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Resume

The quadcopter persist as important roles across diverse applications, and
the enhancement of their control efficacy has been the subject of extensive
research.

In this work, the authors proposed optimal Proportional Integral (PI)
controller based Fuzzy Logic Control (FLC) for the roll, pitch, altitude, and
yaw motions of the quadcopter system.

The proposed technique uses the Particle Swarm Optimization (PSO)
algorithm to tune the parameters of the FLC and enhance the quadcopter
performance. The simulation results show that the proposed technique
achieves smoothness of control and significant improvement over classical
techniques, as the rise time and the settling time are reduced by 61% and
66 %, respectively. These times are important for stabilizing the system’s
response speed and avoiding overshooting or oscillating. This indicates
that the FLCPI-PSO can achieve the desired roll and altitude angles more
rapidly and effectively.
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1 Introduction output coordinates reveals a strongly coupled dynamic

system [5].

Quadcopter drones, as autonomous aerial Advancements in control methods have been

vehicles, have garnered significant attention from
both researchers and manufacturers due to their
versatility in exploration and study. Their compact
size and unique capabilities for spatial monitoring and
infrastructure inspection have spurred the evolution of
such systems. Among the various drone configurations,
Vertical Take-Off and Landing (VTOL) models are
particularly noteworthy for their lightweight motors
and efficient propeller arrangements that eliminate
the need for a tail rotor, thus simplifying the control
mechanism [1].

The topology of quadcopters typically involves front
and rear motors of the same diameter rotating in
opposite directions to their diametric counterparts,
which negates gyroscopic effects and facilitates stable
flight [2-4]. The study of the input forces influence on

applied across diverse fields, including electric cars
[6-71, power electronics [8], and hybrid electric systems
[9-10]. To meet the increasing performance demands
of quadcopters, enhancements in controller design
have been implemented, such as Feedback Linearity
(FBL) [11-12], Sliding Mode Control (SMC) [13-14], and
backstepping methods [15-16]. Comparative analyses
of various controllers, including Proportional Integral
Derivative (PID), linear quadratic regulator (LQR), and
modified PID with LQR control, are well-documented
[17-18].

Fuzzy logic models, specifically the Takagi-Sugeno
(TS) and Mamdani types, are the two fundamental
and distinct approaches in intelligent control systems
that have been integrated into electrical systems
alongside Neural Networks (NN) [4, 19-21], Neuro-
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Figure 1 The structure of quadcopter

Fuzzy methodology [22-23], and Iterative Learning
Control (ILC) [24-25]. These intelligent control methods
are adept at managing unpredictable, non-linear, time-
varying, and non-deterministic systems [26]. Fuzzy logic,
in particular, is capable of handling the disturbances
and noises (rotor vibrations) that quadrotors frequently
encounter [27].

It has been noted that fuzzy control necessitates
precise technology for selecting input constants [28]. The
modular architecture of the fuzzy controller facilitates
its integration with various optimizers to circumvent
limitations.

In this paper, the mathematical model was developed
using the Newton-Euler method to control altitude Z,
roll (@), pitch (6), and yaw (¢ ) angles.

To accurately and steadily navigate the quadcopter,
a FLC and an optimized fuzzy PID controller (FLCPI-
PSO) are utilized for the control component, representing
the core contribution of this work. The novelty of this
paper lies in evaluating the quadcopter’s behavior and
performance through the optimization of a basic FLC
with a swarm technique. This proposed control technique
endows the quadcopter with acceptable response times,
thereby enhancing its behavior—a facet not previously
explored in other studies.

The remainder of this research paper is organized
as follows: Section 1 presents the mathematical model,
Section 2 discusses the control strategy, Section 3
contains the simulation results and discussion, and
the paper concludes with the conclusions and future
perspectives of this study.

2 Mathematical model

A quadcopter is an aerial vehicle equipped with
four rotors that enable 360-degree maneuverability. To
accurately describe the system dynamics, it is essential

to understand the concept of six degrees of freedom,

which represents the location and orientation of the

quadcopter in three-dimensional (3-D) space. The six
degrees of freedom are defined using two reference
frames as illustrated in the quadcopter structure shown

in Figure 1:

1. The inertial or earth frame, a fixed coordinate
system represented by the x, y, and z coordinates,
corresponding to the cardinal directions of north,
east, and down. This frame serves as the initial
reference point.

