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This paper deals with a multi closed-loop adaptive neuro-fuzzy inference system (ANFIS)
design for the under-actuated quadrotor systems. First, the training data set for the fuzzy
inference system is obtained using a proportional integral derivative controller. Then, an
initial ANFIS controller is designed, where the integral control action is preserved in the
multi-closed-cloop ANFIS for each quadrotor system state. Thereafter, scaling gains are
added to the controller inputs/outputs, and a multidimensional PSO algorithm is used to
tune all the control parameters. Besides, using a simulation example, the aerial vehicle
performances are investigated in the presence of an unknown payload mass parameter.
Specifically, the position tracking performances of the proposed multi closed-loop PSO-
based ANFIS plus integral control strategy is compared with the classical PID,
conventional ANFIS, and non-optimized ANFIS plus integral controllers. Thus, using the
conducted simulation results, it results that the multi closed-loop PSO-based ANFIS plus
integral can achieve perfect translational trajectory-tracking and ensure better attitude
stabilization despite unknown quadrotor payload mass parameter. Therefore, the proposed
new multi closed-loop PSO-based control strategy may be considered as an efficient
controller when considering an arbitrary trajectory-tracking problem for the quadrotor

system.

1. Introduction

In recent years, a growing number of researchers have been
interested in quadrotor aerial vehicles as a result of their vertical
take-off and landing (VTOL) ability, accurate hovering, good
behavior even in case of severe maneuverability, and low cost.
Then, the growing utilization of these unmanned aerial vehicles
(UAV) has begun for all types of tasks. For instance, these aerial
vehicles are commonly utilized in smart farming [1], real-time
mapping while exploring confined spaces such as tunnels and
mines [2], and air travel [3]. However, although the quadrotor has
become a successful UAV, this aerial robot is an underactuated and
coupled system. Thus, to control this nonlinear system, several
approaches have been presented. However, designing an efficient
control strategy for this aerial vehicle is still a difficult task. In the
literature, different methods have been used to ensure the
quadrotor flight stabilization. First, prominent control approaches
for quadrotor attitude stabilization and trajectory-tracking control
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include the proportional-integral-differential (PID) controller [4].
However, despite this control approach could ensure flight
stabilization for hovering state, it cannot stabilize the quadrotor in
presence of external disturbances. Also, using a simplified
dynamic model, the position control could be achieved using a
nested loop based backstepping control strategy [5]. Furthermore,
the backstepping technique was combined with integral control,
which allows bringing together the backstepping robustness
against disturbances, with the integral control robustness against
model uncertainties (see e.g. [6], [7], and [8]). The result was an
integral backstepping control (IBC) scheme that could be used for
attitude stabilization as well as for trajectory tracking control.
However, although the altitude control objective was ensured, the
vehicle hovering still shows attitude oscillations (see e.g. [9]).

Besides, as a powerful tool for controlling nonlinear systems,
many (integral) sliding mode controllers were designed for
stabilizing the quadrotor attitude (see e.g. [10]). However, a
persistent shattering effect was observed on the vehicle attitude,
although the stable hovering was achieved. Therefore, due to its
switching control behavior, which is not acceptable by quadrotor
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dynamics, perfect autonomous quadrotor flight cannot be ensured
using a sliding mode control strategy. Then, to compensate for
parameter uncertainty, many adaptive control strategies are also
proposed for controlling the quadrotor position (see e.g. [11]), with
satisfactory results despite the yaw angle was poorly stabilized.

