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ABSTRACT This paper aims to design an enhanced self-adaptive interval type-2 fuzzy control system
(ESAF2C) for stabilization of a quadcopter drone under external disturbances. Due to the ability to accom-
modate the footprint-of-uncertainty (FoU), an interval type-2 Takagi-Sugeno fuzzy scheme is employed
to directly address the uncertainties in the nonlinear system. Sliding mode control (SMC) is utilized to
optimize the upper and lower parameters of our proposed ESAF2C system using a self-tuning technique. The
‘Enhanced Iterative Algorithm with Stop Condition’ type-reducer is accommodated in the proposed design
for its suitability to real-time implementation. To handle external disturbances and the ground effect in the
closed-loop flight control system, a robustness term is added to the control effort. Lyapunov theory is applied
to prove the stability of our closed loop control system. Moreover, we study the measurement noise effect
for different levels of noise powers using our proposed technique. The efficacy of the proposed controller is
investigated in a hovering quadcopter drone through numerical simulations and real-time flight tests in the
presence of external disturbances. We highlight the disturbance rejection capability of our proposed control
system with respect to type-1 fuzzy and conventional PID controllers.

INDEX TERMS Interval type-2 fuzzy control, disturbance rejection, UAV, Lyapunov stability, real-time
flight tests.

I. INTRODUCTION
Drones, a prominent nickname for unmanned aerial vehicles
(UAVs), have been attracting a large amount of consideration
in the last few decades. They have been used in a myriad
of applications (e.g. transportation [1], inspection of power
transmission lines [2], search and rescue missions [3], and
collecting traffic information [4]. They are already having a
major impact in both military and civilian applications [1].
One major benefit of multirotor UAVs is their capability
to hover, to perform vertical take-off and landing (VTOL),
and to fly in confined spaces (see Fig. 1) [5]–[10]. Besides,
Small multi-rotor UAVs are frequently used because of their
small size, ease of maintenance, and adaptability for danger-
ous environments, which also makes them appropriate for
research purposes [11], [12]. However, this sort of aircraft is
difficult to control throughout the full flight envelope due to
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FIGURE 1. The body-frame
{
B

}
of a Parrot AR.Drone, where (θ, φ,ψ)

represents the rotation along xyz-axes respectively.

various types of uncertainties, as well as to its complex and
nonlinear characteristics [6], [13].

Many robotic systems are dynamically unstable, nonlin-
ear, and are multi-input multi-output (MIMO) systems, and
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therefore, robust control systems are required to stabilize
them [14]. The classical model-based control approaches
such proportional integral-derivative (PID) [15], linear
quadratic regulator (LQR) [16], and model predictive con-
trollers (MPC) [17] can provide optimal control perfor-
mance when the model is well-defined, precise and there are
no external uncertainties. Nevertheless, there are inevitable
uncertainties in aerial robots, (e.g. lack of modeling, mechan-
ical wear, rotor damage, battery drain and sensor and actuator
faults [18], [19]). Another aerodynamic challenge when fly-
ing a rotorcraft vehicle at a reasonably low altitude is ground
effect, which occurs due to the distortion of rotor downwash
due to the ground obstruction [20], [21]. This phenomenon
leads to a limited ability to obtain a precise flight control
system. In other words, the ground effect brings significant
nonlinearity (altering the thrust characteristic) and uncertain-
ties into the closed-loop control system [21]. In the face of
the aforementioned uncertainties, the control performance of
conventional methods becomes poor [22]. In other words,
designing a reliable closed-loop control system is a challeng-
ing task in the face of uncertainties [23].

In general, adaptive control methods have proven to
be more effective than fixed gain controllers [14], [22],
[24], [25]. Intelligent control systems such as fuzzy logic
controllers (FLCs), artificial neural networks (ANNs) con-
trollers, and their combinations have been extensively
employed to control nonlinear systems with complex dynam-
ics [26]–[30]. Under the umbrella of FLCs, Takagi-Sugeno
(TS) fuzzy control systems have several advantages. Among
them, TS fuzzy systems allow description of a nonlinear
system via a set of local linear system domains with
corresponding well-designed membership functions (MFs)
[31]–[33]. Moreover, FLCs have the ability to repre-
sent uncertainties in nonlinear systems by their continu-
ous MFs, where their membership degree is between the
interval [0, 1] [34].
Nevertheless, since uncertainty information is not