2. The body frame, a movable coordinate system
centered around the quadcopter’s center of gravity,
described by the angles (@), (0), and (¢) in
relation to the inertial frame.

Given that the quadcopter has four inputs and six
outputs, it is classified as an underactuated nonlinear
system. To facilitate the controller design, sensible
assumptions are made to model the system dynamics of
the quadcopter effectively [29].

2.1 Kinematic model

To derive a model for the quadcopter motions it
is necessary to examine different moments and forces
acting on the quadcopter.

We assume & = [XYZ] to be the position and the
linear velocity V = [uvw], and let 77 = [$O¢] to be
rotational angles and angular velocity is @ = [ pqr].

Using the Newton-Euler equations and the
information proaccesseded in Equation (1), one can
determine the forces and moments acting on the
quadcopter [30]:

[{;]:[Wllgxs (1)]+ ® X m&

wXInl| @)
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where; F' and T represent the force and torque vector,
respectively, generated by the four motors rotation acting
on the quadcopter, m is the mass of the quadcopter, V
and @ represent linear and angular acceleration vector,
respectively, all with respect to the body frame, and
I3 <5 represents the moments of inertia matrix and is
given as:

L 00
I=10 1, 0. (2)
0 0 L.

Typically, the angular positions and velocities above
are in a different frame, so we need some kind of
transformation matrix to go from one reference frame
to the other. The rotation R and transfer T matrices,
respectively, are used to derive the translational and
rotational kinematic equations [31]. Equations (3) and
(4), respectively, proaccesseded the expressions for the
rotation R and transfer T' matrices.

cpcO cpsOs@p — spcp cpsbce + spce

R = |s¢cO s¢psOsp — cpcp spsOcp — chsp |, (3)
— 50 cOsp cOcp
1 0sp tOce

T=|0 cop —sop|, (4)
0 sp/cO cp/ch

where, c6 = cos0, s6 = sin6,and t0 = tan6.

¢ The translational kinematics:

§=RV, (5)

where & are linear velocity vector with respect to the
earth frame E and V is the linear velocity vector with
respect to body frame B.

* The rotational kinematics:

w=Tn, (6)
where @ is the angular velocity vector with respect to

the earth frame E and 77 the angular velocity vector
with respect to body frame B.

2.2 Dynamic model
The translational dynamic equations of the

quadcopter are given as follows in accordance with the
Euler’s first rule of motion for rigid body dynamics:

X 0
m|Y|= 0 + RU,, (7)
7 —mg

where g is the gravity acceleration and U, is the total
thrust generated by the four rotors:

U= BE=0b)! Qi (8)

where b[ N s?] is the thrust coefficient and Q[%] is
the angular velocity of the rotor i.
From Equation (1) and the Newton-Euler formalism,

we obtain the rotational motion equations:
Hh=t—nxXIh—nx[00 L, 9
where I is an inertia matrix of the quadcopter, I is the

inertia of the rotors, 0, is the relative speed and T is
the moment acting on the quadcopter in the body frame.

.Qr:(_.Q1—.Q3+.Qz+-Q4), (10)
Us bl(QL— QF)

T=|Us| = bl(_()32 - .(212) s (11)
U, dbl(Q¢ — QF — QF + QF)

where d [N m s%] is the drag coefficient and / [m] is the
distance between the center of the quadcopter and the
center of a propeller.

From Equation (7) and Equation (9), the equations
motion of the quadcopter are given as follows:

X = (sin¢sing + cosgbsin@cosgo)%, (12)
Y= (—cos(/)sin(p+sin(/)sin6cosq))%U1, (13)
Z:—g—ﬁ—%(cosecosgo)Ul, (14)
P = 79(/’([}’[; L) [] Q.6 + % (15)
6 = 7@([211_ L) | {y;grqo + % (16)
b= 79([’([";2: L) b )

3 Control strategy
3.1 Fuzzy logic controller (FLC)

The FLC is the consequence of Zadeh’s fuzzy set
notion in 1965. Fuzzy set theory was graded from non
membership to membership. Thus, the boundaries of
fuzzy sets might be unclear and ambiguous, making
them suitable for approximation systems. If correct
mathematical formulations are problematic, the FLC is
the best accessible solution. Other FLC benefits include:
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Figure 3 Common PID-type fuzzy logic controllers [28]

1. It may seek to proaccessed less precise outcomes.
There is no requirement for rapid processors.

3. It does not take as much data storage in the formula
of rule and membership function MF' as compared to
typical controllers.