Interestingly, several fuzzy logic controllers (FLC) are also
proposed for the autonomous quadrotor flight control (see e.g.
[12], [13]). Indeed, to achieve the attitude stabilization as well as
position tracking control, fuzzy logic control is usually utilized. To
test the proposed fuzzy control performances, a few results have
shown that efficient position control may are obtained for smooth
trajectory tracking, despite poor vehicle attitude stabilization.
Roughly, using only fuzzy logic controllers, the quadrotor attitude
and its vertical position control problem could be solved using a
reduced intelligent fuzzy-based controller (see e.g. [14]).
Specifically, combining the two above controllers with a
metaheuristic optimization tool permits obtaining better
performances. For instance, a PID-like structure consists of using
a fuzzy controller that utilizes the error, its derivative, and its
integral as input signals. Interestingly, each input is applied
through a block whose gain is adjustable. Moreover, the control
action (i.e. the controller output) may also be applied through a
block whose gain could be tuned. Thus, using an optimization
algorithm, all the scaling-gains could be independently adjusted,
which allows improving the controller performances. Namely, the
provided simulation results show good attitude stabilization and
stable reference trajectory tracking for the (x,y,z)-position and -
yaw rotation (see e.g. [15] [16]). However, the robustness of the
proposed controllers was not sufficiently highlighted. Besides,
artificial neural networks (ANN) have shown their effectiveness in
controlling unmanned aerial vehicles [17]. Specifically, the fuzzy
logic controller utilizes expert knowledge in establishing the rule-
base [18], while artificial neural networks learn system operations
utilizing neurons in almost a similar way the human beings do [19].
Interestingly, a new control strategy denoted adaptive neuro-fuzzy
inference system (ANFIS) has appeared, which allows benefiting
from FLC as well as ANN control approaches. For instance, using
quadrotor tests, the ANFIS was shown to be as good as a type-2
fuzzy controller [20]. Then, compared to conventional
proportional-integral-differential control, a multi-disturbance
simulation scenario has shown that the ANFIS controller can
enhance the quadrotor trajectory-tracking performances [21].
Indeed, to implement its inner fuzzy inference subsystem, the
ANFIS approach can construct its knowledge utilizing training
data from any classical controller. Interestingly, while designing
the ANFIS controller, adding (input-output) scaling-gains can
improve the control system robustness, which necessitates using
an optimization or teaching-learning algorithm [22]. Especially,
the particle swarm optimization still proves its high efficiency in
ANFIS design, whether for tuning the membership functions [23]
or for tuning the rule base of the inference mechanism [24].

Considering the above presentation, this work presents the
ANFIS design steps for controlling a quadrotor UAV whose
payload mass parameter is assumed to be unknown during the
aerial vehicle flight. Thus, we first present the learning ANFIS
controller design step, where the necessary training data set is
collected from a classical proportional-integral-differential
controller. Then, the other ANFIS design steps are described in
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detail. Specifically, this work presents an improved structure of the
ANFIS control strategy, namely the multi closed-loop ANFIS plus
integral control action, where an additional integral control action
is shown to be improving the quadrotor control system
performances. Roughly, as the steady-state operation of a
quadrotor is hovering, it results that an integral control can
compensate for unmodeled dynamics and parameter deviations.
For this reason, the initial integral control action is maintained as
an additional component in the proposed ANFIS, which makes the
proposed control strategy a new multi closed-loop control structure
[25]. Then, to improve the ANFIS performances, the state error
signals are applied to the controller inputs through linear blocks
whose scaling factors could be optimized. Besides, after the
optimization process, the resulting control system performances
are compared to those obtained using a classical PID and the
conventional (non-optimized) ANFIS controllers. It turns out that
the multi closed-loop PSO-based ANFIS plus integral controller
can show better tracking control performances and better
compensation for external disturbances.

It is worth noticing that the ingredients of the proposed idea
have been presented in previous authors’ work [26]. However, the
main idea of the present paper is fully rewritten to make the
proposed control strategy concisely designed with a complete
quadrotor system model, without using the small-angle
assumption. Besides, to show the robustness and the effectiveness
of the proposed multi closed-loop ANFIS plus integral control
strategy, both internal, as well as external disturbances, are here
taken into account and shown to be compensated for.

This work comprises five sections. First, the quadrotor
mathematical model is described in section 2. Then, in section 3,
the PSO-based adaptive neuro-fuzzy inference system plus integral
design steps are described. To show the effectiveness of the
enhanced ANFIS control strategy, a simulation example is
provided and commented in section 4. Finally, a concluding
summary ends the paper.

2. Quadrotor Mathematical Model

The main actuation of a quadrotor is based on the rotors that
are equidistant from the vehicle center of gravity (COG). Thus, this
aerial vehicle motion is usually controlled utilizing the relative
speed of its four actuators. However, the three rotations around the
(¢, 8,¢) Euler angles, and the linear motions along the (x, y, z)
three axes, make the quadrotor a six-degree-of-freedom (6DOF)
system. For this reason, the quadrotor is said under-actuated
because it has only four control inputs.

