and applications proposed and tested. Despite significant advancements, aerial
robot control is still regarded as a very active field of research. Aerial robot controllers, on
the one hand, need the ability to acquire, process, and calculate forces to apply to vehicle
actuators in a very time-critical way. The flight controllers for aerial robots, on the other
hand, should be able to resist failures and respond to changes in payload and disturbances.
Flight control systems for aerial robots are usually implemented using proportional integral
derivative (PID) control algorithms [1]. PIDs have proved their acceptable performance
in some circumstances, such as racing drones, where fast control responses are crucial. A
PID controller works close to optimally in stable settings and environments. Hence, most
commercial aerial robot flight controllers use PIDs for both attitude and altitude control.

However, PID controllers are unable to properly control a robot when faced with un-
expected dynamics disturbances (such as variable payloads) [2–12]. External disturbances
(e.g., wind) can also reduce the accuracy of trajectory tracking by weakening attitude
controller performance. The problem is that model-free controllers are unable to fully cover
the complicated variations in nonlinear dynamics behavior of a quadrotor, causing the
controller to lose stability and robustness [13]. This problem motivated some researchers to
develop optimal and nonlinear model-based controllers to control aerial robots. Nonlinear
Model Predictive Control (NMPC) is one of the most widely used optimal model-based
control algorithms in many recent research works. The controller, as the name implies, uses
a model of the system to forecast the future behavior of the robot in response to the current
control input. A model predictive controller has some advantages over its model-free
counterparts. Not only does the controller outperform its model-free equivalents in terms
of control performance, but it also has the ability to take into account some constraints,
which is a key element in some flight maneuvers such as obstacle avoidance [14]. Despite
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its benefits over previous model-free techniques, MPC is vulnerable to failure when the
prediction model of the controller does not account for fluctuations in the dynamical system
under control.

When it comes to controlling an aerial robot, it should be noted that the aerial robot
controller needs to control both the altitude and the attitude of the robot. In order to
implement a full optimal model-based controller for an aerial robot, some researchers
proposed employing NMPC for both altitude and attitude controllers, while taking some
measures to reduce its dependency on an accurate model of the robot. Some studies
endeavored to mitigate the problem by using learning algorithms (e.g., a Gaussian process
or neural networks) that actively estimate the dynamics parameters of the robot and update
the prediction model in real time [15–20]. Although the resultant topologies improved the
performance of the controller after learning the dynamical variations of the system, the
methods have the potential to increase computation costs.

Despite the fact that the aforementioned optimal control algorithms partially managed
to improve the overall performance of controllers, they need powerful and fast processors
to compute the online optimization problem. In order to avoid imposing high computing
costs on the system, a number of research studies proposed using linear model predictive
control (LMPC) [21–23]. The advantage of LMPC is its low computation cost, as compared
with its nonlinear counterpart. The controller, however, does not provide a good response
for attitude control when there is too much variation in the parameters of the dynamical
system. The problem stems from the fact that the prediction model in the linear MPC uses
a linearized model around its ideal working point. The linearized model, however, is not
sufficient to be used as a prediction model for the attitude control of aerial robots that need
to do challenging maneuvers. Although the LMPC is not an ideal controller for attitude
control, it is sufficient for altitude control, because most aerial robots fly at low altitudes
with limited variation in elevation; thus, the linearized model around that working altitude
can cover the behavior of a flying robot [24,25].

Although PID controllers cannot fully cover fluctuations in system dynamics, they
provide fast control response, which is a crucial ability for an aerial robot that requires agile
attitude control responses to avoid obstacles and perform demanding maneuvers (e.g.,
delivery aerial robots in urban areas) [26]. In previous research efforts, many researchers
have explored a variety of techniques to mitigate the problem in conventional standard
PIDs. Several studies combined online tuning approaches with PID control to lessen the
impact of changes in vehicle dynamics and disturbances [27]. A number of researchers
opted for training neural networks to actively update the PID gain values of aerial drone
controllers [28,29]. However, neural network training needs a large database of labeled data.
Another widely used approach to actively tune the PID control is the fuzzy-logic-based
auto-tuning algorithm [30–32]. The drawback of the fuzzy-logic-based tuning strategy
is that the efficiency of algorithm is strongly reliant on the fuzzy rules and the inference
system set by the designer. However, some fluctuations in the system dynamics may be
unanticipated, resulting in the generation of inaccurate control gain coefficients by the
fuzzy logic [33].

In addition to the aforementioned optimal control and active tuning approaches
(for PIDs), Reinforcement Learning (RL) and Deep Reinforcement Learning (DRL) are
other new approaches that have recently made their way into the field of aerial robots
control. RL and DRL do not require an accurate model of the plant under control or human
designed control rules, in contrast to fuzzy logic that depends on the expert’s expertise. As
a result, these machine learning approaches have attracted the attention of many academics
working on the control of systems with uncertain dynamical models [34–36]. Unlike neural
network-based control techniques, deep reinforcement learning does not require large
labeled datasets. This is a major benefit, since labelling data for all critical scenarios become
more and more expensive as the number of required data grows. Another important
advantage of deep reinforcement learning for control is its capability to directly map image
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features to control states, thereby resolving the need for the implementation of complex
state estimators and image processing algorithms in some special cases [37].

1.2. Related Works

Some researchers have already applied RL algorithms to control aerial robots. How-
ever, the bulk of studies focused on directly using RL algorithms to control aerial robots.
As an example of these efforts, in a research study published in [38], a deep reinforcement
learning algorithm was employed to control a fixed-wing aerial robot. The nonlinearities
of the dynamics model, as well as the coupling effect between lateral and longitudinal
control, were taken into account in the mentioned research study. The Proximal Policy
Optimization (PPO) is the RL algorithm utilized in the study. Similarly, another research
paper [39] employed PPO to regulate the attitude of a quadcopter. A research study pre-
sented in [40] employed a control system to achieve accurate autonomous driving of an
aerial vehicle while landing on a platform. In the latter research paper, the Deep Q-learning
Network (DQN) is the cornerstone of the controlling approach to mapping the images
of poor quality to control states. Although the DQN method appears to be a promising
approach for tackling vision-based control problems, it has significant drawbacks that limit
its usage in more advanced vehicle control tasks that rely on image processing. As another
example of this series of research efforts, a research study published in [41], leveraged an
RL-based approach to control an aerial robot with the objective of capturing photographs of
a person’s front view, particularly his face. RL-based controllers also have found their ways
into the world of morphing aerial robots. For instance, a work presented in [42] used a
combination of the PPO algorithm with a PID controller to control a morphing aerial robot.