The structure of the FLC is given in Figure 2.

The direct action fuzzy controller structure is simply
referred to as PID-type fuzzy controller or PID-FLC.
However, the term fuzzy PID controller (or FLCPI) refers
to the so-called gain scheduling-type PID controllers,
which are not covered in this work. In these controllers,
fuzzy logic is employed to generate the necessary KP, KI,
and KD gains for the linear PID controller. The amount
of inputs to the fuzzy PID controllers determines how

they are often categorized. The most prevalent fuzzy
control architectures, in which a nonlinear PID-like
performance is anticipated from the controller, are often
two- and three-input fuzzy controllers. Figure 3 shows
a few of the most widely utilized structures. It should be
noted that the fuzzy controllers’ input/output variables
are normalized to fall between [1-1]. As a result, the
first two structures (see Figure 3.a and 3.b) need the
appropriate selection of six scaling factors, while the
last two structures (see Figure 3.c and 3.d) require the
proper selection of four scaling factors [28].

Throughout this study, a different structure is used;
it is shown in Figure 4. The proaccesseded structure
has one single two-input fuzzy controller, which makes
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Table 1 The rules base for the four fuzzy logic controllers (altitude, roll, pitch, and yaw Controllers)
¢ NB NM z PM PB
de
NB NM NM VA PM
Z NB NM Z PM PB
P NM Z PM PM PB

it computationally more efficient for the real-time
implementation when compared to that in Figure 3.
In comparison to three-input architectures, the fuzzy
controller only needs two inputs, hence fewer rule bases
need to be constructed.

This study is thus limited to fuzzy controllers of the
Mamdani-Type.

3.1.1 Fuzzification

The total control system for the quadcopter with
the Fuzzy PID controllers for the four fundamental
quadcopter movements thrust, roll, pitch, and yaw is
depicted in Figure 4. The triangle membership function
has been utilised for each of the inputs and the outputs
and for all of the controllers. The inputs, errors are
defined by five membership functions MF: NB (negative
big), NS (negative small), Z (zero), PS (positive small),
and PB (positive big), and the error derivative is defined
by three membership functions: P(positive), Z(zero),
N(negative). On the other hand, each of the outputs is
specified by five membership functions: NB (negative
big), NS (negative small), Z (zero), PS (positive small),
and PB (positive big). The range of the fuzzy set for
the error input for all controllers (altitude, roll, pitch,
and yaw) has been chosen as [-2, 2], and for the error
derivative for (altitude, roll, and pitch controllers) as [-4,
4], and [-20 20] for the error derivative of yaw controller.
Figures 5 to 7 show the membership functions for the
inputs.

The range for the outputs fuzzy set has been chosen
as follows:

e [-20, 20] for U1, U2, U3, and as indicated in Figure 8,
e [-40, 40] for U4 and as indicated in Figure 9.

3.1.2 Rules base

After specifying the inputs and outputs for each
fuzzy controller, we established the rules base.

The fuzzy rules suggest that “if error is E, and error
change is DE,, then production is U;”. The fuzzy inference
procedure of the controller parameters leverages the
Mamdani approach. Five variables refer to errors, and
three error changes are added to the 15 rules.

If the change in error is NB and the error is NB,
then the outcome will be NB, as well. The response
signal is fed back and subtracted from the set value to
generate the error signal, and then the change in error

is determined after the subtraction. Those two signals
are sent as inputs to the controller. Table 1 shows the
rules base for each controller.

3.1.3 Defuzzification

Fuzzification’s counterpart 1is known as
defuzzification. The fuzzy set generated by the FLC
inference engine must be transformed to actual value
(crisp output) in line with the real-world requirements.
Defuzzification implies the weighted average approach.
The weighted average strategy becomes the illustrating
point, which is the centre of the region generated by the
curve and abscissa of the fuzzy membership function.
Theoretically, the centre of gravity of a set of sites within
the output scope must be computed [32].