incorporated in the membership function of type-1 fuzzy
sets (T1-FSs), controlling nonlinear systems subjected to
uncertainties cannot be handled precisely. In other words,
parameter uncertainties in nonlinear systems may lead to
uncertain membership degree, and hence, type-1 fuzzy
scheme becomesmore conservative [35]. Hence, type-2 fuzzy
logic systems (T2FLSs) were proposed in [36] based on
type-2 fuzzy sets (T2-FSs) to handle such uncertainties cap-
tured by their type-2 fuzzy membership functions. The mem-
bership functions of IT2FSs are three dimensional, where a
new parameter called the footprint-of-uncertainties (FoU) is
introduced [14], [37]. Besides, a type-reduction (TR) process
is required to convert between type-1 and type-2 fuzzy sets
before carrying out the defuzzification process [9]. In the
fuzzy literature, there are various TR techniques (e.g. the
well-known Karnik-Mendel (KM) algorithm, center-of-sets,
centroid, and other methods [34], [38], [39]). Although there
are several studies of multirotor drone control based FLCs,
most of these studies are based on T1-FLCs.

Moreover, because of the computational complexity in the
TR process for converting T2-FSs into T1-FSs, type-2 fuzzy
logic controller systems (T2FLCs) are rarely employed in
real-time applications [34]. As a result, to reduce the compu-
tational burden of the generalised T2FLCs while maintaining
the major advantages of type-2 fuzzy system, interval type-2
fuzzy logic control systems (IT2FLCs) were proposed, where
the secondary grade variables of a T2-FSs are defined as
one. IT2FLCs are used to speed up the response to uncertain
input for membership functions, allowing more flexibility in
designing the desired control law and providing the capacity
to handle additional uncertainties commonly found in nonlin-
ear systems [14], [40].

II. RELATED WORK
Since IT2FLCs provide an extra degree of freedom to handle
uncertainties in nonlinear systems, they have been applied for
navigating quadcopter UAVs. In [9], IT2FLCs were proposed
for quadcopter altitude control, where good results were
achieved. Nevertheless, the fuzzy parameters were tuned
manually. Manual tuning of FLCs can be a time-consuming,
inefficient, and tedious task [41]. There are several previous
studies where IT2FLCs have been combined with sliding
mode control (SMC), resulting in uncertainties compensa-
tion, and improvement of the overall control performance by
canceling the chattering effect on SMC control systems [42].
In [41], an IT2FLC based SMC theory was proposed for a
quadcopter UAV (QUAV), achieving reasonably good control
performance compared to a T1-FLC and conventional PID
controllers. However, the fuzzy control law was designed as a
combination of both an IT2FLC system and a PID controller,
resulting in extra effort for tuning PID parameters. Similarly,
in [43], a hybrid IT2FLC-based PID controller was proposed
for a power system, where the fuzzy parameters were tuned
using the firefly algorithm-particle swarm optimization tech-
nique. Nevertheless, their proposed representation requires
extra tuning for its PID parameters. In the work by [44],
a fault-tolerant control based on interval type-2 fuzzy neural
networks and sliding mode controller was developed for a
6-DOF octocopter UAV. Although their proposed controller
has the ability to guarantee the stability of the proposed
control system, it lacks experimental validation. Furthermore,
IT2FLC parameters are reduced to type-1 fuzzy sets in most
of the practical IT2FLC applications, resulting in similar
behavior to T1-FLCs, as the FOU is not explicitly included
in the fuzzy design. Lastly, there is a lack of real-time exper-
iments using IT2FLCs.

Motivated by the aforementioned observation, the contri-
bution of this paper can be highlighted as follows:

• A novel stand-alone enhanced self-adaptive interval
type-2 fuzzy controller named the ESAF2C is proposed
for position control of a hovering QUAV, whose type-2
fuzzy parameters are tuned online using the sliding
mode control theory, making the system robust to vari-
ations in system parameters and external disturbance.
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Unlike most of the state-of-the-art work in literature,
the chattering phenomenon is eliminated by smooth-
ing out the control discontinuity around the sliding
surface. The ‘Enhanced Iterative Algorithm with Stop
Condition’ (EIASC) type-reducer is accommodated in
designing the ESAF2C, which is more suitable for
real-time implementation than other type-reducers for its
computational efficiency.

• We investigate the robustness of the proposed con-
troller in the face of external disturbances (e.g. ground
effects, wind gust, measurement noise) and perform
a rigorous comparative study with respect to T1-FLC
and conventional counterparts, where our research
findings demonstrate an improved disturbance rejec-
tion using our proposed ESAF2C. Moreover, our pro-
posed closed-loop control system proves its ability
to filter measurement noise as investigated in our
simulation.

• We conduct real-time flight tests for a hovering QUAV
under stochastic wind disturbances to validate the effi-
cacy of our theoretical claims. Specifically, we inves-
tigate the control performance in the face of external
wind disturbance, using an industrial fan in the hover
mode. Our findings show that the proposed control tech-
nique has the capability to learn its parameters in an
online manner and to handle external stochastic wind
gust disturbance better than T1-FLC and conventional
PID counterparts.

