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This paper presents an adaptive Interval Type-2 Fuzzy Logic Controller (IT2-FLC) integrated with a nonlinear Fractional-Order Pro-
portional Integral-Derivative (FOPID) controller for quadrotor attitude control. The adaptive mechanism, based on sliding surfaces, tunes
the controller parameters in real-time. Moreover, the fuzzy system is integrated with a nonlinear FOPID controller. Unlike the fixed gains
of the conventional FOPID, the nonlinear variant dynamically adjusts its parameters in real-time. The Grey Wolf Optimizer (GWO) is used
to optimize both controller and fuzzy system parameters, minimizing the Integral of the Absolute Error (IAE). To validate the effectiveness
of the proposed controller, three configurations — IT2-FLC integrated with FOPID, adaptive IT2-FLC integrated with FOPID and IT2-FLC
integrated with nonlinear FOPID — are designed for the attitude control of a quadrotor, all aiming to achieve the same objective function.
The results show that nonlinear gain alone improves performance more than the adaptive structure alone in all axes. For the roll axis,
nonlinear gain reduces IAE and RMSE by 55.08% and 40.80%, respectively, while the adaptive structure achieves smaller improvements
of 34.62% and 17.24%. In the pitch axis, nonlinear gain reduces IAE and RMSE by 37.36% and 18.10%, compared to 30.27% and 8.45%
with the adaptive structure. Combining nonlinear gain with the adaptive structure leads to the best performance in all cases, with the
largest improvements in IAE, MAE and RMSE observed in the roll and yaw axes.
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1. Introduction and efficiency. These tasks include conducting aerial

surveillance, delivering packages and carrying out search
The control of quadrotors is vital due to their broad  and rescue operations. However, controlling quadrotors
applications. The ability to have precise control allows  presents unique challenges. These challenges encompass
quadrotors to accomplish complex tasks with accuracy e jnherent nonlinear dynamics of the quadrotor system,
constrained payload capacity, environmental uncertainties
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challenges is essential for ensuring the safe and reliable
operation of quadrotors, while also achieving the desired
flight characteristics, maneuverability and responsiveness.

In Unmanned Aerial Vehicle (UAV) applications, various
factors introduce inherent uncertainties. These uncertain-
ties include inadequate modeling, aerodynamic dis-
turbances, environmental variations, rotor damage, battery
drain, ground effects, as well as sensor and actuator noise
[1-4]. To address these uncertainties, researchers have
developed several anti-disturbance controllers, such as the
nonlinear Model Predictive Control (MPC) technique [5, 6]
and the Sliding Mode Control (SMC) method [7, 8]. The MPC
approach relies on a precise system model, while the SMC
method is limited by the occurrence of unexpected chat-
tering phenomena, which restricts its applicability in many
industrial systems. In light of these challenges, Fuzzy Logic
Control (FLC) has emerged as an alternative solution to
enhance the robustness of control systems in the presence
of uncertainties and external disturbances [9, 10]. Among
the various types of FLCs, Type-1 FLCs (T1-FLCs) are well-
known and widely employed [11, 12]. Interval Type-2 FLCs
(IT2-FLCs) offer enhanced robustness and better handling
of uncertainties compared to T1-FLCs due to their ability to
model and manage higher degrees of uncertainty within the
system [13]. Hence, researchers have recently paid signifi-
cant attention to IT2-FLCs [14-16].

IT2-FLCs have demonstrated their capability in handling
rule uncertainties, positioning them as suitable solutions for
addressing the challenges associated with controlling
quadrotors. Hailemichael and Karimoddini [17] developed a
robust IT-2 Takagi-Sugeno-Kang (TSK) FLC specifically
designed for the attitude control of UAVs, showcasing its
effectiveness in capturing and accommodating uncertain-
ties. Al-Mahturi et al [18] presented an enhanced self-
adaptive IT2-FLC system tailored for quadcopter drone
stabilization. Le et al. [19] proposed a multilayer IT2-FLC
for quadcopter UAVs, offering the capacity to approximate
complex nonlinear relationships within the system. Dombi
and Hussain [20] employed IT2 fuzzy sets in the antecedent
part and intervals in the zero-order TSK fuzzy system’s
consequent part, resulting in improved accuracy and in-
terpretability of the system. Shirzadeh et al. [21] proposed a
robust control strategy that is adaptive and based on a type-
2 fuzzy neural network. This control strategy has been
specifically developed to accurately track desired trajecto-
ries of quadrotors.

On the other hand, the integration of fuzzy logic with
conventional control systems, known as hybrid control
systems, presents a promising approach for enhancing
system performance. By combining the precision and sta-
bility of classical control techniques with the adaptability
and intuitive reasoning capabilities inherent in fuzzy logic,
these hybrid systems enable robust control in complex and

uncertain environments. Recent studies have notably
demonstrated the efficacy of employing fuzzy systems for
fine-tuning control method parameters. Various instances
include fuzzy PID [22], adaptive fuzzy PID [23], self-
adaptive neuro-fuzzy PID [24], adaptive fuzzy sliding mode
[25] and adaptive fuzzy backstepping control [26].
Fractional-Order  Proportional Integral-Derivative
(FOPID) controllers, an advancement of traditional PID
controllers, provide a superior control framework, which
allows for a more flexible and nuanced response to dynamic
system changes, essentially offering an expanded tuning
spectrum, thereby improving the stability and performance
of control systems across a wider range of operating con-
ditions [27]. Several studies have demonstrated the effec-
tiveness of integrating FO concepts with control methods to
address the challenges encountered in quadrotor dynamics.
Labbadi et al. [28] proposed a continuous FO improved
super twisting PID sliding-mode control technique. This
approach effectively tackles issues such as parameter
uncertainties, nonlinearities and aerodynamic disturbances.
Guettal et al [29] combined the advantages of FO calculus,
backstepping control and neural networks to handle the
uncertainties and nonlinearities in quadrotor dynamics.
Their approach showcased improved control performance
in challenging operating conditions. Ansarian and Mah-
moodabadi [30] introduced a fuzzy adaptive robust FO
approach, which demonstrated enhanced performance in
managing the nonlinear dynamics of unmanned flying sys-
tems. These studies highlight the potential of using FO
techniques to enhance control strategies and address the
complexities associated with quadrotor dynamics.
Additionally, precise optimization of controller para-
meters is crucial for attaining the desired performance of
control systems, particularly in quadrotor control design,
where minimizing control effort and output errors are key
objectives. Striking a balance between these criteria is vital.
Meta-heuristic algorithms, such as the genetic algorithm
[31], particle swarm optimization [32], Bat algorithm [33],
grey wolf optimization [34], cuckoo search [35], bee algo-
rithm [36] and ant colony optimization [37], have received
significant attention as effective methodologies for navi-
gating and resolving the intricate trade-offs involved in
achieving a harmonious balance among these criteria.
While much of the existing literature has focused on the
individual effects of nonlinear gain and adaptive structures
within IT2-FLC controllers, often incorporating sliding
surfaces, there remains a notable gap in the integration of
these approaches. A comprehensive review of recent re-
search reveals this unexplored area, emphasizing the need
for a more holistic control strategy that synergistically
combines the advantages of both adaptive fuzzy logic and
nonlinear gain compensators. To address this gap, the
proposed hybrid controller introduces a novel cascade