2.1. Quadrotor kinematic model

The quadrotor is a symmetrical structure, which can rotate
around its three axes. Then, studying its dynamics involves two
frames. First, the body-fixed frame F = (G, €hxr Eby) ebz), where
G is the vehicle center of gravity. Then, the inertial frame Fy =
(O,eix, €iy) eiz), where O is an arbitrarily chosen origin in the
space (see Figure 1).

Thus, wrt Fy -frame, let §:=[¥ ¥ 2Z]T denote the
absolute vehicle CoG position, and 5 :=[¢ 6 ]7 denote the

vehicle attitude and orientation, where (¢ , 6, ¥ ) denote
respectively the roll, pitch, and yaw Euler angles. However, to
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avoid the gimbal lock problem, let us consider the following usual
assumption:

Al. — /2 <@ <m/2,-m/2<60<m/2

1s Body-fixed frame 11

Earth-fixed frame

o]

Figure 1: Quadrotor X-structure and frames

Now, let us notice that the well-known rotation matrix from
F g-frame to F g-frame is given by [27]:

C(pSQCu) + S(pslp

CpSoSy — SpCy| (1)
Cq,Cg

C9C1I) S(pSQCw - C(PS1/)
R(n) = CQSV) S(pSQSw + C(PC1/)
—Sg S(pCQ

with ¢,: = cos(a), s, = sin(a). This means that

§=RmV, )

where =" vy V" and V,=[u v w]T denote
respectively the earth-fixed and body-fixed vehicle linear
velocities.

Now, concerning angular velocities, the transformation matrix
from the Fy-frame to the F-frame is denoted the transfer matrix
and is given by [27]

1 0 —Sg
T =10 ¢co Sy 3)
0 —5, CyuCo
Then, it follows that
2, =Tmn “)

where 1) :=[¢ 6 P]” denotes the Euler angles rates, and
Q, =[P q 7]7 denotes the body-fixed angular velocity.

2.2. Quadrotor dynamic model
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Assuming that the quadrotor rotors do rotate at w; (i = 1...4),
it results that each quadrotor actuator generates a thrust force that
is given by f; := kw;?, (k > 0),w.r.t Fg. Thus, the total upward
thrust writes:

F,=[0 o TI" 6]

where T :=kY? , w;2. Then, considering the Fp -earth-fixed
frame, and using solid mechanics, the total upward thrust writes:

F,:= R(n)Fb (6)

Thus, using Newton formalism for translational motions, the
quadrotor translational dynamics are described by:

mé=F,—W, (7)

where m denotes the aerial vehicle total mass, and W, denotes the
quadrotor weight vector, which is given by:

W,=[0 0 mg]" (8)

where g stands for the gravity acceleration.

Now, to describe the aerial vehicle rotation motion, let us recall
that the above thrust forces do also produce the following torques:

U, =T To

n )", (€))

with

T(P kl(_wzz + (1)4_2)
|:T9:| = kl(—w12 + w32) (10)
Tw d(_wlz +w22 _(1)32 +w42)

where [ denotes the distance between each rotor and the quadrotor
center of mass. (d > 0) denotes the drag constant.

Thus, using Newton formalism for rotational motions, the
aerial vehicle rotation dynamics are described by:

J2, =U, —2,x]2, (11)
where ] := diag(jy, jy,Jj,) denotes the inertia matrix, and €,
denotes the above body-fixed angular velocity defined in (4).
Then, let us notice that, using the following vectors:

{U==[T T, To Ty]”

(12)
Q:=[w? w? ws? w?]"

and considering the following actuation matrix:

Kk k k k
0 —ki 0 ki
Kkl 0 Kk 0 (13)

-d d —-d d

Ma =
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it results that the control distribution from the actuating motors
may be described by:

U=Mg,Q (14)

Ultimately, according to (4), (7), and (11), the quadrotor
dynamics can be summarized as follows:

X =1,
Yy=1vy
Z=v,

. T

Uy = (Cp Sg Cy +s(ps¢);

. T
vyz(c(psgsw—sq,cw);

. T

v, = (c(pce);— g

@ =p+qsyts+Trcyty (15)
6 =qcy, — TS,

Y= qs—"J +re

co co
. T Jy=J;
p=-2+2Zgr
Jx Jx
. _ To  Jz=J
g=2+==pr
Jy Jy
. T Jx—J
= L4 ZEpg
Jz Jz

Now, considering the above quadrotor dynamics, and using
enhanced fuzzy control strategies, our objective is guaranteeing the
tracking-control of arbitrary &;,s position for any ig.s -yaw
orientation, and ensuring the stabilization of (¢, 6) attitude angles,
in presence of unknown aerial vehicle payload mass parameter.

3. Multi Closed-loop PSO-based ANFIS plus Integral
Controller

3.1. Problem statement

From the above objective, let us design the system inputs,
namely the vector U:=[T 7T, To Ty]T, which allows
ensuring the tracking of (Xges, Vdes, Zdes)-reference trajectory for
arbitrary 1,4, -yaw orientation, and the stabilization of (¢, 6)
quadrotor attitude, despite random payload mass change during the
vehicle flight, which also means a change of the matrix inertia.
More concisely, we aim to stabilize the quadrotor system while
tracking a position reference trajectory with the constraint to keep
small overshoot and small rise and settling times, despite the
presence of external disturbances. Then, it is worth noticing that
because of quadrotor under-actuation, the control system structure
may be designed using two control subsystems. Namely, an
upstream control subsystem whose role is to ensure the reference
trajectory tracking, and a downstream control subsystem whose
role is stabilizing the vehicle attitude.

3.2. PSO-based ANFIS plus integral algorithm

Now, we briefly describe the proposed PSO-based adaptive
neuro-fuzzy inference system plus integral (ANFIS+I) control
strategy that is based on a Multi-Closed-loop ANFIS controller,
where the additional control scaling gains are optimized using a
multidimensional PSO algorithm. For clarity, algorithm 1
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enumerates the main steps of the code to implement using a
simulation tool (e.g. Matlab). For clarity, the methodology of the
PSO-based ANFIS+I control design may be summarised using
algorithm 1.

_Algorithm 1: PSO-based ANFIS+I control algorithm
Collect training data
Generate ANFIS controller
ANFIS Enhancement with integral control
ANFIS+I scaling factors optimization using PSO

3.3. ANFIS architecture

The adaptive neuro-fuzzy inference system (ANFIS) algorithm
was firstly introduced by Jang in 1993 [28], which was considered
as an intelligent hybrid algorithm based on the benefits of both
fuzzy logic control (FLC) and artificial neural network (ANN)
approaches. The idea started from the fact that to design a suitable
FLC for the considered plant, we need a minimum of knowledge
upon the system functioning, which allows us to define the fuzzy
rules of the controller. Then, we should define the membership
function type and degree. For this reason, the design of this control
is considered a complicated task despite the wide use of the FLC
system in control engineering [29]. Thus, to compensate for the
disadvantages of the FLC system, the artificial neural network
(ANN) is also used. Roughly, the ANN algorithm may be utilized
during the learning process, which can approximate an unknown
function from the system inputs and outputs data set, using a
multitude of neurons in a similar way of a human-being brain.

Indeed, through five layers of the ANN algorithm, the system
output y is computed from (x;, X,) inputs using several inference
system parameters such as the fuzzy rules number and the
membership function type and degree. For clarity, Figure 2 shows
the ANFIS architecture model.

Fuzzification Rule Normalization Defuzzification Output
layer layer layer layer layer
X1 X2

wy wy ##

X14 :: ovo wy iy
X1 X2 f

L

Figure 2: ANFIS architecture with two membership function

Wz w2 f2

Now, the learning process of the ANFIS algorithm may be
described as follows:

First, in the fuzzification layer, the output of each node is
computed from the following equation:

.1 =
{Oz Pa; (x1) (16)

of = us, (x2)
where (x;, x,) are the inputs, (4; , B;) are the node linguistic label,
where i varies from 1 to the membership function number.