• The stability analysis of our proposed control system is
investigated using the Lyapunov theory.

This paper is organized as follows: Section III presents
background materials on IT2FLCs. Section IV introduces the
nonlinear dynamic model of the QUAV. Section V explains
the proposed control scheme. Section VI analyzes the simu-
lation results, while Section VII describes the experimental
results. Finally, Section VIII draws conclusions.

III. OVERVIEW OF type-2 FUZZY CONTROLLER
A. OVERVIEW OF type-2 FUZZY SETS
Let us define a type-2 fuzzy set (T2FSs), represented by Ã,
which consist of ((x, u), µÃ(x, u)), where for every x ∈ X ,
there is a primary membership function u in which u ∈ Jx ,
and a secondary membership function µÃ(x, u)). T2FSs can
be expressed mathematically as follows [34]:

Ã = ((x, u), µÃ(x, u))|∀x ∈ X , |∀u ∈ Jx ⊆ [0, 1],

= µÃ(x, u) ⊆ [0, 1] (1)

B. OVERVIEW OF INTERVAL type-2 FUZZY SETS
To minimize the computational burden of T2FSs, inter-
val type-2 fuzzy sets (IT2FSs) are introduced, where the
secondary MFs are equal to 1 [34]. IT2FSs have gained
popularity due to the compact structures used to accommo-
date the FoUs, which allows greater freedom in designing
a closed-loop control system and higher suitability for real-
time applications. IT2FSs can be expressed mathematically

FIGURE 2. type-2 fuzzy logic system representation.

as follows:

Ã = ((x, u), 1)|∀x ∈ X , |∀u ∈ Jx ⊆ [0, 1]

=

∑
x∈X

∑
u∈Jx

((x, u), 1) (2)

C. INTERVAL type-2 FUZZY CONTROLLER STRUCTURE
Interval type-2 fuzzy controller comprises of four major ele-
ments, namely, fuzzifier, rule base fuzzy system, type reduc-
tion and defuzzifier as shown in Fig. 2. The function of each
block is explained as follows:

1) Fuzzifier: the fuzzifier block transforms the crisp input
vector X = [e1, e2, . . . , e3]T into a type-2 fuzzy
set Ã. In this block, each input is represented by an
IT2FS using trapezoidal MFs. The reason for choos-
ing trapezoidal MFs is that their analytical structure
is easy to derive [12]. In IT2FLC, MFs provide a
three-dimensional (3D) representation, which combine
the upper membership function (UMF) and the lower
membership function (LMF) as shown in Fig. 3. The
upper and the lower IT2-trapezoidal MFs can be repre-
sented as follows [45]:

µ
F̃
(x)=



0, x≤ m̂−âorx > m̂+â

w
x − m̂+â
â− ĉ

, m̂−â < x ≤ m̂−ĉ

w, m̂− ĉ < x ≤ m̂+ ĉ

w
m̂+ â− x
â− ĉ

m̂+ ĉ < x ≤ m̂+ â

(3)

µF̃ (x) =



0, x ≤ m̂− b̂orx > m̂+ b̂
x − m̂+ b̂

b̂− d̂
, m̂− b̂ < x ≤ m̂− d̂

1, m̂− d̂ < x ≤ m̂+ d̂
m̂+ b̂− x

b̂− d̂
m̂+ d̂ < x ≤ m̂+ b̂,

(4)

where â, b̂, ĉ, d̂ andw are constrained. To simplify our
design and for the sake of real-time implementation,
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TABLE 1. X-control fuzzy rules representation.

FIGURE 3. General interval type-2 trapezoidal membership function.

we set â = b̂, ĉ = 0, w = 1. Hence, there are only
three free parameters to be tuned.

2) Fuzzy Rules: rules representation of IT2-FLCs is the
same as T1-FLCs counterpart. A fuzzy inference rule
can be expressed as follows:

IF e1 is F̃ i1 and e2 is F̃
i
2 and en is F̃in ,

THEN Y i = [υ li υ
r
i ], (5)

where en represents an input variable; F̃ni labels
IT2-FSs antecedents; Y i denotes the output of the
ith rule base; and υ li and υ

r
i express the lower and upper

consequent parameters, respectively. In our work,
we utilized nine rules. The interpretation of these rules
can be shown in Table 1, where N means negative,
Z denotes zero, and P represents positive.