configuration that integrates IT2 fuzzy systems, sliding
surfaces and nonlinear FOPID compensators. This integra-
tion facilitates more robust and adaptive control for non-
linear UAV systems. In this hybrid structure, the scaling
coefficients of the fuzzy system are dynamically adapted
through an innovative adaptive mechanism based on sliding
surfaces. This mechanism enables the real-time adjustment
of fuzzy system gains, ensuring that the controller remains
responsive to changing conditions and uncertainties during
flight. Moreover, the inclusion of a nonlinear FOPID con-
troller further enhances system performance by compen-
sating for the inherent nonlinearities of the UAV. The
nonlinear FOPID controller achieves precise control over
the UAV’s dynamics by dynamically adjusting its gains
based on real-time performance feedback. This combined
approach not only improves the stability and responsive-
ness of the UAV system but also provides a comprehensive
solution to the challenges of adaptive and nonlinear control
in complex, uncertain environments. To demonstrate the
effectiveness of the proposed controller, three designs are
implemented: IT2-FLC with FOPID, adaptive IT2-FLC with
FOPID (a novel contribution), and IT2-FLC with nonlinear
FOPID (another novel contribution), all applied to quad-
rotor attitude control with the same objective function.

2. Quadrotor UAV Dynamic Model

To analyze the motion of a rigid body in three-dimensional
space, two separate coordinate frames are established. The
first coordinate frame, denoted as {B}, is specifically
designed for the quadrotor and is identified as the aircraft-
fixed coordinate system. The {B} frame’s origin is situated at
the center of gravity position, aligning with the principal
plane of symmetry. Alongside, a global-fixed reference frame
denoted as { £} is established to function as the inertial frame.
In the {E}-frame, the position vector of the quadrotor’s
center of mass is denoted as {¥}x =[x y 7], and its orien-
tation is represented by the Euler angles vector ® = [¢ 6 ] T,
—7m/2<¢p<7/2,—7/2<0<7/2,—7 <1) < These angles
correspond to roll (¢), pitch (0) and yaw (¢), respectively.
The {B}-frame, which is fixed to the vehicle, captures the
quadrotor’s translational and rotational dynamics. The
translational velocity in the body frame is expressed as
{B}V = [u v w]. Similarly, the angular velocity vector in the
body frame is given by {B}w = [p q q]”, where p, q, and r are
the rates of rotation about the body frame axes (Fig. 1).

The rotational kinematics, which describe the relation-
ship between the angular velocities in the {B}-frame and
the Euler angles, are essential for the control and stability of
the quadrotor. Thus, the rotational kinematics governing
the relationship between these angular velocities and the
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Fig. 1.

The schematic representation of quadrotor.

Euler angles is expressed as [30]

¢
6= (@) Pw= |
v

1 sin¢tanf cos¢tanf

p
=10 cos ¢ —sing q|, (1)
r

0 sin¢sect cos¢psect

The transformation from the body frame to the Earth
frame is described by the rotation matrix ({£}R ). This
matrix is defined according to a 3-2-1 rotation sequence, as
follows [30]:

{E}R{B}_

cosfcosty sin¢sinfcosi — cos¢siny cos ¢ sinf cos ) + sin ¢ siny
— | cosfsiney sin¢sinfsiniy + cos¢psiny cos¢sinhsiny —singcosy | .
—sinf sin ¢ cos 0 cos ¢ cos 0

(2)

The translational dynamics of the quadrotor are ana-
lyzed within the inertial frame {E}, while its rotational
dynamics are evaluated within the body frame {B}. The
quadrotor’s motion is governed by several critical factors,
including the thrust force (F;) and the aerodynamic moment
(Q;) produced by the four rotors. The resultant combination
of thrust forces and aerodynamic moments acting on the
quadrotor gives rise to four generalized forces in the body
frame {B}, as delineated in the following equations [12]:

4
i=1
U3:F3L—F1L:Lb(w§—w%)a (5)
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4
Uy =) (-1)"1Q; = C(w} — w} +wj — w}),
i=1 (6)
Cy

c=-M
Cr

The variables w;,w;,w; and w, denote the angular ve-
locities of the rotors. Here, Cr represents the thrust coeffi-
cient, Cy; denotes the moment coefficient, and L signifies the
length of each quadrotor’s arm. The control inputs for
the quadcopter are U, for i = 1, 2, 3, 4, where U; represents
the total thrust on the quadrotor body along the z; axis, U,
and Uz correspond to roll and pitch inputs, respectively, and
U, represents the yawing moment. The dynamics of the
quadrotor model are derived from the six-degree-of-freedom
equations, which are formulated based on the Newton-Euler
equations. These equations account for the external forces
and moments applied to the quadrotor’s center of mass [28].