In contrast to the majority of the mentioned works that used RL algorithms to directly
control aerial robots, some researchers opted not to use RL for that purpose. Instead,
some attempts have been made to use the RL-based algorithm as a foundation for active
tuning and state estimation mechanisms for other classical controllers. The drawback of a
direct RL-based control algorithm is its slow response, compared with that of conventional
PID controllers that provide very fast controlling responses [43]. In addition, direct deep
reinforcement learning-based controlling approaches does not provide any analytical
guarantees for the stable response and robustness in the control process, as unexplainable
neural networks underpin its structure. However, RL has the potential to be used along
with traditional control algorithms to provide adaptive and robust controllers.

As an example of the latter approach, the research study reported in [44] employed
a fault-tolerant RL-based adaptive controller that combined an RL-based adaptive algo-
rithm (in the study PPO) with a PID controller and an Unscented Kalman Filter (UKF)
to develop a fault-tolerant RL-based adaptive controller. The proposed controlling strat-
egy has employed a hybrid of parameter estimation and a deep reinforcement learning
method. When the value of the parameters associated with faults affected the controller
performance, the algorithm updated the PID controller. Although the findings of the study
revealed a satisfactory control response for altitude control, the attitude control response
did not provide clear superiority over earlier conventional controllers. Another research
study [45] developed an adaptive neuro-fuzzy PID controller for nonlinear systems based
on the Twin Delayed Deep Deterministic Policy Gradient (TD3) method. The observation
of the environment is integrated with information from a multiple-input single-output
(MISO) fuzzy inference system (FIS) and has a specifically defined fuzzy PID controller
functioning as the actor in the TD3 method, which provides automated tuning of fuzzy
PID controller gains.

1.3. Research Objectives

The majority of the aforementioned research studies focused solely on improving
either attitude control performance or altitude controller response. In addition, it must be
noted that some DRL algorithms are more efficient for attitude control (e.g., PPO), while
another group of DRL algorithms (e.g., DDPG) shows better performance in improving
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trajectory tracking [46]. In order to compensate for fluctuations in the dynamics of the
aerial robot, in the proposed controlling architecture, a reinforcement learning algorithm
interacts with the system and learns adaptation policies for actively updating the gains
of the controllers. To adjust the parameters of the attitude PID controller, the trained
policy actively creates appropriate control gain values. Similarly, the scaling factor of the
compensator is updated using actions generated by the RL agent. The aerial RL-based
adaption algorithm is trained in a simulated environment in MATLAB software.

The rest of this paper is organized as follows: In Section 2, the dynamic model of a
quadrotor is discussed. In Section 3, the control problem of the aerial robot is addressed,
where the altitude and attitude control of the robot is discussed before introducing the
proposed RL-based adaptive control framework. The applicability and efficacy of the
proposed control strategy are evaluated in a simulated environment in Section 4. Finally,
Section 5 summarizes the research findings.

2. Aerial Robot Dynamics

The aerial robot used in this research study is a quadcopter. Quadcopters are substan-
tially underactuated, with six degrees of freedom (three translational and three rotational)
and only four distinct inputs (rotor speeds). Rotational and translational motions are
coupled to achieve six degrees of freedom. After accounting for the intricate aerodynamic
effects, the resulting dynamics is highly nonlinear. As another property of quadcopters,
it must be noted that, unlike conventional helicopters, the rotor blade pitch angle in a
quadcopter does not need to be varied.

2.1. Quadcopter Coordinate Frames, Forces, and Torques

The reference coordinate frame and the coordinate frame of the vehicle body must be
determined before building a mathematical model of the quadrotor, as shown in Figure 1.

The ground and the reference coordinate frames are both tied to <E

(
O,
→
I ,
→
J ,
→
K
)

. The

<B

(
o,
→
i ,
→
j ,
→
k
)

is a coordinate frame that is attached to the body of the vehicle and has its

center aligned with the center of mass of the robot.
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In this research study, the dynamical equations governing the quadcopter were derived
from the text published in [47]. The following assumptions were taken into consideration
in order to determine the examined equations of the motion of the system:
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• The aerial robot consists of a stiff body with a symmetrical structure.
• The geometrical center of the robot is the same as its center of gravity and mass.
• The moment of inertia of the propellers has been overlooked.

The dynamical model of the system could be constructed by taking into account both
the translational dynamic (Newton’s second law) and the rotational dynamic (Euler’s
rotation equations).

2.2. Translational Dynamics

The following forces acted on the system being studied:

• The total weight of the vehicle, as expressed in Equation (1).
• The generated thrust of rotors, which can be calculated using Equation (2).
• As indicated in Equation (3), the drag force and air friction.

w =

 0
0
−mg

 (1)

Ft = R ∑4
i=1 Fi = b ∑4

i=1(ωi)
2

 sin ϕ sin ψ + sin θ cos ψ cos ϕ
− sin ϕ cos ψ + sin ψ cos ϕ sin θ

cos θ cos ϕ

 (2)

Fd = Cd
.
ξ = −

 Cdx 0 0
0 Cdy 0
0 0 Cdz

 .
x
.
y
.
z

 = −

 Cdx
.
x

Cdy
.
y

Cdz
.
z

 (3)

F = m
..
ξ = w + Ft + Fd (4)

In the equations, the gravity acceleration is denoted by g. In Equation (2), the Euler
angles are represented by (ϕ, θ, ψ). The rotation transform matrix, the angular velocity of
the ith propeller, and the thrust constant are represented by R, ωi, and b, respectively. In
Equation (3), Cd is the matrix of translational drag coefficients. The position of the center of
mass (ξ) in the flat earth coordinate is defined as a 3 by 1 vector. The equation of motion
that describes the translational motion of a quadcopter can be stated as follows, using
Newton’s second law:

..
x =

1
m

(
b

4

∑
i=1

(ωi)
2(sin ϕ sin ψ + cos ϕ sin θ cos ψ)− Cdx

.
x

)
(5)

..
y =

1
m

(
b

4

∑
i=1

(ωi)
2(− sin ϕ cos ψ + sin ψ cos ϕ sin θ)− Cdy

.
y

)
(6)

..
z =

1
m

(
b

4

∑
i=1

(ωi)
2(cos θ cos ϕ)− Cdz

.
z− gm

)
(7)

2.3. Rotational Dynamics

A quadrotor is affected by roll, pitch, and yaw torques, as well as by an aerodynamic
friction torque and the gyroscopic effect of the propeller. The torques are expressed as
follows, in Equations (8)–(12):

τx =

 0
−l
0

×
 0

0
F2

+

 0
l
0

×
 0

0
F4

 =

 lb
(
ω4

2 −ω2
2)

0
0

 (8)
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τy =

 l
0
0

×
 0

0
F1

+

 −l
0
0

×
 0

0
F3

 =

 0
lb
(
ω3

2 −ω1
2)

0

 (9)

τz =

 0
0

d ∑4
i=1(ωi)

2

 (10)

τa = Ca


.
ψ

2

.
ϕ

2

.
θ

2

 =

 Caz
.
ψ

2

Cax
.
ϕ

2

Cay
.
θ

2

 (11)

τgp = JrΩr

 0
.
θ
− .