3) Firing interval block: for IT2FLCs, the firing level is
represented by a firing interval. This process can be
achieved using the minimum (t-norm) operation. The
firing interval can be calculated as follows:

F i (x1, . . . , xn)= [f i (x1, . . . , xn), f
i
(x1, . . . , xn)]

= [f i, f
i
]. (6)

The expressions for f i and f
i
are given as follows:

f
i
=

n∏
i=1

µF̃ in
, f i =

n∏
i=1

µF̃ in
. (7)

4) Type-reduction: the type-reduction process maps
IT2FSs to T1FSs in order to get a crisp output. In our
work, a center-of-sets type-reduction [34] is used as
follows:

Ycos = [yl, yr ], (8)

where yl and yr are represented as:

yl =

∑L
i=1 cl f +

∑M
i=L+1 cl f∑L

i=1 f +
∑M

i=L+1 f
(9)

yr =

∑R
i=1 cr f +

∑M
i=R+1 cr f∑R

i=1 f +
∑M

i=R+1 f
. (10)

In the above equation, L and R are called the switch-
ing points and are computed using the EIASC algo-
rithm [34]. EIASC algorithm has been found faster than
the widely used KM type-reducer [34].

5) Defuzzifier: the last process is to obtain the defuzzified
outputs. The final output y is calculated as follows:

y = (yl + yr )/2. (11)

IV. QUAV DYNAMIC MODEL
QUAVs have six degrees of freedom (DOF), with high mobil-
ity and four rotors. The motion of a QUAV can be expressed
by the following twelve state variables, namely,

Ex = [X ,Y ,Z , Ẋ , Ẏ , Ż , θ, φ, ψ, p, q, r]T , (12)

where [X ,Y ,Z ]T represents the linear positions in the inertial
frame {A}; [Ẋ , Ẏ , Ż ]T denotes the linear velocities across
the xyz-axes; [θ, φ,ψ]T are the three Euler’s angles, namely,
the pitch, roll and yaw, respectively; [p, q, r]T denotes the
angular rates in the body frame {B} of the QUAV (see Fig. 4).
The total thrust and moments for the four control inputs on
each control axis can be described as follows:

EU = [U1,U2,U3,U4]T =
[
T∑,M1,M2,M3

]T
, (13)

where EU represents control variables; T∑ = ∑N
i=1 Ti is the

total sum of thrusts along {B}; andM1,2,3 denote the moments
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FIGURE 4. Coordinate frame of a QUAV.

generated by N number of rotors [46]. In the case of our
QUAV, N = 4, hence the angular speed of each rotor can
be described as:

T∑
M1
M2
M3

 =


1 1 1 1
0 l 0 −l
l 0 −l 0
Kq
KT

−Kq
KT

Kq
KT

−Kq
KT



T1
T2
T3
T4

 (14)

where T1,2,3,4 are the thrust from each individual motor;
Kq [kg.m2] represents the lumped rotor torque coefficient;
KT [kg.m] denotes the lumped rotor thrust coefficient; and
l [m] is the arm length. Finally, the equations of motion can
be summarized as follows:

Ẍ = −(sinψ sinφ + cosψ sin θ cosφ)
T∑
m

Ÿ = −(− cosψ sinφ + sinψ sin θ cosφ)
T∑
m

Z̈ = g− (cos θ cosφ)
T∑
m

ṗ =
Iyy − Izz
Ixx

· qr +
1
Ixx
·M1

q̇ =
Izz − Ixx
Iyy

· rp+
1
Iyy
·M2

ṙ =
Ixx − Iyy
Izz

· pq+
1
Izz
·M3,

(15)

where Ixx,yy,zz represent the moment of inertia on the
xyz-axes. The detailed physical parameters of the QUAV and
the meaning of each symbol can be found in [46]. Fig. 5
illustrates the position control structure for the QUAV.

V. PROBLEM FORMULATION
Consider a nonlinear dynamic system nth order as

x(n) = f (x, t)+ b(x, t)u(t)+ d(t), (16)

where the state vector x can be represented as x =[
x ẋ . . . x(n−1)

]T ; f (x, t) and b(x, t) denote the state vector
nonlinear functions; u(t) represents the control input; and d(t)
expresses an external disturbance.

Considering the tracking error that is, the difference
between the desired and the actual values as:

e = xd − x =
[
e(t) ė(t) . . . e(t)(n−1)

]T
, (17)

where xd =
[
xd ẋd . . . x

(n−1)
d

]T
is the desired tracking

values, and x is the actual value. Eq. (17) can be expanded
as follows:

ė1 = e2(t)
ė2 = e3(t)

...

ėn(t) = ẋdn − f (x, t)− b(x, t)u(t)− d(t)

(18)

Remark 1: Practically, it is difficult to measure all state
variables of the system. Hence, our study selects two major
control variables, named, the error e(t) and its derivative ė(t).