Then, to compute the output node of the second layer, we use
the product of each input entering into the node as follows:
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2 = .
{0" W (17)

wj = .uAi(xl) * IlBi(xz)

where j varies from 1 to the fuzzy rule number n and wj is a rule-
coefficient that stands for the firing strength.

Now, to compute the value of each node in the normalization
layer, each firing strength is divided by the sum of all firing
strength, which is denoted by the normalized firing strength
according to the following equation:

3 - =
T (18)
W, = =—2—

/ Z?=1W1'

where j varies from 1 ton

Then, in the defuzzification layer, using the normalized firing
strength w; and the consequent parameters {p i 4 r]-}, we compute
a weighted value of each fuzzy rule using the following equation:

0* = w.f;
{ ] ] f] (19)

wif; = wj(pjx1 + q;x; +17)

Thus, the final unique node value obtained in the output layer
is computed by adding the incoming inputs according to the
following equation:

0; = i1 Wif; (20)

3.4. ANFIS algorithm design

To design the ANFIS controller, the first step is the collection
of learning data. Indeed, this learning process is very important
while designing the ANFIS controller. In this work, we choose to
select the training data set from a proportional-integral-differential
controller. Then, benefiting from the symmetrical structure, to
control the six-state quadrotor system, namely (x,y,z, ,0,9),
only four P(I)D controllers are necessary. Roughly, similar PD
controllers are used for the horizontal positions x and y, similar
controllers are used for the attitude Euler angles ¢ and 6, a PID
control structure is used for the quadrotor altitude z, and for
controlling the 1-yaw quadrotor orientation (see Figure 3). Then,
to get the necessary training data for the ANFIS controller, the
responses of the four P(I)D controllers are collected. Especially,
in this work, the training data is a 3-dimensional vector, namely,
the (e, é) controller inputs and the y-controller output. Roughly,
two steps are needed during the design of the ANFIS controller:
the training and the testing process. Moreover, the initial training
data is arbitrarily separated into a training data V.4, (70% of
initial data) and the testing data Vi, ( 30% of initial data). Then,
to transform the (e, é )-inputs into the y-output, we should select
several parameters of the ANFIS algorithm.

Moreover, to approximate the fuzzy inference system (FIS)
from the initial data set, the type and degree of the input-output
membership functions (MFs) should be defined.

WWwWw.astesj.com
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Figure 3: Quadrotor system controlled by the PD plus integral controllers

However, it is worth noticing that the choice of the membership
functions degree significantly affects the necessary computational
time for designing the controller. This means that choosing a small
MFs degree is beneficial to the controller computing time. Then,
in the proposed ANFIS controller, only three inputs MFs and three
output MFs, are configured to implement each fuzzy inference
system (FIS) of the controller. Furthermore, compared to other
MFs types such as the trapezoidal, triangular, and bell, the
Gaussian MFs type is characterized by the less complexity and
high precision (see e.g. [30], and [31]). Thus, the (Gaussian) MFs
that are chosen as inputs MFs type are defined by:

_('—‘i—ﬂzf)z
i) =e @1)
where ¢;(0;), (i = 1,2, 3), are the center(width) of the fuzzy set
for each MF. Finally, the other inference parameters are chosen as
shown in Table 1:

Table 1: Inference system parameters

Fuzzy type Defuzzification Inference engine
Y P method &
. weighted :
Takagi-Sugeno average (wtaver) prod-max

Indeed, to design the ANFIS controller, we should select
additional ANFIS parameters such as training epoch number ny,,
training error goal E;.q;, and optimization method. Practically,
we used the parameter values that are given in Table 2.

Then, in quadrotor system control, the trained ANFIS
controller is used instead of the above controllers (see Figure 3).

3.5. Integral control action for ANFIS controller

Each of the four resulting ANFIS controllers has two inputs
(the error, and its derivative é ) as shown in Figure 4. Then, the
steady-state error cannot be removed because of the non-existence
of internal integral control. For this reason, we associate each
ANFIS controller with an integral control action to combine the
benefits of the ANFIS controller and the integral control, which
allows obtaining an enhanced and robust controller that is denoted
ANFISHL
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Table 2: ANFIS algorithm parameters

Training epoch | Training error Optimization
number 1, goal E¢rqin method
Last-squares and
20 0 back-propagation
gradient descent
ref A
— ANFIS
-
de/dt|_,, controller
AA A + Quadrotor
R system
Jew o i E
ref . .
—p{ Ko % .
- . Quadrotor
fe(t) —Ki > F f— system
de/dt —Kd E_..