YF. = mBIV 4+ Bl x mBly, (7)

SM,y = I(Blw) + By x [Bly, (8)

where m denotes the mass of the quadcopter and I =
diag(ly, I,,I,) represents its inertia matrix. The external for-
ces and moments are described within the body-fixed frame
as follows [28]:

EFext = Fprop - Faero - Fgrav - Fdis> (9)

EMext = Mprop - Maero - ngro - Mdis: (10)

where the active forces Fy,,, and moments M, generated
by the rotors are defined as F,,, = [0 0 S # 1 F]TeR3 and
Mprop = [(F4— - FZ)L (F3 - Fl)L CZ;}:I (_1)I+1Fi] T€R3' The
term Fy,, = m({E}R{B})TG is the gravity force with G =
[0 09.81]". The terms F,., = K, B}V and M,.,, = K, {B}w
represent the aerodynamic drag forces and moments, re-
spectively, where K; and K, are the diagonal aerodynamic
dynamic coefficient matrices. Mgy, = 311 Jr(1Plw x e,,)
(—1)™1w;, where Jy is the rotor inertia. Fy;s, My €R3 signify
parameter uncertainties and external disturbance forces and
moments in {B}, such as wind drags, load variation, ground
effects, uneven mass distributions and rotor fluctuations.
Utilizing Egs. (7)-(10), the quadrotor’s dynamics can be
expressed in the reference frame {I} as follows:

) 1 1 4
X = ‘m {I}R{B}(Fprop — Faero) =G — E({ }R{B})TFdiS’ (11)

6= (I(I)(@))71 (Mprop - Maero - ngro - @(@)@

xI®(0@)0 — 1[‘9@8(09) 0+ aq;(f) ¢'>] @). (12)

To facilitate the control design, the state space repre-
sentation of the quadrotor UAV is obtained utilizing the
preceding analysis. The primary objective of a UAV con-
troller is to achieve the asymptotic convergence of the dy-
namic state variables [x(t),y(t),z(t),(t)] toward the
predetermined trajectories [x4(t),yq(t),z4(t),¥q(t)]. This
objective may be accomplished through employing a com-
bination of block control and sliding mode methodologies.
The mathematical expressions (11) and (12) derived are
utilized to articulate the system dynamics in the state space
formalism [28].

X=FX,U)=fX)+g9gX)U+D (13)
with the following state vector X and input vector U:

X:<X1,X2,...,X12)T€R12 andU=(U1,U2,U3,U4)T,

X1 = ¢7X2 = (]5,X3 = 97X4 = 9,X5 = wax6 = ¢7

X7 =X,Xg =X, X9 =Y, X190 =Y, X11 = Z,X12 = Z.

(14)
Therefore
_ % -
I—1 J L D,
y zZ R [}
IR S Uy + -2+ 4,
<1x>““ R R
Xy
L—1 ] L D,
(ZI X>X2X6+I_szwr+l_u3+Aé‘+I_+A9
y y v vy
X6
L1, 1 D,
—U, — +A.
(12)““+e4+@+'w
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while w, denotes the overall speed of the rotors. The value
of w, can be determined as follows:

Wy = —w1 +wy — w3 +wy (16)

and

1
Ap = m {I}R{B} Faero = [Ax, 4y, 4, T, Ar = I Myero

—_ T
=[A,4,4,]" (17)

The terms D,,D, and D, represent the external distur-
bance forces acting along the x;, y; and z; axes, respectively.
The symbols D,,D, and D, specifically denote external
disturbance torques acting within the system. Ar and Ar
represent the resultant aerodynamic forces and moments,
respectively, as defined in the inertia reference frame I. It is
worthwhile to note that the translations depend on the
angles.

The term A = Af(X) + Ag(X)U+ D is regarded as a
lumped disturbance, encompassing both parameter uncer-
tainties and external disturbances. Here, Af and Ag denote
the parameter uncertainties arising from variations in the
system parameters such as mass and moment of inertia.

3. Control Architecture

The general schematic for controlling a quadrotor is pre-
sented in Fig. 2. The proposed controller system, as illus-
trated in Fig. 3(d), introduces an enhanced feature by
integrating IT2 fuzzy sets into its structure. The inclusion of
these fuzzy sets is crucial for accurately representing and
communicating uncertainties in membership grades by
utilizing the concept of the Footprint of Uncertainty (FOU).
By implementing FOU, the controller system gains a higher
level of flexibility in handling and controlling the inherent
uncertainties within the system. In addition, finding proper
values for the gains is important for controller design.
Sliding mode concepts are used to formulate the time-de-
pendent relations for them. The determination of the in-
fluence of input variables in a fuzzy system is of utmost
importance and can be achieved through adaptively modi-
fying the input scaling factors using the sliding mode con-
cept. In this approach, the sliding surface is computed based
on the error between the state variables, which serves as
the input for the fuzzy logic controller. The ability to dy-
namically modify scaling factors empowers the controller to
demonstrate enhanced flexibility and agility, thereby am-
plifying its effectiveness in handling a wide range of input
scenarios. The integration of adaptive gains empowers the
controller to effectively address the nonlinear dependencies
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Fig. 2. General schematic of the quadrotor control system.

(a) IT2-FLC+FOPID
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Fig. 3. Structure of the proposed hybrid controller used for a quadrotor.

between input parameters and target outputs, thereby
leading to enhanced system performance. Additionally, a
nonlinear FOPID controller is integrated into the IT-2 FLC.
This integration leads to enhanced control performance and
improved system stability. The nonlinear FOPID controller
surpasses the classical FOPID by dynamically adapting its
parameters in real-time. Notably, the nonlinear FOPID
controller exhibits the advantage of dynamically adjusting
its parameters in response to changing operating condi-
tions. In contrast, the classical FOPID controller relies on
fixed proportional, integral and derivative gains, which may
yield suboptimal performance when confronted with non-
linearities. Conversely, the nonlinear FOPID controller can
adapt its gains in real-time, thereby enhancing its respon-
siveness and robustness across a broader range of system

dynamics. By incorporating adaptive elements, it effectively
tracks and controls nonlinear processes, providing a more
accurate and stable response compared to traditional
FOPID controllers. The proposed hybrid control strategy
combines the strengths of adaptive gains, fractional order
calculus and fuzzy logic-based decision-making, offering a
robust and adaptive approach to address the complexities
and nonlinearity of dynamic systems. To further analyze the
impact of adaptive gain and nonlinear gain on system per-
formance and investigate their respective effects, three ad-
ditional controllers are introduced in Fig. 3.