ϕ

 (12)

where l is the distance between the motor axis and the center of mass of the quadcopter. In
Equation (11), Ca is a 3 by 3 matrix of aerodynamic friction coefficients. In Equation (12),
Jr and Ωr, respectively, are the inertia and rotation velocity of rotors. Applying Euler’s
rotation equations yields the equations of motion (Equations (13)–(15)) that govern the
rotating motion of the quadrotor. In the equations, Ix, Iy, and Iz are moments of inertia
along the x, y, and z directions respectively:

..
ϕ =

1
Ix

(
−Cax

.
ϕ

2 − JrΩr
.
θ −

(
Iz − Iy

) .
θ

.
ψ+ lb

(
ω4

2 −ω2
2
))

(13)

..
θ =

1
Iy

(
−Cay

.
θ

2
− JrΩr

.
ϕ− (Ix − Iz)

.
ϕ

.
ψ + lb

(
ω3

2 −ω1
2
))

(14)

..
ψ =

1
Iz

(
−Cay

.
θ

2
− JrΩr

.
ϕ− (Ix − Iz)

.
ϕ

.
ψ +

4

∑
i=1

(−1)i+1ωi
2

)
(15)

2.4. Dynamics Model of the Quadcopter

Having considered both translational and rotational dynamics, the entire dynamic
model of the quadcopter could be stated as follows:

..
x =

1
m
(
u1ux − Cdx

.
x
)

(16)

..
y =

1
m

(
u1uy − Cdy

.
y
)

(17)

..
z =

1
m
(
u1(cos θ cos ϕ)− Cdz

.
z− gm

)
(18)

..
ϕ =

1
Ix

(
−Cax

.
ϕ

2 − JrΩr
.
θ −

(
Iz − Iy

) .
θ

.
ψ+ u2

)
(19)

..
θ =

1
Iy

(
−Cay

.
θ

2
− JrΩr

.
ϕ− (Ix − Iz)

.
ϕ

.
ψ + u3

)
(20)

..
ψ =

1
Iz

(
−Cay

.
θ

2
− JrΩr

.
ϕ− (Ix − Iz)

.
ϕ

.
ψ + u4

)
(21)

where u is a vector expressed as follows (in the equations, d is the drag coefficient):

ux = (sin ϕ sin ψ + cos ϕ sin θ cos ψ) (22)

uy = (− sin ϕ cos ψ + sin ψ cos ϕ sin θ) (23)
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u1
u2
u3
u4

 =


b b b b
0 −lb 0 lb
−lb 0 lb 0

d −d d −d




ω1
2

ω2
2

ω3
2

ω4
2

 (24)

3. Quadcopter Control
3.1. Controller Framework

A quadcopter is an underactuated system, which means that six degrees of freedom
in space are controlled by just four motors. Hence, controllers in such vehicles must be
designed for a subset of four degrees of freedom. Furthermore, the fact must be taken into
account that the control of the x and y positions in space is influenced by changes in the
pitch and roll angles. Having considered the aforementioned relationships, the control of a
quadrotor is normally designed for two independent subsets of coordinates. The necessity
for a swashplate mechanism is eliminated with four separate rotors. The swashplate
mechanism was necessary to give the helicopter more degrees of freedom, but the same
level of control can be achieved by simply adding two more rotors, as implemented in
the structure of quadcopters. Despite the fact that the command is for three position
coordinates (x, y, z) plus yaw angle, the control algorithm employs both roll and pitch
orientation controllers. In the inertial coordinate system, the control signals of three position
controllers define a force vector (thrust). The setpoints (u1x, u1y) transmitted to the roll and
pitch controls are considered as the orientation of the vector. The stated architecture, as
well as the elements of our proposed controllers, are depicted in Figure 2, which will be
explored in the next sections.

Appl. Sci. 2022, 12, x FOR PEER REVIEW 7 of 22 
 

3.1. Controller Framework 
A quadcopter is an underactuated system, which means that six degrees of freedom 

in space are controlled by just four motors. Hence, controllers in such vehicles must be 
designed for a subset of four degrees of freedom. Furthermore, the fact must be taken into 
account that the control of the x and y positions in space is influenced by changes in the 
pitch and roll angles. Having considered the aforementioned relationships, the control of 
a quadrotor is normally designed for two independent subsets of coordinates. The neces-
sity for a swashplate mechanism is eliminated with four separate rotors. The swashplate 
mechanism was necessary to give the helicopter more degrees of freedom, but the same 
level of control can be achieved by simply adding two more rotors, as implemented in the 
structure of quadcopters. Despite the fact that the command is for three position coordi-
nates (x, y, z) plus yaw angle, the control algorithm employs both roll and pitch orienta-
tion controllers. In the inertial coordinate system, the control signals of three position con-
trollers define a force vector (thrust). The setpoints (𝑢1 , 𝑢1 ) transmitted to the roll and 
pitch controls are considered as the orientation of the vector. The stated architecture, as 
well as the elements of our proposed controllers, are depicted in Figure 2, which will be 
explored in the next sections. 

 
Figure 2. The elements of the proposed control architecture of the quadcopter. 

The altitude controller and the attitude controller are the two main parts of the con-
trol architecture. The altitude controller, as shown in Figure 2, maintains the altitude of 
the aerial robot at the required level. In most commercial aerial robots, the altitude con-
troller is a PID controller with fixed control gain values. In this research, a proposed con-
trol architecture consisting of a MPC controller and a gravity compensator is proposed as 
a replacement for conventional PID controllers. The scaling factor of the compensator is 
adaptively adjusted during the operation of the robot, using actions generated by the re-
inforcement learning agent. The robot attitude controller is the second major controlling 
component of the system. The controller is made up of two distinct PID controller blocks. 
The difference between the desired x and y position and the actual x and y location in 
space is measured and defined as the position error in 2D. The x-position and y-position 
PID controllers in the outer loop were designed to minimize the error. The control com-
mands of the position controllers are transformed to appropriate roll and pitch setpoints. 
The inner loop PID controllers use the resulting roll and pitch setpoints as reference in-
puts. The control gain values of the inner loop PID controllers are constant in our pro-
posed control architecture, whereas the control gain values of the outer loop PID control-
lers are adaptively adjusted using trained policy from the RL-based adaptation algorithm. 

  

Figure 2. The elements of the proposed control architecture of the quadcopter.