Figure 4: Selection of training data set for ANFIS controller

For this reason, two inputs of each initials controllers (error e ,
and its rate € ) are used to design the ANFIS controller while the
integral action ([ e(t)) is maintained in the designed ANFIS
controller with the same parameter K;. Thus, due to the additional
integral control, the controller results in a multi closed-loop control
structure, which permits obtaining better performance for the
quadrotor control system [25].

Furthermore, to enhance the performance of the ANFIS+I
controller, three inputs and output scaling gains are added as
shown in Figure 5. Then suitable values should be determined for
each scaling gain. Specifically, as three scaling parameters should
be simultaneously tuned for each ANFIS+I state-controller, in the
next subsection, the multidimensional particle swarm optimization
(PSO) algorithm is proposed.

3.6. Multidimensional PSO algorithm description

Based on the observation of birds flying, the particle swarm
optimization (PSO) metaheuristic algorithm was initiated by J.
Kennedy and R. C. Eberhart in 1997 [32]. Thus, the theory of this
algorithm is based on the arbitrary choice of particles to design the
initial population in a fixed search space [16]. Then, at each new
iteration, a different population is selected according to the
position and velocity of each particle.

Therefore, as stated by the next equations, the best values of
the local and global fitness parameters are computed as follows:

v+ 1) = woy O+ e m (2150 — %)
+c; rZ(XZ,ij(t) - )(ij(t)) (22)
xij(t+ 1) = x;;(0) + v (t+ 1)

where { = 1...n denotes the particle number of populations, j =
1...m assigns the parameter to tune in dimension m. ¢; and
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¢, denote the cognitive and social constants, respectively. r; and
1, are arbitrary scalars in the interval [0,1]. w is the inertia weight
that is used to balance the effect of the previous velocity to the
actual value. Thus, at each specific time t, for each particle i in
each dimension j, several parameters are to consider: the velocity
v{;, the position xf;, the local best fitness x1 ;;, and the global best
fitness x3;; . Then, to design the four PSO-based ANFIS+I
controller, a code was developed using Matlab Environment. The
main steps of this code are presented in Algorithm 2.

Algorithm 2: Multidimensional PSO algorithm steps
Result: Optimum parameters
Set the search space, the particles number 7, the number
of iteration #jer;
Repeat:
Generate a random population
Evaluate the objective function
Evaluate the local and global best fitness
Compute the velocity and position of particles
according to equation (22)
Until the maximum number of iterations () is reached

Multidimensional PSO
Algorithm

B 1 ANFIS+HI _I}Quadrotor
b | controller system

E{T)

Figure 5: ANFIS+I controller scaling gains tuning using multidimensional PSO
algorithm

The objective is to find the optimal values of the PSO-based
ANFIS+I scaling gains for each controlled state (x, z, ¢, and Y)
(see Figure 5). Then, the optimization algorithm starts by selecting
the multidimensional PSO parameters such as the population
number (n), the tune dimension (m), the maximum iterations
number (N, ), and the search space.

In this work, to reduce the tuning dimension using the
multidimensional PSO algorithm, we utilize the same PSO-based
ANFIS+I controller for the horizontal position x and y as well,
and for the attitude angle ¢ and 6 as well, which permits
simplifying the optimization dimension to three scaling factors
G,,G; and G, for only four ANFIS+I controllers. Thus,
dimension m could be reduced to twelve parameters. Besides, we
choose 500 as the population number, 5 as the maximum number
of iterations, and [0.1, 5] as bounds of the search space.