The initial part of the controller introduces an adaptive
type-2 fuzzy controller, featuring the adjustment of the
input gain of the fuzzy system through the introduction
of a sliding surface incorporated with nonlinear FOPID.



Consequently, several definitions of fractional-order

operators are delineated.

Definition 1. The Caputo FO derivative employed in the
controller design is provided by [38]:

1 t — )1y @ (r)dr
m/()(t Jer Y@ (dr.  (18)

Cnu
DiU(t) = =—

Here, p signifies the derivative order, while the symbol a
denotes either the integer supremum or the least upper
bound of g, under the constraint that a—1< p <a.
Moreover, U(t) represents a continuously time-variant
function, with the Gamma function denoted as I'(.).

Definition 2. FO integration, denoted as D&?(U ), is defined
as follows:

1

=—— /Ot (t — ) U(r)dr, (19)

Do) = 53

where 1 and A correspond to the FO integrator and FO
differentiators, respectively.

Additionally, it has been proposed that using adaptive
approaches is a very effective way to determine out the
scaling gains (Kp and Kj,) of the inputs as the FLC uses. This
methodology entails the incorporation of sliding mode
concepts to establish the relationships governing these
control gains. As a result, the determination of the sliding
surfaces is facilitated through the error of the state vari-
ables in the subsequent way:

Si=é+XNe, i=¢, 0 and 1, (20)

where ); is a positive parameter and e; is the considered
state’s error. Using the gradient descent method, the pro-
portional and derivative gains of the suggested controller
(Kp and Kp) can be calculated as adaptive time-dependent
coefficients in the way shown as follows [30-39]. The proof
of the adaptive gain is provided in [39].

KPI = —ypiSi€;, (21)
. de;
Kp = —’YDiSiE» (22)

where vp; and ~yp; are positive coefficients.

The fuzzy systems suggested to adjust positive para-
meters \; (¢, 60 and 1) of the sliding surfaces introduced in
Eg. (20), employ the singleton fuzzifier, product inference
engine and center average defuzzifier [30].

Moreover, the nonlinear gain, represented as K(w), is a
function of o (t) within the control system framework. This
nonlinear gain is essentially a mathematical function that
operates on the signal term w(t) to yield a scaled signal
denoted as F(t) = K(w).w(t). The resultant scaled signal
F(t) is subsequently introduced into the linear FOPID
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controller, which, in turn, formulates the control signal. It is
crucial to emphasize that the nonlinear gain encompasses a
wide range of possibilities, encompassing various general
nonlinear functions of the input signal. Therefore, there
exists a diverse set of options for selecting the appropriate
nonlinear gain. The input to the plant, denoted as u(t), can
be effectively governed by the following nonlinear control
law [40]:

u(t) = F1(w(t)) + Fo(Drw(t)) + F3(D*w(t)),

Fi(-) = wi()] - [sign(-)
-=w(t),D"w(t) or D *w(t), and i=1,2,3,
Kiy
i) =Ko +———7—.
ki(+) 1+1+e(')ai
(23)

The proposed formulation of the FOPID controller
introduces nonlinear gain components denoted by positive
constants K;, Ki», a; and ;. These parameters serve a cru-
cial function in enhancing the responsiveness of the con-
troller toward minor discrepancies. As the error decreases
toward zero, the nonlinear gain component stabilizes at the
upper boundary determined by the expression K;; + Kj;/2.
Conversely, when encountering significant errors, the non-
linear gain tends toward the lower threshold as indicated
by K;;. It is crucial to emphasize that the nonlinear gain
element is restricted to the range of [K;; K1 + K;/2], en-
suring compliance with the predetermined range. The de-
sign of the nonlinear FOPID controller in this paper aligns
with the methodology delineated in a prior study on non-
linear PID controllers [40].

3.1. IT2-FLCs structure

The controller system comprises key components such as the
fuzzifier, rule base, inference engine, type reducer and
defuzzifier, each serving specific functions as illustrated in
Fig. 4. The fuzzifier transforms crisp inputs into linguistic
variables, facilitating their processing within the fuzzy system.
Subsequently, the inference engine uses the output of the IT2-
FLC system to amplify control actions based on expert-enco-
ded rules, enabling intelligent decision-making and optimiz-
ing system performance. Additionally, input and output
scaling factors allow for fine-tuning the impact of variables on
the control signals and the controlled system, thereby en-
hancing the overall functionality of the IT2-FLC system.

A generalized rule of an IT2-FLS, comprising N rules
(i=1,...,N), is formulated as stated by [19]:

R :IF vy is A} and wv,isAJ,THEN @' =Y  (24)

where v; and v, denote the input variables, w signifies
the output variable, Y/ denotes the parameters of the
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consequent part of the fuzzy system, and A, A indicate the
type-2 fuzzy sets for the first and second inputs corre-
spondingly. The associated fuzzy MFs for A{, and /~12" are
symbolized as i}, and p}, respectively. The type-2 Gaussian
MFs are employed in this paper, and they are characterized
by their upper and lower MFs as

_i\ 2
. 1(x;—Cj
NA;(X])ZeX})(_E(%) >Xj:711 or v, (25)

i 2
ué;.(xﬂexp(i("”‘f’) ) (26)
J gj

The values acquired from the upper and lower MFs for
the jth input and ith rule are denoted as fij (x;) and
j

M%,-(Xj)’ respectively. A type-2 fuzzy set represents the re-
7

gion bounded by an upper and a lower MF. The centers of
Gaussian functions, g]’: and E]’:, correspond to the mean
values of the lower and upper MFs, respectively. Similarly,
o} and ) refer to the widths of the lower and upper

Gaussian functions. The consequent part of rules, Y/, is
expressed as a numerical interval Y/ = [Y!, Y'], where Y/
and Y' indicate the lower and upper bounds of the interval.
When utilizing the t-norm for inference and employing type
reduction for the center-of-set, the antecedents of the
ith fuzzy rule can be represented as a numerical interval
T'(x) = [Ti(x); Yu(x)l, where Yj(x) and T,(x) are
specified as follows [36]:

2
Ti(x) = Hﬂ;lj(Xj) = ﬁg}(xﬂ * ﬁgi(Xz)
S (27)
Ti0x) = [[1,00) = pa,0a) * 13 (x2),

P

where x denotes the algebraic product (x) operator.
The overall output of the fuzzy system may be denoted
as the average of its lower and upper limits, based on the

Structure of IT2-FLCs.