The altitude controller and the attitude controller are the two main parts of the control
architecture. The altitude controller, as shown in Figure 2, maintains the altitude of the
aerial robot at the required level. In most commercial aerial robots, the altitude controller
is a PID controller with fixed control gain values. In this research, a proposed control
architecture consisting of a MPC controller and a gravity compensator is proposed as a
replacement for conventional PID controllers. The scaling factor of the compensator is
adaptively adjusted during the operation of the robot, using actions generated by the
reinforcement learning agent. The robot attitude controller is the second major controlling
component of the system. The controller is made up of two distinct PID controller blocks.
The difference between the desired x and y position and the actual x and y location in space
is measured and defined as the position error in 2D. The x-position and y-position PID
controllers in the outer loop were designed to minimize the error. The control commands
of the position controllers are transformed to appropriate roll and pitch setpoints. The
inner loop PID controllers use the resulting roll and pitch setpoints as reference inputs.
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The control gain values of the inner loop PID controllers are constant in our proposed
control architecture, whereas the control gain values of the outer loop PID controllers are
adaptively adjusted using trained policy from the RL-based adaptation algorithm.

3.2. Attitude Control

To control the attitude of the robot, an architecture comprising of RL-based adaptive
controllers is proposed in this study. The outer loop PID controllers were designed to gener-
ate the u1x and u1y virtual control signals as described in Equations (25)–(28). Equation (29)
is used to convert the control commands from outer loop PIDs to the necessary roll and
pitch reference values for the inner-loop PID controllers.

ex = xdes − x (25)

ey = ydes − y (26)

u1x = (Kpx·ex) +
(
Kdx·

.
ex
)
+ (Kix

∫
ex dt) (27)

u1y =
(
Kpy·ey

)
+
(
Kdy·

.
ey
)
+ (Kiy

∫
ey dt) (28)[

ϕd
θd

]
=

1
g

[
sin(ψdes)− cos(ψdes)
cos(ψdes)− sin(ψdes)

][
u1x
u1y

]
(29)

As indicated in Equations (30)–(32), three PID controllers were implemented in the
inner loop PID control block to provide manipulated variables for robot attitude control.

u2 = Kp2(ϕd − ϕ) + Kd2
( .

ϕd −
.
ϕ
)
+ Ki2

∫
(ϕd − ϕ) dt (30)

u3 = Kp3(θd − θ) + Kd3

( .
θd −

.
θ
)
+ Ki3

∫
(θd − θ) dt (31)

u4 = Kp4(ψd − ψ) + Kd4

( .
ψd −

.
ψ
)
+ Ki4

∫
(ψd − ψ) dt (32)

The optimal control gains for the inner loop PID controllers were obtained, based on
several trials and errors. The obtained gain coefficients are listed in Table 1. The control
gains of outer loop PID controllers are actively estimated and adjusted by the RL agent.

Table 1. Control gain values of the inner-loop PID controllers.

PID Control Kp Ki Kd

Roll (ϕ) 0.021 0.011 0.003
Pitch (θ) 0.014 0.03 0.001
Yaw (ψ) 0.002 0.07 0.013

3.3. Altitude Control

In this study, the proposed altitude controller utilizes a linear model predictive con-
troller and a gravity compensator in its controlling architecture. The gravity compensator
is responsible for alleviating the effect of forces that arise from fluctuations in the weight
of the robot. The scaling factor of the compensator is adaptively updated using the RL
policy. The proposed algorithm aimed to mitigate the impact of disturbances arising from
changes in the weight of the robot on the performance of the aerial robot in trajectory
tracking and altitude stabilization. The MPC is based on an iterative, finite-horizon robot
model optimization. The present states of the quadcopter are sampled at time t, and a
cost-minimizing control strategy for a relatively short time horizon in the future [t, t + T] is
computed (using a numerical minimization technique). At each control interval, model
predictive control solves an optimization problem, a quadratic program (QP). Until the
next control interval, the solution generated a sequence of manipulated variables to be
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applied to the robot. A series of online optimizations are run to estimate possible state
trajectories that would arise from the present states. Furthermore, the solution identifies a
cost-minimizing control strategy (by the solution of Euler–Lagrange equations) from t until
time ran out at t + T. Although the MPC computes a series of manipulated variables, only
the first step of the computed control strategy is applied to the quadcopter, after which the
updated states of the robot are sampled again and the computations are repeated using
the updated states, resulting in computation of fresh control inputs and a new anticipated
state route. Figure 3 shows the relationship between the prediction horizon and generated
control inputs.

Appl. Sci. 2022, 12, x FOR PEER REVIEW 9 of 22 
 

only the first step of the computed control strategy is applied to the quadcopter, after 
which the updated states of the robot are sampled again and the computations are re-
peated using the updated states, resulting in computation of fresh control inputs and a 
new anticipated state route. Figure 3 shows the relationship between the prediction hori-
zon and generated control inputs. 

 
Figure 3. Prediction horizon and predicted control inputs in MPC. 

Model predictive control is considered as a multivariable controlling algorithm in-
corporating the following components: 
• A dynamics model of the system under control. 
• A cost function J.  
• An optimization mechanism. The optimal manipulated variable (𝑢 ) is computed 

by minimizing the cost function J using the optimization algorithm. 
A typical cost function in the MPC algorithm is made up of four terms, each of which 

focuses on a different element of controller performance (k represents the current control 
interval): 𝐽(𝒅 ) = 𝐽 (𝒅 ) + 𝐽 (𝒅 ) + 𝐽∆ (𝒅 ) (33)𝒅 = [𝑢 (𝑘|𝑘) 𝑢 (𝑘 + 1|𝑘) … 𝑢 (𝑘 + 𝑝 − 1|𝑘)] (34)

where dk signifies optimal control inputs that are obtained by solving a quadratic pro-
gramming (QP) problem, as indicated in Equation (34). In Equation (33), JRT(dk) is refer-
ence tracking cost. Here, Ju(dk) and JΔu(dk) are representations of manipulated variable 
tracking and manipulated variable move suppression, respectively. The last cost term in 
Equation (33), JΔu(dk), decreases the control effort, thereby reducing the energy consump-
tion of the actuators (e.g., the dc motors of the quadrotor). The MPC cost function can be 
formulated as follow:  𝐽(𝒅 ) = [𝒆𝑹𝑻𝑻 (𝑘 + 𝑖)𝑸 𝒆𝑹𝑻(𝑘 + 𝑖)] + [𝒆𝒖𝑻(𝑘 + 𝑖)𝑹𝒆𝒖(𝑘 + 𝑖)] +[∆𝒖𝑻(𝑘 + 𝑖)𝑹∆𝒖∆𝒖(𝑘 + 𝑖)] (35)

In Equation (35), 𝑸 is a (𝑛 × 𝑛 ) weight matrix (𝑛  is the number of plant output 
variables). Here, 𝑹, and 𝑹∆𝒖  (𝑛𝒖 × 𝑛𝒖 ) are positive-semi-definite weight matrices (𝑛𝒖 
represents the number of manipulated variables). In the aforementioned cost function, p 
is the prediction horizon, which can be adjusted according to the controller performance 
and the processing power of the hardware. In Equation (35), 𝒆𝑹𝑻 , 𝒆𝒖, and  ∆𝒖 can be com-
puted, using Equations (36)–(38). 𝒆𝑹𝑻(𝑖 + 𝑘) = 𝒓(𝑘 + 𝑖 + 1|𝑘) − 𝒚(𝑘 + 𝑖 + 1|𝑘) (36)𝒆𝒖(𝑖 + 𝑘) = 𝒖𝒅𝒆𝒔(𝑘 + 𝑖|𝑘) − 𝒖𝑴𝑷𝑪(𝑘 + 𝑖|𝑘) (37)

Figure 3. Prediction horizon and predicted control inputs in MPC.