3.2 Particle swarm optimization algorithm

Finding the best solutions involves using a variety
of optimisation techniques. Evolutionary and meta-
heuristic approaches work best when employed for route
planning.

Numerous evolutionary techniques have been
demonstrated to be useless when route planning
procedures have an excessively wide search area. The
exciting findings from this vast area of study may
help the meta-heuristic systems to overcome these
limitations.

The population-based stochastic optimisation
method, known as the particle swarm optimisation (PSO),
is very similar to evolutionary computing methods like
genetic algorithms (GA). The PSO has been effectively
used in several research and application domains over
the last few years because it produces better results
more quickly with fewer parameters to alter.

The PSO wuses particles to represent possible
solutions, which follow the current optimal particles
as they move around the problem space. According to
their prior behaviours, particles move around the search
space at velocities that are dynamically changed.

The system starts out with a population of
random solutions and updates generations in an
effort to find the best option. The location of a point
X: = (xi1,%i2...,%,¢) € S in an S-dimensional space
serves as the representation of the i-th particle. Each
particle keeps track of three values during the process:
its best position in previous cycles; its present position,
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Figure 10 Structure of FLCPI-PSO controller

X. pbest; = ( pbest;q, pbest; s, pbestis, ..., pbestiqa) E S ;
and the speed of its flight V, = (v, , v,,, v,5,..., V). To
catch up to the leading particle, each particle modifies
its location and velocity, such as:

Xit+1)=Xi+(t)+ Vit + 1), (18)

Vi(t +1) = Vi(t) + crria (t ) pbest; (t) —

— X)) + eara(£)gbest(2) — Xi(1)). (19

The best track value for each particle in iteration t
is denoted by pbest, and the best position of the entire
swarm is denoted by gbest. The cognitive and social
parameters are denoted, respectively, by c, and c,, two
positive constants (acceleration coefficients), and r, , and
r,,, two random functions in the [0, 1] range.

The following is a summary of an approach to
determine the optimal placement vector for the PSO
with n Agents:

1. Using the random numbers, the initial positioning
vector X [n] and velocity vector V [n] are created.

2. Using Equation (1), agent i’s velocity vector
V:(t 4+ 1) is determined.

3. Equation (2) is used to determine agent i’s new
positioning vector, X;(t).

4. The positioningVector X; is set to pbest,if F(X(¢))
is superior than F(pbest;). The positioning vector
gbest is set to pbest, if F(gbest) is superior than
F(gbest).

5. When the required number of iterations has been
reached, stop. If not, go to step 2.

The first design is a Mamdani-type two-input PID-
type fuzzy controller, as shown in Figures 2 and 3.
The membership functions in the first level of tuning
are uniformly distributed, and the meta-heuristic
techniques must be used to tune the scaling factors and
parameters T, T,, T,, and T,. PSO is employed at this
point to identify the ideal scaling factors and parameters

T, T, T, and T, The optimisation approach is used to
reduce many common time domain objective functions,
including the integral time absolute of error (ITAE).

The structure of the FLCPI-PSO controller is
depicted in Figure 10.

4 Simulation results and discussion

In the design process and simulation studies,
a 1l-step unit is applied to each height and roll, pitch,
and yaw angle concurrently at t = 0 s. The simulation is
carried out with Matlab 2017 programme and Simulink
Toolbox. The simulation was done on an SGRE laboratory
computer with a Intel(R) Core(TM) 17-5820K, 3.30 GHz,
64 GB of RAM, and Windows 10.

The MATLAB Simulink is used to mimic two
type of controllers, FLCPI and FLCPI-PSO. These
controllers were employed to control the quadcopter
systems. The FLCPI with a one-of-a-kind configuration
that is adjusted manually and FLCPI-PSO that is tuned
via the PSO method Integral Time Absolute Error
(ITAE) is used as a criterion for the control performance
assessment as in Equation (20).
ITAE = [dle(t)ldr. (20)

Figure 11 displays the objective function of PSO
algorithm.