Karnik-Mendel (KM) algorithm expressed as follows [41]:

wt+w

= 28
w=22 (28)
Here, =0 and w are computed as follows [36]:
L P N .y
o2 T ), T
=~ L . N . b
S G S O
i=1 ZPLH (29)

R . N .
= — Zile’I'}Y’ + ZII;IZRJrl iy
i Y1+ Zi:R-H Ty
where L and R denote the switching points, which
are identified through the implementation of KM algo-
rithms [41].

This study utilizes a fuzzy system with Gaussian mem-
bership functions, employing seven sets for inputs and
outputs within a range of —1 to 1. The IT2-FLC features
seven distinct membership functions for input variables
(NL, NM, NS, Z, PS, PM, PL) as shown in Fig. 5. A rule base of
49 rules is established through trial-and-error, ensuring a
smooth system output, as presented in Table 1. The Mam-
dani min-max method serves as the inference engine, and
the centroid method is employed for defuzzification.

The variables Kp and Kj, are the scaling factors of the
tracking error (e.) and its derivative (e), respectively. Ad-
ditionally, variables K, K, and K3 are proportional, integral
and derivative gains, respectively. Furthermore, the coeffi-
cients i and X represent the derivative and integration FO,
respectively.

)

3.2. Grey Wolf Optimizer algorithm

The Grey Wolf Optimizer (GWO) algorithm is a metaheur-
istic optimization algorithm inspired by the social hierarchy
and hunting mechanisms of grey wolves. The algorithm
employs three main types of wolves: alpha, beta and delta,
which respectively represent the best, second-best and
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Degree of Membership

-1 -0.5

Fig. 5. The used membership functions for the input variables of the interval type-2 fuzzy system.

Table 1. Fuzzy rule base.
U1
w NL NM NS Z PS PM PL

v, NL NL NL NL NL NM NS Z
NM NL NL NL NM NS Z PS

NS NL NL NM NS Z PS PM

Z NL NM NS Z PS PM PL

PS NM NS Z PS PM PL PL

PM NS Z pPS PM PL PL PL

PL Z pPS PM PL PL PL PL

third-best solutions found so far. These wolves undertake
exploration and exploitation processes within the search
space to iteratively enhance the quality of solutions [42].

During hunting, grey wolves encircle their prey and
persistently pursue it until it ceases its movement. The
behavioral dynamics are mathematically represented by the
following equations:

X(t+1)=Xp(t) —A-D, (30)

D = |C- Xp(£) — X(£)]. (31)

Here, t denotes the current iteration, D represents the
distance vector, X(t) is the position vector of a grey wolf
and Xp(t) represents the position vector of the prey. Addi-

tionally, A and C are coefficient vectors of the grey wolves,
defined as

A=2k-r, —k, (32)
C == 21'2. (33)

Here, the parameter k linearly decreases from 2 to 0
throughout the iterations, while r;, and r, are random

vectors within the range [0,1]. The hunting behavior of grey
wolves is primarily driven by the alpha wolf, although the
beta and delta wolves also contribute to the hunt in certain
circumstances. To mathematically simulate this behavior, it
is assumed that the alpha, beta and delta wolves possess
superior knowledge regarding the potential location of the
prey, making them the best candidate solutions.

The top three candidate solutions identified to date are
conserved and disseminated among other search agents,
including the omegas, in order to adjust their individual
positions according to the locations of the most prominent
search agents. This updating procedure is delineated by the
following expression:

X+ X+ Xy

X(t+1) . , (34)

where

Xl :Xa _Al 'D(ya XZ :X/S_AZ 'Dﬁa
(35)

X; = X — Az - D;.

At a given iteration ¢, X;,X; and X3 represent the first
three best solution candidates within the group. A;, A, and
Aj; are defined according to Eq. (31), and D, D and D are
position vectors defined as follows:

Dy = |Cz - X5(t) — X(t)],

D, = [C; - X, (t) — X(t)], (36)
|

Ds = [C5 - X;(t) — X(¢)-

Here, X,,,X3 and X; represent the current positions of
the alpha, beta and delta wolves, respectively. C;, C, and Cj3
are coefficient vectors calculated using Eq. (32), repre-
senting the alpha, beta and delta wolves, respectively. The
parameter k is a control parameter that determines the
tradeoff between exploration and exploitation in successive
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iterations. To update the value of k linearly in each iteration,
a proposed approach [43] is to vary k within the range from

2 to 0.
k= 2(1 - (5)2)
T

In the optimization process, the total number of itera-
tions allowed is denoted by T. Throughout the exploration
phase, grey wolves tend to diverge from each other, while
during the exploitation phase, they converge toward the
best candidate solution. The parameter k plays a crucial role
in determining the algorithm’s speed and its ability to
progress toward the optimal solution. By appropriately
selecting the value of k, the algorithm can be expedited in its
convergence toward the best candidate solution.

The parameters of the GWO algorithm specific to the
considered system are fine-tuned by minimizing the cost
functions, as defined in Eq. (38).

J(2) :/|39(E)|dt+/|e¢,(5)|dt+/|e,¢,(E)|dt. (38)

= is the design vector that can be defined for the pro-
posed IT2-FLC as follows:

(37)

E = [KPaKDaKlaKZaK3aMa )‘agla62763a€4765a66787]T' (39)

The tuning parameters for the proposed IT2-FLC are the
input and output scaling factors, and the integral and de-
rivative order as shown in Fig. 2, and antecedent mem-
bership function parameters, as shown in Fig. 4.