Model predictive control is considered as a multivariable controlling algorithm incor-
porating the following components:

• A dynamics model of the system under control.
• A cost function J.
• An optimization mechanism. The optimal manipulated variable (uMPC) is computed

by minimizing the cost function J using the optimization algorithm.

A typical cost function in the MPC algorithm is made up of four terms, each of
which focuses on a different element of controller performance (k represents the current
control interval):

J(dk) = JRT(dk) + Ju(dk) + J∆u(dk) (33)

dk = [uMPC(k|k) uMPC(k + 1|k) . . . uMPC(k + p− 1|k)] (34)

where dk signifies optimal control inputs that are obtained by solving a quadratic pro-
gramming (QP) problem, as indicated in Equation (34). In Equation (33), JRT(dk) is refer-
ence tracking cost. Here, Ju(dk) and J∆u(dk) are representations of manipulated variable
tracking and manipulated variable move suppression, respectively. The last cost term in
Equation (33), J∆u(dk), decreases the control effort, thereby reducing the energy consump-
tion of the actuators (e.g., the dc motors of the quadrotor). The MPC cost function can be
formulated as follow:

J(dk) = ∑
p−1
i=0 [e

T
RT(k + i)QeRT(k + i)] + [eT

u(k + i)Reu(k + i)]
+
[
∆uT(k + i)R∆u∆u(k + i)

] (35)

In Equation (35), Q is a (nRT × nRT) weight matrix (nRT is the number of plant output
variables). Here, R, and R∆u (nu × nu) are positive-semi-definite weight matrices (nu
represents the number of manipulated variables). In the aforementioned cost function, p is
the prediction horizon, which can be adjusted according to the controller performance and



Appl. Sci. 2022, 12, 4764 10 of 23

the processing power of the hardware. In Equation (35), eRT , eu, and ∆u can be computed,
using Equations (36)–(38).

eRT(i + k) = r(k + i + 1|k)− y(k + i + 1|k) (36)

eu(i + k) = udes(k + i|k)− uMPC(k + i|k) (37)

∆u(k + i) = uMPC(k + i|k)− uMPC(k + i− 1|k) (38)

The reference value (or reference values) given to the controller at the ith prediction
horizon step is specified as r(k + i|k). Similarly, the value (or values) of nRT outputs
variables of the plant, sampled at the ith prediction horizon step, is defined as y(k + i|k) .
In the equation, udes(k + i|k) reflects the value (or values) of nu desired control inputs
corresponding to uMPC(k + i|k). In the proposed MPC control architecture, in this paper,
there is one manipulated variable, uMPC(k + i|k) . In addition, in this paper, y(k + i|k) is
the altitude (z position) of the robot, while r(k + i|k) is the desired altitude for the robot. In
order to reduce the controller effort and alleviate the effects of arising fluctuations in the
weight of the aerial robot, this study proposed to use a gravity compensator after the MPC
controller. The final altitude control input u1 is defined as:

u1 = uMPC(k|k)− g(nominal mass o f the robot + a1) (39)

In Equation (39), a1 is the scaling factor of the compensator that is actively estimated
by the RL policy. In order to evaluate the performance of the proposed control architecture
in controlling an aerial robot, a dynamics model of a commercial aerial robot named Parrot
was chosen and implemented in the simulator environment as the aerial robot under
control. The dynamics model specifications of the employed Parrot quadcopter are listed
in Table 2.

Table 2. The Parrot aerial robot model specifications [48].

Specification Parameter Unit Value

Drone Mass m kg 0.063
Lateral Moment Arm l m 0.0624

Thrust Coefficient b N·s2 0.0107
Drag Coefficient d N·m·s2 0.7826 × 10−3

Rolling Moment of Inertia Ix Kg·m2 5.82857 × 10−5

Pitching Moment of Inertia Iy Kg·m2 7.16914 × 10−5

Yawing Moment of Inertia Iz Kg·m2 0.0001
Rotor Moment of Inertia Ir Kg·m2 0.1021 × 10−6

This research study employs a linear model predictive control. Hence, a linear state-
space model of the quadcopter is required. Equation (40) describes the standard form
of a linear time-invariant (LTI) state-space model, which has p inputs, q outputs, and n
state variables. .

x = Ax + Bu
y = Cx + Du

(40)

where x, y, and u are the state vector, the output vector, and the input vector, respectively.
In the equation, A, B, and C are (n× n), the state matrix; (n× p), the input matrix; and
(q× n), the output matrix, respectively. It should be noted that D is a (q× p) feedforward
matrix. The D matrix is zero in this study, as there is no direct feedthrough. The linear
model was computed around the operational point in the state-space model using the
MPC Designer app in the Model Predictive Control Toolbox. The toolbox included in the
MATLAB software provides control blocks for developing not only linear model predictive
control but also nonlinear and adaptive model predictive controllers. In addition, the
MPC Designer app included in the software package facilitates the design of an LMPC by
automating the processes for plant linearization and tuning the controller parameters. The
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state-space parameters of the linearized plant can be found in the MPC object (MPCobj)
generated by the MPC Designer app. The Simulink MPC Designer linearizes each block in
the model independently, then combines the outputs of the individual linearized models to
produce the linearized model of the whole plant. Table 3 presents the resulting values for
the state-space model generated by the app.

Table 3. The parameters of the state space model.