Then, the optimization process starts by initializing a random
population p;;, where i (1 <1 <n) represents a population
particle, and j (1 <j<m) denotes the number of tuned
parameters. Then, at each iteration k (1 <k <ny,,), the
algorithm generates a new population p;; after evaluating the best
local and global fitness, which is based on computing two
parameters: position and velocity of each particle according to
equation (22). Of course, these computations are repeated until the
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maximum of iteration number (i.e M;,) is reached and the
smallest value of the objective function criterion is obtained. Thus,
the algorithm ends and provides the suitable scaling gains that
correspond to an optimal ANFIS+I controller.

3.7. Objective function criterion choice

As described in the above subsection, the multidimensional
PSO algorithm role is to optimize the scaling gains of the (four)
ANFIS+I controllers, which ends by obtaining a minimum value
of an objective function criterion. For this reason, several criteria
can be used such as the overshoot (Mp), the settling time (Ts), the
rise time (Tr) [20], the integral of absolute error (IAE), the integral
of squared error (ISE), the integral of time-weighted squared error
(ITSE), and the integral of time-weighted absolute error (ITAE)
[33]. However, IAE and ISE objective function criteria do ignore
the time when computing the difference between the desired signal
and the actual signal (i.e, error e), which could result in high
settling time and unacceptable overshoot [34], while ITAE and
ITSE objective function criteria do compute the error through the
time and allow improving the system performances.

Therefore, in this work, we use the well-known ITAE
objective function criterion. Then, for each state, to evaluate the
ANFIS+I scaling gains, we consider the /TAE criterion that is
defined by:

ITAE = [ tle(t)| dt (23)

4. Simulation Results

In this section, the simulation tests are provided to show the
efficiency of the proposed PSO-based ANFIS+I controller. For
clarity, the quadrotor system parameters are given in Table 3 [4].

To check the robustness of the proposed control strategy, four
different controllers are implemented for controlling the quadrotor
system.

Table 3: Quadrotor system parameters

Symbol Description Value
g Gravitational acceleration 9.81 m.s2
m Quadrotor mass 0.65 Kg
1 Distance from center to motor |0.23 m
Jx Moment of inertia about x-axis |7.5 10~ Kg.m?
iy Moment of inertia about y-axis |7.5 10~ Kg.m?
jz Moment of inertia about z-axis |1.3 102 Kg.m?
k Propeller force constant 3.13 10 N.s?
d Propeller torque constant 7.5 107 N.s?

First, we collect the training data set that is used to design the
fuzzy inference system. Thus, the first simulation scenario consists
in controlling the quadrotor system by the classical PID control
approach. For simplicity, for each quadrotor state (¢, 8,Y, x,y, ),
the suitable control parameters are determined using the Matlab
PID Tuner. These parameters are summarized in Table 4.

Thereafter, the ANFIS controller is implemented using the data
collected from the quadrotor system dynamic response when it is
controlled by the PID control approach. In this step, an initial

WWwWw.astesj.com

ANFIS controller is designed using the generated fuzzy inference
system. Roughly, two MATLAB functions are available: genfisi,
which returns the initial membership functions set, and anfis,
which gives the fuzzy inference system.

Table 4: Parameters of PID controller

X y z Q (4 P
k, | 0.011 -0.011 3.09 0.4 0.4 3.7
ki 0 0 1.5 0.15 | 0.15 7.5
kg 0.12 -0.12 4.5 0.11 | 0.11 | 0.56

Then, to improve the ANFIS controller, we kept the initial
integral control action in the designed controller, which allows
guaranteeing more robustness to the closed-loop system.

In the next step, to improve the quadrotor control system
performances, we use the multidimensional PSO algorithm to
optimize the ANFIS+I scaling gains (i.e G,, G4 ,and G,,). Table 5
gives the value of the obtained scaling gains for each quadrotor
state after the optimization process.

Table 5: ANFIS+I scaling gains tuned by multidimensional PSO algorithm

X y z [0 (% P

G, 4.82 -4.82 2.21 4.56 4.56 4.26
Gy 0.73 -0.73 1.26 0.36 0.36 2.66
Gy, 4.4 -4.4 2.31 0.95 0.95 2.21

For comparison purposes, Table 6 shows the performance
results of the four control strategies: classical PID, ANFIS
(without the integral control, (non-optimized) ANFIS+I, and
multidimensional PSO-based ANFIS+I controllers.