A. DESIGN OF SLIDING SURFACE
Remark 2: The design of SMC consists of two stages:

1) design of the reaching phase, and 2) design of a sliding
surface phase. Such control technique employs a discontin-
uous control law that has the ability to drive the system to a
specified sliding surface S(t), and also to preserve its motion
along S(t) [27], [47].

A sliding surface S(e, t) = 0 can be defined as follows:

S(t) = δe(t)+ ė(t), (19)

where δ is a strictly positive constant. For theoretical study,
it is appropriate to assume the nonlinear terms in (16) are
known. This case, however, may not true in real life. But
that is when the idea of robust control comes to picture i.e.
to deal with uncertainties. Hence, the control law ufinal(t) can
be constructed as follows [14]:

ufinal(t)=b(x, t)−1[ẋdn(t)−f (x, t)− ėn(t)+ Ṡ(t)+ δS(t)].

(20)

The inputs to the proposed fuzzy controller are the e(t) and
ė(t). Moreover, for producing the control signal u(t) in 16,
fuzzy operations are deployed to approximate the equivalent
control law ufinal(t). It is worth mentioning that the purpose
of using SMC is to derive the dynamics of the system so that
S(t) = δe(t)+ ė(t) = 0. By following the equivalent control
law ufinal(t) and by considering the sliding surface and its
derivative as the inputs to the fuzzy control system, the system
is asymptotically stable [48], so that δS(t)+ Ṡ(t) = 0.
The convergence of S(t) and Ṡ(t) to zero is guaranteed as

δ is always a positive number. Likewise, the convergence of
e(t) and ė(t) to zero is always guaranteed according to the
definition in (19). To avoid the complexity of model-based
computations, this study utilized fuzzy system capability to
map between the input variables and the control law u(t).
In our case, the control input might have differences from the
optimal control law ufinal(t). Hence, using Eqs. (18) and (20),
the following equation can be derived as

Ṡ(t) = b(x, t)[ufinal(t)− u(t)]− δS(t). (21)
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FIGURE 5. Control structure based on ESAF2C for position tracking of a nonlinear quadcopter plant, where we employ the attitudes and the
thrust to create a position control loop outside the velocity loop of the Parrot AR.Drone.

By multiplying (21) with S(t), it yields to:

Ṡ(t)S(t) = S(t)
(
b(x, t)[ufinal(t)− u(t)]− δS(t)

)
(22)

Following the Lyapunov theory leads to Ṡ(t)S(t) < 0,
which represent the reaching phase of the sliding surface.
Therefore, the purpose of our study is to design a control
signal u(t) that satisfies the reaching condition to guarantee
the convergence of the overall control system.

To obtain a robust control performance against system
dynamics uncertainties, a discontinuous term is added to the
final control part across the sliding surface S(t). In other
words, the discontinuous term act as a robustness term, and
can be added as the reaching control element of the control
effort [49]. The discontinuous term can be represented as:

urobust = β(t)sgn(S(t)), (23)

where β denotes a design parameter and sgn represents the
signum function, which can be defined as follows:

sgn(S(t)) =


1, if S(t) > 0
0, if S(t) = 0
−1, if S(t) < 0

(24)

Nevertheless, employing the signum function causes a
chattering phenomenon. One way to eliminate the chattering
phenomenon is by smoothing out the continuity of the signum
function and employing a smooth function such as sat or tanh.
In our design, we use the sat function, which can be expressed
as follows [50]:

sat
(
S
ι

)
=


S
ι
, if |S| ≤ |ι|

sgn(S), otherwise
(25)

where ι is a design factor representing the thickness of
the boundary layer. Finally, the constructed control law

considering uncertainties can be written as:

u(t) = ufinal(t)+ urobust (t), (26)

where urobust (t) = β(t)sat(S(t)/ι).

B. ESAF2C ADAPTIVE LAW
The proposed adaptation law for the ESAF2C is obtained
using the gradient descent method, that is to minimize the
S(t)Ṡ(t) with respect to υ l and υr in (5). The proposed
structure can be depicted in Fig. 6. Hence, the modified υ l

and υr can be expressed as follows:
υ lt+1 = υ

l(t)−3
∂S(t)Ṡ(t)
∂υ l(t)

υrt+1 = υ
r (t)−3

∂S(t)Ṡ(t)
∂υr (t)

,

(27)

where 3 is a design adaptive parameter and [υ l, υr ] are
the consequent fuzzy parameters. By applying the chain rule,
(27) can be rewritten as:

υ lt+1 = υ
l(t)−3

∂S(t)Ṡ(t)
∂u(t)

∂u(t)
∂υ l(t)

= υ l(t)+3b(x, t)S(t)
∂u(t)
∂υ l(t)

.