4, Simulation Results and Discussion

This section provides a thorough assessment of the per-
formance of the designed controller in achieving angular
stabilization and precise pulse function tracking during roll
and pitch maneuvers. The controller, which combines
adaptive IT2-FLC with a nonlinear FOPID controller, is
compared with three other controllers: IT2-FLC with FOPID,
IT2-FLC with nonlinear FOPID and adaptive IT2-FLC with

4+

MATLAB

SIMULINK® Serial Communication 188/ Shnn

Arduino UN

0

FOPID. The tracking performance of these controllers is
evaluated and compared using three indicators: Maximum
Absolute Error (MAE), Integral of the Absolute Error (IAE)
and Root Mean Square Error (RMSE) defined in Egs. (40)-
(42), respectively.

MAE(e.) = max(|e]), (40)
IAE(e.) = /t le.|dT, (41)

0
RMSE(e.) = \/w. (42)

In this study, a 3 Degree-of-Freedom (DoF) quadrotor
stand is utilized to conduct Hardware-in-the-Loop (HIL)
experiments, as depicted in Fig. 6. The quadrotor platform
has an angular range of +35 degrees along both the roll and
pitch axes, enabling unrestricted rotation on the yaw axis.
To measure these angles, a combination of an MPU6050
module and an Arduino Uno microcontroller is employed.
The Arduino Uno utilizes the serial communication protocol
to establish a communication interface with the computer.
This interface operates at a speedy baud rate of 115,200
bits per second (bps). The Arduino Uno transmits angular
feedback data to the computer and receives corresponding
control inputs, which are used to generate velocity com-
mands for the propulsion mechanism. The propulsion setup
comprises Emax RS2306 brushless motors, 30 Amps elec-
tronic speed controllers, and 5-inch propellers. The control
inputs are derived from a predefined control algorithm
implemented within the MATLAB/Simulink environment.
The HIL control system operates with a sampling frequency
of 50 Hz. The main goal of this study is to examine the
effectiveness of the controller in achieving angular stabili-
zation and accurately tracking reference commands during
roll and pitch maneuvers. The dynamic model of the
quadrotor is presented in Table 2.

To optimize the gain parameters, the GWO algorithm is
utilized, aiming to minimize the objective function defined
in Eq. (38). To accomplish this objective, the tunable gain
parameters of the proposed controllers need to be fine-
tuned, and the membership functions must be optimized.

Arduino UNO

MPU 6050

Fig. 6. The hardware in the loop diagram.
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Table 2. Quadrotor dynamic model parameters.

451

Symbol Name Value Unit
) . Quadrotor moment of inertia around the x-axis 0.007 Kgm?
I, Quadrotor moment of inertia around the y-axis 0.007 Kgm?
I, Quadrotor moment of inertia around the z-axis 0.012 Kgm?
L Quadrotor arm length 0.17 m
m Quadrotor mass 0.68 Kg
b Thrust constant 1.34x 1075 Ns?
d Drag constant 58 x 1077 Nms?
I Rotor moment of inertia 56 x 105 Kgm?
Kim Motor torque constant 0.025 Nm/A
Kem Motor electrical constant 0.025 Vs/Rad
R, Motor winding resistance 0.1 Q
Table 3. The uncertainty bounds of the Gaussian MF parameters.
MF parameters for v; and v, NF NM NS Z PS PM PL
c — —-095 -05 -01 01 05 —
< — —-05 —-01 01 05 095 —
o 0.1 0.1 0.1 01 01 01 01
e 0.2 0.2 0.2 02 02 02 02

The GWO algorithm is used offline for optimizing control
parameters. During the execution of the GWO algorithm, the
following parameters are selected: 30 search agents, a
maximum of 100 iterations, and 30 runs, as suggested in
the original GWO algorithm. The ranges of uncertainty for
the Gaussian MF parameters, comprising the center (c) and
the width (o) of a fuzzy set, are delineated in Table 3.
Table 4 presents a detailed of the optimized controller
gains and membership function parameters specifically
designed for the attitude control of the quadrotor. These

optimized parameters are specifically tailored to be utilized
in the proposed controllers, which are aimed at achieving
precise control over the quadrotor’s orientation.

To achieve optimal control performance, the controller
parameters are determined offline using optimization tech-
niques. In this study, the GWO algorithm is utilized to opti-
mize the controller parameters. Simulations are conducted to
evaluate the controller’s performance by tracking a pulse
function applied to the roll and pitch angles during a quad-
rotor maneuver. The tracking results are presented in Fig. 7.

Table 4. Optimal controller gains and MF parameters for attitude scenario.