T T T
[ e ——.——_- LB ref i
PID
ANFIS
08+ v ANFIS+ el
| { \\-»._, PSO-based ANFIS+
A I
06 L -
3 1
=
04 B
02} B
0 —
L L L L L L L
0 20 40 60 80 100 120 140 160

time [s]

Figure 6: x-state tracking control response

Figures 6, 7, and 8 show the simulation results for x, y, and z
quadrotor system states, respectively. The comparison of the four
control strategies permits claiming that the PSO-based ANFIS+I
controller can provide better control performances than the other
control strategies. Except for the altitude (z) rise time, the proposed
controller gives the smallest overshoot and the minimum rise and
settling times.

For simplicity, the -yaw reference trajectory was chosen to
be null. Then, from Figures 9, 10, and 11, it is shown that quadrotor
Euler angles, namely (¢, 8,1) are very small, which means that
the three quadrotor rotational motions are well stabilized.
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Table 6: Performances of the PID, ANFIS, ANFIS+I, and PSO-based ANFIS+1

PSO-based
PID | ANFIS | ANFIS+I ANFISH
M, (%) | 5.17 5.05 5.47 4.08
LT | 29 [ 3006 [ 3.02 2.4
T,(s) | 265 | 26.7 26.5 15.24
ITAE | 1.003 | 0.99 1.01 0.15
M, (%) | 5.17 5.04 5.47 4.08
T.(s) | 2.9 | 3.006 | 3.02 2.4
Y T105) | 265 | 2679 | 265 15.24
ITAE 1.49 1.49 1.5 0.24
M, (%) | 6.95 4.04 7.008 0.61
, LT [ 168 | 175 1.68 1.8
T,(s) | 823 | 8.11 8.24 6.05
ITAE 0.47 0.35 0.47 0.10
08} [\ ) \
o} — ] o
E i ANFIS
- 04 ::(;: lm ANFISH
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Figure 7: y-state tracking control response
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Figure 8: z-state tracking control response
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Figure 9: ¢-state tracking control response
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Figure 12: Mass payload disturbance rejection

Besides, additional simulation tests have been performed to
evaluate the robustness of the proposed control strategy for the
quadrotor system trajectory-tracking. Specifically, a payload mass
has been added to the quadrotor system as an (unknown) external
disturbance. Then, Figure 12 shows the effects on the quadrotor
altitude z of 10% and 15% of total mass change, respectively. It is
clearly shown that, in the case of the proposed controller, the fact
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that the aerial vehicle's total mass could be modified during the air
travel has almost no effect upon the tracking quality. This means
that the proposed controller can efficiently compensate for external
static-like disturbances.

Then, from the above simulation examples, it results that the
multi closed-loop PSO-based ANFIS+I control strategy can ensure
the best control performances in comparison with the other control
strategies, namely it generates the smallest overshoot and the
smallest rise and settling times as well.

5. Conclusion

In this paper, a PSO-based adaptive neuro-fuzzy inference
system plus integral (ANFIS+I) control is proposed as a new
intelligent controller for the quadrotor trajectory tracking control
problem. First, to collect the necessary training data set, a classical
PID (tuned) controller is implemented for the quadrotor system.
Then, to achieve good robustness, the (initial) integral control
action is preserved in the control structure in addition to the
generated ANFIS controller. Moreover, scaling gains are added to
the ANFIS inputs-output, and optimized using the minimization of
the ITAE objective function criterion. Thus, the new control
strategy denoted multidimensional PSO-based ANFIS plus
integral is designed. To show the effectiveness of the proposed
controller, several simulation tests are provided. Namely, in
comparison with the traditional PID, the ANFIS controller, ANFIS
plus integral control, it is shown that the proposed control strategy
can ensure better time-domain performances in case of trajectory
tracking problem for the quadrotor system. Particularly, the
proposed controller can efficiently compensate for unknown mass
modification with the smallest overshoot and good attitude
stabilization. Therefore, the multi closed-loop ANFIS+I controller,
where the scaling gains are optimized using the multidimensional
PSO-algorithm, can be considered as an additional control strategy
to solve the position tracking problem for the quadrotor system.
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