υrt+1 = υ
r (t)−3

∂S(t)Ṡ(t)
∂u(t)

∂u(t)
∂υr (t)

= υr (t)+3b(x, t)S(t)
∂u(t)
∂υr( t)

.

(28)

To simplify (28) further, we combine the design adaptive
parameter 3 with the overall system input parameter b(x, t)
as a learning parameter, λ, [14], [51]. Therefore, for the sake
of practical implementation, the adaptive law with respect to
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FIGURE 6. Proposed ESAF2C structure for QUAV control, where ux ,uy ,uz
represent the control signals for xyz-axes, respectively.

the firing strength can be rewritten as follows:
υ lt+1 = υ

l(t)+ λS(t)

 f i(t))∑m
l=1

(
f
i
(t)+ f i(t)

)


υrt+1 = υ
r (t)+ λS(t)

 f
i
(t))∑m

l=1

(
f
i
(t)+ f i(t)

)
 . (29)

In the work by [52], [53], a dead-zone concept was intro-
duced to reduce the drift effect of the fuzzy consequents.
Hence, the modified equations for updating the consequent
parameters can be rewritten in (30), as shown at the bottom
of the next page, where κ is a design parameter >0; and ι is
the thickness of the boundary layer as discussed in (25).

C. STABILITY ANALYSIS
In this section, we study the stability of our proposed
ESAF2C using the Lyapunov theory.
Lemma 5.1: [14] If optimal upper and lower consequent

parameters υ l and υr exist, which lead to the control law ũ,
the final approximate of the control law ufinal(t) has bounded
error of ζ , that leads to:

max|ũ(x, ῡ)− ufinal(x)| < ζ, (31)

where ũ(x, υ) = υTW; ufinal(t)(x) = υTW + ζ ; W =

[Wl,Wr ] =

[
f i(t))∑m

l=1

(
f
i
(t)+f i(t)

) , f
i
(t))∑m

l=1

(
f
i
(t)+f i(t)

)
]

and ῡ =[
ῡ l, ῡr

]
.

If we describe ῡ = υ − υ̃, which can be defined as the
difference between the desired and actual consequent, we can
rewrite (21) as:

Ṡ(t) = b[ῡTW+ ζ ]− δS(t). (32)

This study chose the Lyapunov function as follows:

V =
1
2
s2
∇
+

b
2λ
ῡT ῡ, λ 6= 0, (33)

where s∇ ≡ S − ι • sat(S/ι) and ι denotes the thickness of
boundary layer [48].

By differentiating (33) with respect to time, it leads to:

= s∇ ṡ∇ +
b
λ
ῡT ˙̄υ +

˙b
2λ
ῡT ῡ

= s∇ ṡ∇ +
b
λ
ῡT
[
υ̇ − ˙̃υ

]
+

˙b
2λ
ῡT ῡ

= s∇
[
−δs+ b

(
ῡTW+ ζ

)]
−bῡT

(
s∇W−

κ

λ
|s∇ |υ̃

)
+

˙b
2λ
ῡT ῡ

V̇ = s∇
[
−δ(s∇ + ι)+ bζ

]
+
b
λ
κ|s∇ |ῡT υ̃ +

˙b
2λ
ῡT ῡ

≤ |s∇ |
(
−δ|s∇ | − δι+ bζ −

1
λ
bκῡT ῡ

+
1
λ
bκ|ῡ||υ|

)
+

˙b
2λ
ῡT ῡ

= −|s∇ |2−
1
λ

[
|s∇ |bκ −

˙b
2

]
ῡT ῡ,

(34)

where 2 = δι+ δ|s∇ | − b
(
ζ + 1

λ
κ|ῡ||υ|

)
.

Following the work in [14], choosing suitable parameters
for ι and κ for 2 > 0, (34) indicates that V̇ < 0 at any

time that s∇ /∈ R ≡ {|s∇ | < (
˙b

2κbλ
)}. Therefore, the stability

of the control system is guaranteed based on the Lyapunov
theory.

VI. SIMULATION RESULTS
In this section, we study the efficacy of our proposed adaptive
control system in stabilizing the QUAV. We examine the
performance of our proposed ESAF2C in the presence of
external disturbances and measurement noise while tracking
various reference signals along the (xyz)-axes. We compare
our proposed method with a conventional PID controller and
both T1-FLC and IT2FLC counterparts. The performance
indices such as the root mean square error (RMSE), rising
time (tr ), and settling time (ts) are reported in this section.
RMSE values can be calculated using (35).

RMSE =

√√√√√ N∑
k=1

(yactual − ŷk )
2

N
(35)

where yactual is model actual output, ŷk represents the esti-
mated fuzzy output.