Controller Fine-tuned gain parameters of the controllers, and the MFs parameters

IT2-FLC+FOPID K, K, K K, K; i A
Roll 1.7 2.1 34 051 1.3 1.2 0.8

Pitch 5.8 2.9 8.1 112 19 1.1 0.9

Yaw 1.8 2.4 12.7 0.08 0.7 1.9 0.7

CnL Cnm Cns Cz Cps Crm CpL

Forv; 0.18 0.16 0.15 0.16 0.16 016 0.17

Vs 0.17 0.16 0.15 0.16 0.5 0.17 0.16

ONL ONM ONS 0z ps Ipm opL
Forv; -1 -0.61 -0.31 0 031 0.62 1
vy -1 —-0.64 —-0.35 0 034 0.63 1
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Table 4. (Continued)
Controller Fine-tuned gain parameters of the controllers, and the MFs parameters
ITZ'FLC+NOnlinear FOPID Kp KD Kll K12 aq 51 KZI KZZ Qap 62
Roll 1.5 1.8 2.9 0.04 2.7 5.8 04 001 01 0.2
Pitch 5.6 2.6 7.6 021 34 5.6 1.1 0.02 03 04
Yaw 1.9 2.5 10.9 1.5 49 59 006 001 01 0.1
K31 K3, Qa3 B3 H A
Roll 1.4 0.03 0.8 1.2 1.1 0.9
Pitch 1.7 0.06 1.1 1.3 1.3 0.9
Yaw 0.6 0.02 0.2 0.9 1.8 0.6
CnL Cnm Cns Cz Cps Crm CrL
Forv; 0.17 0.15 0.15 016 0.16 0.15 0.17
v, 0.17 0.16 0.16 0.17 0.5 0.17 0.17
ONL ONM ONS 0z Ops Opm OpL
For vy -1 -0.60 -0.31 0 0.31 0.59 1
v, -1 —0.62 —0.33 0 032 0.61 1
Adaptive ITZ'FLC+FOPID Ypi Ypi Ai Kl Kz K3 12 A
Roll 17.2 0.1 8 4.3 048 1.1 1.0 0.9
Pitch  25.1 0.7 6 6.8 1.01 1.6 1.3 0.7
Yaw 13.8 6 4 114 0.09 0.8 1.6 0.5
CnL Cnm Cns Cz Cps Crm CrL
Forv; 0.17 0.16 0.15 016 0.16 0.15 0.17
v, 0.18 0.16 0.15 0.16 0.15 0.16 0.18
ONL ONM ONs 0z Ops Opm OpL
For vy -1 -0.58 -0.31 0 0.30 0.59 1
v, -1 —0.60 —0.32 0 0.30 0.60 1
Adaptive ITZ'FLC+N0n1inear FOPID Ypi Ypi Ai Kll KlZ Qaq /61 KZl KZZ Qp /32
Roll 15.4 0.2 6 27 0.03 24 5.1 03 0.01 01 01
Pitch  23.1 0.6 5 7.1 0.24 31 49 09 0.01 02 02
Yaw 9.8 5.3 3 111 1.2 4.5 52 004 001 01 0.1
Roll K3 K3, 3 B3 Iz A
Pitch 1.2 0.02 0.5 0.9 1.3 0.6
Yaw 1.5 0.04 0.8 0.8 1.1 0.8
CNL Cnm CNs Cz Cps Cpm CpL
Forv; 0.15 0.15 0.15 0.16 0.5 0.15 0.15
v, 0.16 0.15 0.15 0.16 0.15 0.16 0.15
ONL ONM ONS Oz Ops Opm opL
For vy -1 —-0.58 -0.30 0 0.30 0.58 1
vy -1 -0.59 -0.31 0 0.30 0.58 1




The results show that incorporating both adaptive struc-
tures and nonlinear gain significantly enhances tracking
performance. However, the nonlinear gain alone has a more
pronounced effect on improving tracking accuracy com-
pared to the adaptive structure. This underscores
the importance of nonlinear gain in managing the quad-
rotor’'s dynamic response, enabling robust and precise
maneuverability.

The time responses of the sliding surface parameters, as
illustrated in Fig. 8, demonstrate that each parameter
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gradually converges to its respective constant value over
time. This convergence indicates that the system success-
fully achieves a stable state, with the sliding surface para-
meters stabilizing at fixed values.

This study presents experimental results on the stabili-
zation and precise tracking of pulse functions in the roll and
pitch angles during quadrotor maneuvers, as depicted in
Fig. 9. Noteworthily, in this specific experimental setting,
the quadrotor’s yaw orientation angle remains constant. All
proposed control strategies have effectively tracked the

25— 11—

~ = = = Desired

=1T2-FLC+FOPID
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225 | | | L 1 | s | | s | | L
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Time(s)
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Fig. 7. Attitude tracking performance of the proposed controllers in the simulation study.
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Fig. 8. Variations of sliding surface parameters during the sim-
ulation study.

pulse functions during the roll and pitch quadrotor man-
euvers in practical scenarios. The findings reveal that the
adaptive IT2-FLC combined with the nonlinear FOPID
controllers demonstrates superior performance compared
to other control methods. The incorporation of nonlinear
gain in the FOPID controllers and adaptability in the scaling
coefficients of the IT2-FLC positively impact tracking per-
formance. Moreover, the nonlinear gain in the FOPID con-
trollers proves more effective than the adaptive feature of
the scaling coefficients associated with the IT2-FLC’s input

variables. Nevertheless, it is recognized that despite
attempts to mitigate external disturbances, like isolating the
interface board with anti-vibration foam, mechanical
vibrations introduced fluctuations in the controller’s prac-
tical response. These vibrations influenced the gyroscope
sensor, thereby contributing to fluctuations observed in the
controller’s response.

The time history of the ESC values recorded during
the test is illustrated in Fig. 10. Additionally, Fig. 10
showcases the corresponding tracking errors linked to
these maneuvers.

Upon examining the attitude tracking error depicted in
Fig. 11, one can discern that the adaptive IT2-FLC +
nonlinear FOPID controllers demonstrate significant
advantages compared to the alternative controllers across
all DoF attitude angles. These advantages manifest in di-
minished overshoot and enhanced response speed, signi-
fying superior performance.

For a thorough evaluation of the controllers’ perfor-
mance, Table 5 is included, showcasing three customized
performance metrics — IAE, MAE and RMSE, tailored spe-
cifically for the attitude dynamics under consideration. The
results obtained from the evaluation reveal that the pro-
posed adaptive IT2-FLC + nonlinear FOPID controllers ex-
hibit substantial improvement in tracking the attitude
maneuver in the roll, pitch and yaw angles when compared
to the other proposed controllers. This improvement is
reflected in the significantly lower values of the IAE, and
RMSE indices, indicating enhanced accuracy and precision
in tracking the desired attitude maneuvers.

25 T L | ] LA
[ ===~ Desired

= IT2-FLC+FOPID

[ - IT2-FLC+Nonlinear FOPID

20 H Adaptive IT2-FLC+FOPID

L Adaptive IT2-FLC+Nonlinear FOPID

Roll(°)
T

10 12 14 16 18 20

Time(s)

(a) Roll angle

Fig. 9. Attitude tracking of the proposed controllers in HIL test.
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Fig. 9.