As aresult, the tuned scaling factors and parameters
of four controllers are presented in Table 2.

The quadcopter system response, after an occurrence
of step-unit changes is depicted in Figures 12 to 15.
The responses quadcopter system characteristics are
summarized in Table 3.

The control signals (U, through U,), which represent
the desired thrust force and torques, are shown in
Figures 16 to 19.

The results presented in Figures 12-15 and Table
3 illustrate the comparative performance of the FLC
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Table 2 Scaling factors and parameters optimized by the PSO
Scaling factors Parameters
T1 T2 T3 T4
Altitude 6.1868 55.9443 88.8980 40.2961
Roll 100.0000 99.0577 23.0000 0.2000
Pitch 1.0000 99.1495 717.0602 1.0000
Yaw 9.2101 45.8878 9.0000 0.2300
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Figure 12 The altitude signal response for the FLC and Figure 13 The roll signal response for the FLC and the
FLCPI-PSO controllers
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Figure 14 The pitch signal response for the FLC and the Figure 15 The yaw signal response for the FLC and the
FLCPI-PSO controllers
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Figure 18 Control signal U, for the FLC and the FLCPI- Figure 19 Control signal U, for the FLC and the FLCPI-
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Table 3 Responses to a step function with different control

Controllers
Altitude Roll Pitch Yaw
Performances FLC FLCPI- FLC FLCPI- FLC FLCPI- FLC FLCPI-PSO
PSO PSO PSO
RiseTime (s) 1.0839 0.1157 1.0869 0.0605 1.0801 0.2143 1.0924 0.4257
SettlingTime (s) 1.9395 0.2094 1.9429 0.0954 1.9334 0.3851 1.9492 0.6632
Overshoot (%) 0 1.9000 0 31.6100 0 0 0 64.1100
0.2 RMSE Comparison: FLC vs FLCPI-PSO
- T T
I FLC
0.15 [ FLCPI-PSO
o
< 01
I~
0.05
0
Altitude Roll Pitch Yaw
Quadcopter Motions
MAE Comparison: FLC vs FLCPI-PSO
0.1 T T T T
I FLC
= 0.06 - E
<
= 0.04
0.02
0
Altitude Roll Pitch Yaw
Quadcopter Motions
Figure 20 Quadcopter control performance evaluation between the FLC and FLCPI-PSO
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and FLCPI -PSO controllers in managing the altitude,
roll, pitch, and yaw of a quadcopter. It is evident that
the FLCPI -PSO controller consistently outperforms
the FLC controller across all parameters. The rise time
for altitude, roll, pitch, and yaw is significantly reduced
with FLCPI -PSO, indicating a quicker response to
changes. Similarly, the settling time is also lower for
all the inputs under the FLCPI -PSO control, denoting
faster stabilization.

In terms of overshoot percentage, the FLC
controller exhibits a 1.9000% overshoot in altitude and
a substantial 31.6100% in roll but none in pitch and
yaw. In contrast, the FLCPI -PSO controller effectively
eliminates overshoot in all parameters except for yaw
where it records a 64.1100 % overshoot.

These findings underscore the enhanced efficiency
and reliability of the FLCPI -PSO controller over its
FLC counterpart in ensuring the rapid response times
and minimal overshoots during quadcopter operation.
The data suggests that the integrating PSO with fuzzy
logic control (FLCPI) yields superior control precision
and responsiveness.

Comparison of the quadcopter performance
evaluation using the KPIs indexes between the FLC and
FLCPI-PSO, is shown in Figure 20.

5 Conclusion
Based on the comparative analysis of the FLC
and FLCPI-PSO for altitude, roll, pitch, and yaw in

the quadcopter system, the FLCPI-PSO demonstrates
superior performance in terms of faster rise time and

References

settling time for altitude and roll control compared to
the FLC. This indicates that the FLCPI-PSO can achieve
the desired altitude and roll angles more efficiently and
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shorter settling times for altitude and roll control in the
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These findings highlight the importance of considering
the specific requirements and trade-offs when selecting
the appropriate controller for the quadcopter systems.
Future research could focus on further optimizing
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maintaining its performance advantages and its real-
time implementation.
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