Parameter Value

A
[

1 0
1.985× 10−4 1

]
B

[
7.94× 10−3

1.985× 10−4

]
C

[
0 1

]
D 0

3.4. Deep Reinforcement Learning for Online Parameter Estimation and Tuning

The proposed parameter estimation approach in the study utilizes a DRL algorithm to
actively estimate and adjust the parameters both in PID controllers and the compensator. A
reinforcement learning agent was developed in the Simulink environment to construct an
adaption topology for actively estimating the tuning parameters of the designed controllers.
In the first stage, the reinforcement learning algorithm interacted with the dynamics model
of the robot (in the simulator environment) to learn the appropriate tuning rules. During
the operation time of the robot, the trained policy is used to actively adjust the gain values
of the controllers. In this study, the RL algorithm is the Deep Deterministic Policy Gradient
(DDPG). The DDPG is an approach that combines the idea from DPG with the Deep
Q-learning Network (DQN) to create an off-policy algorithm that is able to work with
continuous action space [49]. It aims to generate the optimal action policy for the agent to
maximize rewards while fulfilling its objectives [50]. The DDPG algorithm can work over
continuous action spaces, which is a significant challenge for traditional RL approaches
such as Q-learning. The DDPG algorithm is a hybrid technique that incorporates both
the policy gradient and the value function. The architecture of DDPG is based on the
actor-critic framework. In the algorithm, the actor refers to the policy function, whereas the
critic refers to the value function Q. The critic network evaluates the actions of the actor
based on the rewards and the subsequent state resulting from the environment. The role
of the critic is to adjust the weights of the actor network so that the future actions of the
actor result in the highest potential cumulative reward. The goal in the DDPG algorithm is
to learn a parameterized deterministic policy µθ(s), such that the obtained optimal policy
maximizes the expected reward over all states reachable by the policy:

J(θ) = Es∼ρµ [R(s, µθ(s))] (41)

where ρµ is the distribution of all states reachable by the policy. It is proven that maximizing
the returns or true Q-value of all actions leads to the same optimal policy. This is an idea
introduced in dynamic programing, where policy evaluation first finds the true Q-value of
all state-action pairs, and policy improvements change the policy by selecting the action(s)
with the maximal Q-value:

a∗t = argmaxaQθ(st, a) (42)

in Equation (42), a∗t is the action(s) with maximal Q-value. The action is expected to
generate the maximum expected reward. In the continuous space, the gradient of objective
function can be considered to be the same a as the gradient of the Q-value. If we have an
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estimate Qµ(s, a) of all the value of any action (a), changing the policy µθ(s) in the direction
of ∇θQµ(s, a) leads to an action with higher Q-value and associated return:

∇θ J(θ) = Es∼ρµ

[
∇θQµ(s, a)|a=µθ(s)

]
(43)

In Equation (43), gradient with regard to action (a) of the Q-value is taken. We can
expand the above equation by applying the chain rule.

∂Q(s,a)
∂θ = ∂Q(s,a)

∂a × ∂a
∂θ

∇θ J(θ) = Es∼ρµ

[
∇θµθ(s)×∇aQµ(s, a)|a=µθ(s)

] (44)

To obtain an unbiased estimate of the Q-value of any action and compute its gradient,
it is possible to calculate a function approximator Qϕ(s, a), as long as it is compatible, and
to minimize the quadratic error with the true Q-values:

∇θ J(θ) = Es∼ρµ

[
∇θµθ(s)×∇aQϕ(s, a)

∣∣
a=µθ(s)

]
(45)

J(ϕ) = Es∼ρµ [
(

Qµ(s, µθ(s))−Qϕ(s, µθ(s)))2
]

(46)

The goal of the DDPG algorithm was to extend the DPG to incorporate non-linear
function approximators. The objective was fulfilled by combining DQN and DPG concepts
to create an algorithm working over continuous space. Furthermore, the following elements
were added to the base DPG algorithm.

• An experience reply memory to store past transitions and learn off-policy.
• Target networks to stabilize learning.

DDPG updates the parameters of target networks after each update of the trained
network using a sliding average (soft update) for both the actor and the critic:

θQtarget ← τθQ + (1− τ)θQtarget (47)

θµtarget ← τθµ + (1− τ)θµtarget (48)

where τ is a hyperprameter between 0 and 1. The modified update rule guarantees that the
target networks are always lagging behind the trained networks, providing more stability
to the learning of Q-values. The key idea borrowed from DPG is the policy gradient for the
actor. The critic is learned using regular Q-learning and target networks:

J(ϕ) = Es∼ρµ [
(

r
(
s, a, s′

)
+ γQtarget

(
s′, µθ′

(
s′
))
−Qϕ(s, a))2

]
(49)

where Qϕ′(s′, µθ′(s′)) is the value of the action that is estimated to return the largest total
future reward, based on all possible actions that can be made in the next state. In the
Equation (49), γ is the discount factor. Noise is added to improve exploration:

at = µθ(st) + ξnoise (50)

The additive noise is an Ornstein–Uhlenbeck process that generate temporally corre-
lated noise with zero mean. The target value can be computed using the target network:

yRLi = ri + γQtarget(si+1, µtarget(si+1|θµtarget)
∣∣∣θQtarget) (51)
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The following loss function is minimized, resulting in an update in the critic. A
sampling policy gradient can also be applied to update the actor:

L =

(
1
N

)
∑

i

(
yRLi −Q

(
si, ai

∣∣∣θQ
))2

(52)

∇θµ J ≈ 1
N ∑

i
∇aQ

(
s, a
∣∣∣θQ
)∣∣∣∣∣s=si , a=µ(si)

∇θµ µ(s|θµ)

∣∣∣∣∣si∇a (53)

Figure 4 depicts the aforementioned learning process in the DDPG algorithm. The
architecture is comprised of two actor-critic networks. The target networks in the architec-
ture stabilized the learning procedure. The noise improves the exploration of the reachable
control states. The proposed RL-based control algorithm (Algorithm 1) is described in the
following pseudocode.

Algorithm 1. The proposed algorithm.

1: Initial policy network µ and critic network Q with weights θµand θQ respectively.
2: Set target policy network µtarget and target critic network Qtarget with weights θµtarget and θQtarget

3:
Set target parameters weights equal to main parameters weights:

θµtarget ← θµ , θQtarget ← θQ

4: for episode = 1, M do

5:
Initialize a random process noise N for action
exploration.

6: Receive initial observation state s1.
7: for t = 1, T do
8: Select actions a = µθi + ξnoise where ξnoise ∼ N
9: Observe a vector of states s

10:
Apply actions (a2 to a7) to outer loop PID controllers as follow:
u1x = (a2·ex) +

(
a3·

.
ex
)
+ (a4

∫
exdt)

u1y =
(
a5·ey

)
+
(
a6·

.
ey
)
+
(
a7
∫

eydt
)

11: Use the updated u1x and u1y to generate θdes , ϕdes
12: Use θdes , ϕdes as setpoints for inner loop PIDs and generate u2,u3 and u4.