We utilized a trapezoidal MF for the fuzzification and the
TS-type fuzzy model for the consequent parameters process.
We employed nine rules, with threemembership functions for
each input. The inputs to the proposed fuzzy controllers are
the error and its derivative in the range between [−5, 5] as
shown in Fig. 3. The sliding surface parameters were chosen
as: δx = 0.8, δy = 0.7, δz = 1.1. The consequent param-
eters started learning from scratch and were initialized with
zeros. Moreover, the added artificial gust has the following
parameters: gust velocity = 2m/s; gust amplitude = 5m; for
xyz-axes.
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A. CASE 1: NOMINAL CONDITION
First, a step reference was fed as the desired trajectory at a
hovering point of [0.7, 0.8, 1] m for xyz-axes respectively.
For the altitude position, the set-point was increased to 1.2 m
after 5 sec. A better control system performance was obtained
using our proposed ESAF2C compared to T1-fuzzy and
T2-fuzzy counterparts, while comparable performance to a
conventional PID controller in the case of nominal condi-
tion as shown in Fig. 7. Besides, we performed the analy-
sis with different reference signals (e.g., sine wave signal),
where better closed-loop control performance was observed
using our proposed method compared to other controllers as
shown in Fig. 8. The tracking errors and the control efforts
throughout the experiment are shown in Fig. 9 and Fig. 10,
demonstrating a favorable performance using the ESAF2C.

FIGURE 7. Simulation results for position control in the xyz-axes for
different controllers on the nominal system (step input).

B. CASE 2: DISTURBANCE CONDITION
For further investigation of our purposed technique, we added
artificial stochastic wind/gust disturbance. As can be seen
in Figs. 11 & 12, the conventional PID controller failed to
stabilize the system in the presence of disturbances, while a
stable performance was observed using our proposed tech-
nique. For more visualization, the dotted squares and dotted
circles in Figs. 11, 12, 13 are presented, which demonstrate
the improvement of our proposed technique compared to the
other controllers. The proposed ESAF2C performed better
than their type-1 and type-2 fuzzy counterparts as indicated

FIGURE 8. Simulation results for position control in the xyz-axes for
different controllers on the nominal system (sine input).

FIGURE 9. Simulation results for the error signals for IT2-FSMC and
ESAF2C on the nominal system.

by its lower error values shown in Fig. 13 and Table. 2.
Moreover, as can be seen in Fig. 14, the chattering effect
was eliminated using our proposed ESAF2C by adopting
the saturation function to smooth out the chattering control
discontinuity of the sliding surface.

C. CASE 3: SENSOR MEASUREMENT NOISE EFFECT
For further investigation of robustness, feedback band-limited
white noises with various noise powers were added to the sen-
sor data, while having the stochastic artificial winds present.
In other words, the noise was added to the position signals



υ lt+1 = 0, if S ≤ ι
υrt+1 = 0, if S ≤ ι

υ lt+1 = κ|S|υ
l(t)+ λS(t)

 f i(t))∑m
l=1

(
f
i
(t)+ f i(t)

)
 , if S > ι

υrt+1 = κ|S|υ
r (t)+ λS(t)

 f
i
(t))∑m

l=1

(
f
i
(t)+ f i(t)

)
 , if S > ι

(30)
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FIGURE 10. Simulation results for the control signals for IT2-FSMC and
ESAF2C on the nominal system.

FIGURE 11. Simulation results for different controllers for position
control in the xyz-axes under disturbances (step input).

FIGURE 12. Simulation results for different controllers for position
control in the xyz-axes under disturbances (Sine input).

(x, y, z). As shown in 15, our proposed controller proved its
robustness and ability to handle noisy sensor data efficiently
compared to T1-FSMC and IT2-FSMC counterparts.

D. COMPUTATIONAL LOAD
The quantification of the computation load was evaluated
under Core i7-10750H CPU @ 2.6GHz with 16.0 GB of
RAM, which was collected using the tic and toc MATLAB

FIGURE 13. Simulation results for the error signals for IT2-FSMC and
ESAF2C under uncertainties.

FIGURE 14. Simulation results for the control signals for IT2-FSMC and
ESAF2C under uncertainties.

FIGURE 15. Measurement noise effect (comparison between ESAF2C,
IT2-FSMC and T1-FSMC), Z -position control.

functions. The sampling time = 0.01sec and the simulation
time is 30sec. Table 3 illustrates that the computation cost for
the proposedmethod is higher than the PID and the T1-FSMC
controllers. Despite being more computationally expensive,
the performance of our adaptive fuzzy ESAF2C is superior
compared to benchmark controllers, especially in the face
of uncertainty. Today, with current speed of computer, this
burden should not be a problem as it was in the past.