The performance of the controllers is analyzed by com-
paring the percentage variation of IAE, MAE and RMSE in-
dices for roll, pitch and yaw axes relative to the baseline
controller (IT2-FLC + FOPID). For the roll axis, the IT2-FLC +
Nonlinear FOPID achieves a 55.08% reduction in IAE and a
40.80% reduction in RMSE compared to the baseline con-
troller, indicating the significant contribution of nonlinear
gain. In contrast, the Adaptive IT2-FLC + FOPID, which
incorporates an adaptive structure without nonlinear gain,

(Continued)

results in a smaller IAE improvement of 34.62% and RMSE
reduction of 17.24%. This shows that nonlinear gain alone
has a stronger impact on improving performance in roll axis
tracking. However, when both adaptive structure and non-
linear gain are combined in the Adaptive IT2-FLC +
Nonlinear FOPID, the IAE and RMSE reductions reach
67.16% and 45.21%, respectively, surpassing the
improvements achieved by either approach alone. This
synergy suggests that the adaptive structure enhances the



456 Q. Wang et al

Roll Error(®)

e e e e e S o

T T =T

e e AR Pe e T e e B

H
=
=
-
Q =
w
w400 R PR i PR 1 1 1 L 5
0 2 4 6 8 10 12 14 16 18 0
Time (s)
o 1400 T T T T
§ B ]
= 1200~ —~
%) ]
m 1
1000 I 1 I I I I I
2 4 6 8 10 12 14 16 18 20
Time (s)

10
Time (s)

1100~

1 |
10
Time (s)

20

Fig. 10. Time history of electronic speed control for all motors.
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Fig. 11. Attitude tracking errors.
Table 5. Controllers’ performance in terms of IAE, MAE and RMSE.
Roll Pitch Yaw
Controller IAE MAE  RMSE IAE MAE RMSE IAE MAE RMSE
IT2-FLC+FOPID 101.38 14.93 5.22 37.60 15.00 3.43 1.69 0.64 0.18
IT2-FLC+Nonlinear FOPID 45.56 14.90 3.09 23.57 15.02 2.81 1.05 0.34 0.11
Adaptive IT2-FLC+FOPID 66.317 1497 432 26.23 15.05 3.14 1.26 0.36 0.14
Adaptive IT2-FLC+Nonlinear FOPID  33.24  14.90 2.86 18.87 15.02 276 043 0.1 0.04




performance of the nonlinear gain by dynamically adjusting
the control parameters to better handle variations in the
system dynamics. For the pitch axis, the IT2-FLC+
Nonlinear FOPID reduces IAE by 37.36% and RMSE by
18.10%, demonstrating the effectiveness of nonlinear gain.
On the other hand, the Adaptive IT2-FLC+FOPID achieves a
smaller IAE reduction of 30.27% and a modest RMSE im-
provement of 8.45%. This again highlights that nonlinear
gain has a more pronounced effect on pitch tracking per-
formance compared to the adaptive structure alone. How-
ever, when the adaptive structure is combined with
nonlinear gain in the Adaptive IT2-FLC+Nonlinear FOPID,
the IAE and RMSE reductions reach 49.77% and 19.53%,
respectively. This indicates that the adaptive structure
further optimizes the performance of the nonlinear gain by
adjusting the control system to varying conditions, albeit
the improvement is less dramatic compared to the roll axis.
For the yaw axis, the IT2-FLC+Nonlinear FOPID achieves
reductions of 37.87% in IAE, 46.88% in MAE and 38.89% in
RMSE, significantly outperforming the adaptive structure
alone. The Adaptive IT2-FLC + FOPID delivers smaller
improvements of 25.44% in IAE, 43.75% in MAE and
22.22% in RMSE. However, the combination of adaptive
structure and nonlinear gain in the Adaptive IT2-FLC+
Nonlinear FOPID leads to dramatic improvements of
74.56% in 1AE, 93.75% in MAE and 77.78% in RMSE. This
highlights the dominant role of nonlinear gain in enhancing
yaw tracking performance while showing that the adaptive
structure complements it by further fine-tuning the control
system to reduce errors under varying dynamic conditions.
Across all axes, nonlinear gain alone consistently achieves
substantial improvements in IAE and RMSE, demonstrating
its significant impact on tracking precision. In contrast, the
adaptive structure alone has a more modest effect on per-
formance, with relatively smaller improvements in the in-
dices. However, when the adaptive structure and nonlinear
gain are combined, the performance consistently surpasses
that of either approach alone. This indicates a synergistic
effect, where the adaptive structure enhances the ability of
nonlinear gain to dynamically respond to changes in system
dynamics and disturbances. Thus, while nonlinear gain is
the dominant factor in improving tracking performance, the
addition of an adaptive structure provides complementary
benefits.

5. Conclusion

This study presented the design and implementation of a
novel controller, namely the adaptive IT2-FLC, integrated
with a nonlinear FOPID controller, for the attitude control
of a quadrotor robot. The scaling coefficients of the fuzzy
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system were adapted using a sliding surfaces-based
adaptive mechanism, enabling real-time adjustment of
controller parameters. The fuzzy system was also inte-
grated with a nonlinear FOPID, allowing for dynamic ad-
justment of its parameters to enhance responsiveness and
stability. The GWO algorithm was employed to determine
the optimal controller parameters and fuzzy system'’s
membership function parameters. Subsequently, experi-
mental tests using a 3 DoF quadrotor stand were conducted
through HIL simulation to assess the efficacy of the pro-
posed controllers. The results demonstrated that the
adaptive IT2-FLC+nonlinear FOPID controllers out-
performed the other proposed controllers, as indicated by
lower IAE, MAE and RMSE indices, showcasing enhanced
accuracy and precision in tracking attitude maneuvers.
Furthermore, the incorporation of the nonlinear gain in the
FOPID controllers and the adaptability of the scaling coef-
ficients in the IT2-FLC positively impacted the tracking
performance. Furthermore, it was observed that the non-
linear gain in the FOPID controllers demonstrated greater
effectiveness when compared to the adaptive variation in
the scaling coefficients linked to the input variables of the
IT2-FLC. The integration of a disturbance observer within a
composite control strategy is proposed to further enhance
performance in future studies. Considering that MPC is ef-
fective in managing uncertainty [44], a promising future
direction involves integrating model predictive control with
a disturbance observer for disturbance rejection.
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