13:
Compute uMPC by minimizing the MPC cost function.

min {J(dk) =
p−1
∑

i=0
eT

RT(k + i)QMPCeRT(k + i) + eT
u (k + i)Reu(k + i)+

∆uT(k + i)R∆u∆u(k + i)}

14:
Compute u1 using the generated namipulated variable from MPC and the
scalling factor of the compensator
u1 = uMPC(k + i|k)− g(nominal mass o f the robot + a1 )

15: Apply control inputs u1, u2, u3 and u4 to the drone dynamics model.
16: Observe the next vector of states st+1, and the next reward r
17: Store (s, a, r, st+1 ) in reply buffer D.
18: Randomly sample a minibatch of N transitions (si, ai, r, si+1) from D.
19: Compute targets: yRLi = ri + γQtarget(si+1, µtarget(si+1

∣∣∣θµtarget )
∣∣∣θQtarget )

20: Update critic by minimizing the loss: L = 1
N ∑

i

(
yRLi −Q

(
si, ai

∣∣θQ))2

21:
Update the actor policy using a sampled policy gradient:

∇θµ J ≈ 1
N ∑

i
∇aQ

(
s, a
∣∣θQ)∣∣∣∣s=si , a=µ(si)∇θµ µ(s|θµ)

∣∣∣∣
si

22: Update the target networks:

23:
θQtarget ← τθQ + (1− τ)θQtarget ,
θµtarget ← τθµ + (1− τ)θµtarget

24: end for
25: end for
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The actor outputs are actions (a = µθ(s) + ξnoise ) selected from a continuous action
space by considering the current state of the environment. In this study, the action is
comprised of a vector of actions a = [a1 a2 a3 a4 a5 a6 a7]. Here, a2 to a7 are used to actively
estimates and tune the gain coefficients of the outer loop PID controllers for x and y
positions, which are two controllers located in outer loop PID control block. The action (a1)
generates an updated estimation of the proper scaling factor for updating the compensator.
The defined states were errors

(
ex, ey, ez

)
and

(∫
ex,
∫

ey,
∫

ez
)
. The Q function is computed

using the rewards from the environments. The notion is that the best policy can be found
by maximizing the true Q-value of all actions. The architecture of the proposed adaptive
RL-based controller is shown in Figure 5.

To find the optimal architecture for the actor-critic network, many simulations were
run with different numbers of layers and neuron counts in neural networks. According
to the simulations findings, it was observed that increasing the size of hidden layers
encourages polynomial exploration, whereas increasing the number of layers promotes
exponential exploration. The number of layers in the actor network varied from 1 to 5 for
the purpose of the experiment. Increasing the size of the actor network layers to a value
of more than 400 neurons per layer resulted in over-parameterization and oscillation of
the discounted long-term reward. Over-reducing the number of layers, on the other hand,
resulted in poor performance. According to the simulation results, it was concluded that at
least 130 neurons in each layer of the actor and the critic are necessary to learn the policy
effectively, with 200 being the ideal number. The architecture of the designed actor and
critic neural networks is shown in Figure 6.
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4. Simulations

As mentioned in Section 3, a dynamics model of a commercial aerial robot (Parrot)
was selected and implemented in the simulator environment as an aerial robot under
control to test the effectiveness of the proposed control architecture in controlling an aerial
robot. The AR Drone 2.0, the Rolling Spider, and Mambo are all Parrot products that
can be programmed using MATLAB [51]. The AR Drone 2.0 toolbox was developed and
distributed by researchers. In addition, a MATLAB Simulink Support Package for Rolling
Spider is available as an add-on development package based on MIT’s Aerospace Blockset
supporting simulation, hardware code generation, and interface for Parrot Minidrones [52].
The Parrot Mambo (6-DOF small quadcopter) comes with ultrasonic, accelerometer, gyro-
scope, air pressure, and down-facing camera sensors. It allows algorithms to be applied to
the robot via a Bluetooth link over a Personal Area Network (PAN).The Simulink Support
Package for Parrot Minidrones [53], which is developed using the UAV toolbox from Math-
works [54], was utilized in this research study to simulate the quadrotor. The aerodynamics
effect was deemed minor for the purpose of simplicity, hence the block associated with
the aerodynamics effect was deactivated throughout the simulations. Furthermore, during
the simulations, parameters of the environment (such as air pressure at various elevations)
were also assumed to be constant. A UAV waypoint follower block (included in the UAV
toolbox) was employed to generate several successive waypoints. In the Simulink envi-
ronment, two experiments were carried out to evaluate the performance of the proposed
control architecture, compared to that of typical PID controllers.

The experiments aimed at evaluating the effectiveness of the controller in controlling
the aerial robot in the presence of weight disturbances affecting the dynamics model of
the robot. When a payload is attached to a quadrotor, three main changes may happen.
The overall mass of the system increases. The fluctuations in the mass of the robot can also
shift the gravitational center, and therefore the inertia. In the experiments, the payload
was considered to be an isotropic symmetric stiff solid mass connected to the aerial robot,
rather than being suspended. Another assumption was that the physical dimensions of the
attached mass were smaller than the dimensions of the quadrotor. The distance between
the center of gravity of the robot and the center of gravity of the load is associated with
the shape and the weight distribution of the connector, as well as with the shape and
the weight distribution of the load. In our experiments, this distance was assumed to be
zero. As a result, the effects of changes in inertia and gravity were deemed insignificant.
Therefore, the focus of our article was solely on analyzing the effects of mass variation on
the performance of the controller. When the robot is executing a logistic task, the mass
could be in two stable states: one before the load comes into contact with the quadrotor, and
the other when the payload mass is integrated into the system. Depending on the gripping
technique and the qualities of the surface of the load, there may be many profiles of mass
fluctuation between these two states. We assumed that there was no gripping and the mass
was connected to the robot body directly. Another assumption was that the load had a
non-deformable surface; therefore, a single step profile for the mass disturbance could be
used, as it was implemented in many prior publications. The variations in the mass were
simulated by adding a term named Massdist to (16)–(18), resulting in Equations (54)–(56).
Massdist is calculated using Equation (57).

..
x =

1
m + Massdist

(
u1ux − Cdx

.
x
)

(54)

..
y =

1
m + Massdist

(
u1uy − Cdy

.
y
)

(55)

..
z =

1
m + Massdist

(
u1(cos θ cos ϕ)− Cdz

.
z− gm

)
(56)

Massdist = Rand·step(t− 5) (57)
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In Equation (57), “Rand” represents a random value between 0% and 70% of the mass
of the robot. Every 5 seconds, the mass of the robot is perturbed by a weight disturbance
with the value of Massdist. An RL agent block from the reinforcement learning toolbox was
used in the Simulink environment to implement the deep reinforcement learning policy.
During the experiments, the presented RL algorithm interacted with the environment
in the simulator, thereby learning the appropriate strategy for estimating and updating
the parameters of the PID controllers and the gravity compensator. The achieved reward
throughout the training process is shown in Figure 7.
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To train the neural networks, different values for hyperparameters were applied,
aimed at finding the best possible values. Table 4 shows the optimal values obtained for
the hyperparameters.

Table 4. The optimal values for hyperparameters.