VII. EXPERIMENTAL RESULTS
To investigate the practical capability of our proposed
method, multiple real flight tests were conducted. The exper-
iments were performed in our indoor flight test space, which
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FIGURE 16. Data flow of the overall system architecture, demonstrating the information flow of our UAV including the position,
orientation, velocity, acceleration, angular rates, etc.

TABLE 2. Simulation results for multiple controllers with disturbances.

TABLE 3. Computation load for various controllers.

is equipped with 19 VICON motion capture cameras. These
powerful cameras have the ability to track all motions of our
QUAV. We utilize the VICON Motion Tracker software to
analyze and store real-time flight data (e.g., position, velocity,
Euler angles, acceleration, and angular rates). The QUAV can
be controlled via WI-FI at a frequency of 100Hz, thanks to
the Robot Operating System (ROS) protocol. Besides, we uti-
lized nine fuzzy rules and a trapezoidal MF for real-time
implementation. Similar to the simulation study, the perfor-
mance indices were reported in Table 4. Besides, we demon-
strated the adaptation trajectory of the upper and the lower
ESAF2C parameters during the flight tests. The experimental

TABLE 4. Experimental evaluation using three different controllers in
hovering mode with high-wind disturbance.

setup and the data flow of the overall system architecture can
be demonstrated in Fig. 16.

A. CASE 1: NOMINAL CLOSED-LOOP POSITION CONTROL
We have conducted various experiments to control the (xyz)
positions of our QUAV. As depicted in Fig. 17, the perfor-
mance of three different controllers was compared. In this
flight test, the desired set points were set to be [0, 0, 1−1.2]m
for xyz-axes, respectively. Fig. 17 shows a comparable perfor-
mance of the PID and type-2 counterparts with respect to the
proposed ESAF2C technique. Besides, shorter settling time
was reported from the conventional PID controller, as our
proposed ESAF2C requires time to adapt its parameters.

B. CASE 2: EXTERNAL DISTURBANCE CLOSED-LOOP
POSITION CONTROL
To validate our theoretical study, we studied the performance
under external disturbance. We utilized an industrial fan to
act as a wind disturbance. Our experimental results indicated
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FIGURE 17. Output xyz positions of our QUAV during real-time flight tests
(hover mode) for different controllers.

FIGURE 18. Output xyz positions under external disturbance during
real-time flight tests (hover mode) for different controllers.

FIGURE 19. Output xyz positions under external disturbance during
real-time flight tests (hover mode) in 3-D shape.

that the performance of our proposed ESAF2C is better than
its type-1 fuzzy and conventional PID counterparts as shown
in Figs. 18& 19, thanks to theFOU in IT2FLCs, that incorpo-
rate uncertainties efficiently. The online learning of the upper
and the lower ESAF2C parameters are plotted in Fig. 20. The
fuzzy parameters were varying according to the amount of
applied gusts. In other words, Fig. 20, shows the convergence
of the six parameters. Moreover, it is worth mentioning that
the upper and the lower parameters started learning from
scratch, where they were initialized with zeros. Table 4 shows

FIGURE 20. Upper figure shows the online parameters learning using
ESAF2C in hover mode (nominal condition), lower figure shows online
parameters learning using ESAF2C (under disturbance).

the experimental evaluation for three different controllers
under external wind disturbance, where lower RMSE values
were recorded using ESAF2C system.

VIII. CONCLUSION
In this paper, a novel ESAF2C controller was proposed to
stabilize a quadcopter drone under external disturbances.
On the basis of the SMC scheme, a self-tuning technique was
implemented to tune SMC parameters, where SMC was uti-
lized to tune fuzzy upper and lower variables. Our approach
was validated using extensive numerical simulations and
real-time flight tests. The proposed method was performed
and implemented in the ROS environment. The stability anal-
ysis was examined using the Lyapunov theory. The proposed
fuzzy control system approach can be considered a promising
technique for the practical implementation of nonlinear sys-
tems. Our control scheme was computationally efficient as it
requires only three membership functions, resulting in nine
fuzzy rules only. Moreover, the proposed technique system
demonstrated better control performance in the face of uncer-
tainties (ground effects) and external disturbance (wind gusts)
when compared to its type-1 fuzzy and conventional PID
counterparts. Furthermore, our proposed closed-loop control
system proved its ability to filter measurement noise that
might occur during real-time implementation. We believe
that the outcomes of this paper provided extra flexibility to
fine-tune IT2FLCs and demonstrated the capability to imple-
ment IT2FLCs in real-time. For future work, the proposed
control system can be implemented in multi-robot systems
(e.g., swarm of drones).
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