Hyperparameter Value

Critic Learning Rate 0.0001
Actor Learning Rate 0.00001

Critic Gradient Threshold 1
Actor Gradient Threshold 4

Variance 0.3
Variance Decay Rate 0.00001

Experience Buffer 1,000,000
Mini-Batch Size 64

Target Smooth Factor 0.001

During the aerial robot operation, the trained policy actively estimated the parameters
of the controllers. The first experiment was done in two stages (the first time with the
proposed controller and the second time with conventional PID controllers) to compare
the performance of the proposed controller with that of the conventional PID controller.
During the experiments, some weight disturbances (random values between 0% and 70%
of the mass of the robot) perturbed the system. The first defined maneuver for the aerial
robot was to get to the coordinates (x, y, z = 3.5, 3.5, 4) and stabilize its position in space.
Figures 8–10 show the performance of the PID controller and the proposed controller.



Appl. Sci. 2022, 12, 4764 18 of 23

Appl. Sci. 2022, 12, x FOR PEER REVIEW 17 of 22 
 

To train the neural networks, different values for hyperparameters were applied, 
aimed at finding the best possible values. Table 4 shows the optimal values obtained for 
the hyperparameters.  

Table 4. The optimal values for hyperparameters. 

Hyperparameter Value 
Critic Learning Rate 0.0001 
Actor Learning Rate 0.00001 

Critic Gradient Threshold 1 
Actor Gradient Threshold 4 

Variance 0.3 
Variance Decay Rate 0.00001 

Experience Buffer 1,000,000 
Mini-Batch Size 64 

Target Smooth Factor 0.001 

During the aerial robot operation, the trained policy actively estimated the parame-
ters of the controllers. The first experiment was done in two stages (the first time with the 
proposed controller and the second time with conventional PID controllers) to compare 
the performance of the proposed controller with that of the conventional PID controller. 
During the experiments, some weight disturbances (random values between 0% and 70% 
of the mass of the robot) perturbed the system. The first defined maneuver for the aerial 
robot was to get to the coordinates (x, y, z = 3.5, 3.5, 4) and stabilize its position in space. 
Figures 8–10 show the performance of the PID controller and the proposed controller.  

 
Figure 8. Performance of the quadcopter in tracking the desired X and Y positions. 

 
Figure 9. Performance of the quadcopter in attaining desired height and yaw angle. 

Figure 8. Performance of the quadcopter in tracking the desired X and Y positions.

Appl. Sci. 2022, 12, x FOR PEER REVIEW 17 of 22 
 

To train the neural networks, different values for hyperparameters were applied, 
aimed at finding the best possible values. Table 4 shows the optimal values obtained for 
the hyperparameters.  

Table 4. The optimal values for hyperparameters. 

Hyperparameter Value 
Critic Learning Rate 0.0001 
Actor Learning Rate 0.00001 

Critic Gradient Threshold 1 
Actor Gradient Threshold 4 

Variance 0.3 
Variance Decay Rate 0.00001 

Experience Buffer 1,000,000 
Mini-Batch Size 64 

Target Smooth Factor 0.001 

During the aerial robot operation, the trained policy actively estimated the parame-
ters of the controllers. The first experiment was done in two stages (the first time with the 
proposed controller and the second time with conventional PID controllers) to compare 
the performance of the proposed controller with that of the conventional PID controller. 
During the experiments, some weight disturbances (random values between 0% and 70% 
of the mass of the robot) perturbed the system. The first defined maneuver for the aerial 
robot was to get to the coordinates (x, y, z = 3.5, 3.5, 4) and stabilize its position in space. 
Figures 8–10 show the performance of the PID controller and the proposed controller.  

 
Figure 8. Performance of the quadcopter in tracking the desired X and Y positions. 

 
Figure 9. Performance of the quadcopter in attaining desired height and yaw angle. Figure 9. Performance of the quadcopter in attaining desired height and yaw angle.

Appl. Sci. 2022, 12, x FOR PEER REVIEW 18 of 22 
 

 
Figure 10. Performance of the quadcopter in tracking the desired Roll and Pitch angles. 

Variations in the values of the manipulated variables 𝑢 , 𝑢 , 𝑢  and 𝑢  are plotted in 
Figures 11 and 12. Figures 13 and 14 exhibit changes in control gain values that occurred 
during the operation of the robot. 

 
Figure 11. Variations in manipulated variables 𝑢  and 𝑢 . 

 
Figure 12. Variations in manipulated variables 𝑢  and 𝑢 . 

 
Figure 13. Variations in adaptive gain values of the X position PID controller. 

Figure 10. Performance of the quadcopter in tracking the desired Roll and Pitch angles.

Variations in the values of the manipulated variables u1, u2, u3 and u4 are plotted in
Figures 11 and 12. Figures 13 and 14 exhibit changes in control gain values that occurred
during the operation of the robot.
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A comparative study using a range of values was conducted to explore the influence
of RL hyperparameters on the steady-state error of the altitude control. According to the
results of the experiments, zero noise generated the highest steady-state error. Setting the
noise to a very high value, however, prevented the actor from learning the best policy,
resulting in more errors. It was observed that increasing the variance enhances the explo-
ration of action space. For both actor and critic, the gradient threshold varied between 1, 4,
and infinity. Table 5 summarizes the results of the trials.
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Table 5. Variation of RL hyperparameters and their effect on the steady-state error.

Critic Learning
Rate

Actor Grad
Threshold

Critic Grad
Threshold

Variance
(Noise)

Mini
Batch Size

Steady
State Error

0.0001 4 1 0.3 64 0.00064
0.0001 inf 1 0.3 64 0.00093
0.0001 1 4 0.3 64 0.00011
0.0001 1 inf 0.3 64 0.00008
0.0001 1 1 0 64 0.00435
0.0001 1 1 0.5 64 0.00010
0.0001 1 1 0.3 128 0.00045

0.00005 4 1 0.3 64 0.00001

In the second experiment, a waypoint tracking maneuver was conducted to evaluate
the ability of the robot, with the proposed control architecture, in tracking consecutive way-
points. Figure 15 illustrates the performance of the aerial robot in tracking the waypoints.
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From the results of the experiments, it can be observed that the robot with the pro-
posed controller provided smoother trajectory. Furthermore, the error in the trajectory
tracking of the robot with the proposed controller was less than that of the PID controller.
The results showed that the proposed control algorithm is able to stabilize the system
performance when the robot is subjected to weight disturbances. It must be noted that the
performance of the conventional PID controller was satisfactory as long as the extra weight
was low, but when the added weight was large, the basic PID controller failed to control
the robot properly.
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5. Conclusions

A new deep reinforcement learning-based adaptive controller for controlling an aerial
robot was proposed in this research paper. To interact with the robot dynamics model
and learn the right policy for actively adjusting the controller, the proposed adaptive
control method leveraged a deep deterministic policy gradient algorithm. A linear model
predictive controller and an adaptive gravity compensator gain were used in the proposed
control system for the robot altitude controller. The performance of the proposed control
architecture was compared to that of traditional PID controllers with fixed settings in the
Simulink environment. Experiments in a simulated environment demonstrated that the
presented control algorithm outperforms ordinary PID controllers in terms of trajectory
tracking and altitude control.
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