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Abstract

This article is an in-depth analysis of the performance and efficiency of various control
systems used in quadrotor unmanned aerial vehicles (UAVs). The study is focused on
the comparison of three main control approaches, including Sliding Mode Control (SMC),
Fuzzy Logic Control (FLC), and an extended version of Sliding Mode Control with the use
of the Gray Wolf Optimizer (SMC-GWO), as well as a supportive validation model the
Genetic Algorithm (SMC-GA). Based on the Newton–Euler formulation, the mathematical
model of a quadrotor has been developed to provide a true picture of the dynamic behavior
of the quadrotor. The model was then implemented in MATLAB/Simulink 2025b to test
the performance of the system in its nominal and perturbed conditions. The findings have
shown that the hybrid SMC-GWO controller has significant improvement in response
speed, accuracy, and stability compared to the other controllers. Precisely, the SMC-GWO
demonstrated 78.46 percent decrease in rise time and 23.40 percent decrease in settling
time compared to the traditional SMC, as well as a nearly negligible steady-state error
(SSE = 0.0008) in the roll channel. The proposed controller in the pitch channel reduced the
rise time by 93.65 percent and the settling time by 20.22 percent, with a much smoother
and more stable tracking and an effectively negligible steady-state error (SSE = 0.0001). The
hybrid controller in the yaw channel had a 77.94 percent better rise time and 23.16 percent
better settling time, resulting in a steady-state error of 0.0022. In relation to altitude control,
SMC-GWO decreased the rise time by 91.87 percent and settling time by 25.04 percent
over classical SMC, yet the steady-state error was almost zero. Under constant, time-
varying actuator disturbances, the SMC-GWO controller also demonstrated better system
stabilization and trajectory-tracking behavior than both SMC and FLC, as well as slightly
better behavior than SMC-GA in the presence of faults and disturbances. These results
verify that a UAV control framework based on the combination of the Gray Wolf Optimizer
and Sliding Mode Control is more resilient, quick, and significantly more precise.
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1. Introduction
1.1. Background

Unmanned aerial vehicles (UAVs), commonly known as drones, are aircraft that
operate without an onboard pilot and can be controlled either remotely or autonomously.
In recent years, UAV technology has developed rapidly due to advances in control systems,
artificial intelligence, and embedded electronics. UAVs can generally be classified into
fixed-wing and rotary-wing platforms according to their aerodynamic structure and flight
mechanism. Fixed-wing UAVs provide higher efficiency and longer endurance but require
a runway for take-off and landing, whereas rotary-wing UAVs enable vertical take-off
and landing (VTOL) and high maneuverability, although with lower flight endurance and
payload capability [1,2].

Quadrotor UAVs are among the most widely used rotary-wing platforms due to their
simple mechanical structure, hovering capability, and high maneuverability [3–5]. These
vehicles generate lift using four rotors arranged symmetrically, where two rotors rotate
clockwise and the other two rotate counterclockwise to maintain torque balance and flight
stability [6,7]. Despite their advantages, quadrotors are highly nonlinear, underactuated,
and strongly coupled systems, which makes the design of robust and accurate controllers
a challenging task, especially in the presence of disturbances and model uncertainties [8].
Therefore, the development of advanced control strategies for quadrotor UAVs has become
an important research topic in recent years.

1.2. Literature Review

Control systems play a fundamental role in ensuring the stability and trajectory-tracking
performance of quadrotor UAVs. Traditional linear controllers, such as Proportional–
Integral–Derivative (PID) controllers, are widely used due to their simplicity and ease
of implementation. However, linear controllers often exhibit limited performance when
dealing with nonlinear dynamics, parameter variations, and external disturbances [9–11].

To overcome these limitations, nonlinear control approaches such as Sliding Mode
Control (SMC) and Backstepping have been extensively investigated [12,13]. Among
these methods, SMC is well known for its robustness against disturbances and model
uncertainties, since it forces the system states to converge toward a predefined sliding
surface, ensuring stable and accurate tracking performance [14]. However, classical SMC
suffers from the chattering phenomenon caused by the discontinuous control law, which
may lead to actuator wear and degraded control performance.

To improve controller performance, intelligent and optimization-based methods have
also been introduced in UAV control systems. Fuzzy Logic Control (FLC) has been used to
enhance adaptability in nonlinear and uncertain environments [15]. In addition, hybrid
and optimization-based approaches have attracted increasing attention because they aim to
improve precision, robustness, and dynamic response [16]. Recently, advanced Fuzzy Logic
Control (FLC) strategies have been extensively investigated for nonlinear systems subject
to uncertainties and communication constraints. For instance, quantized fuzzy feedback
control has been proposed for systems with discretization and communication limitations,
including applications in electric vehicle lateral dynamics [17]. In addition, adaptive fuzzy
control approaches with guaranteed performance have demonstrated strong capability in
handling nonlinear systems with uncertainties and actuator faults [18]. These studies high-
light the effectiveness and flexibility of Fuzzy Logic Control in dealing with nonlinearities
and uncertainties, which supports its use as a comparative control strategy in the present
quadrotor UAV study.
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Evolutionary optimization techniques such as Genetic Algorithm (GA) have also been
applied to nonlinear controllers for quadrotor systems and have shown improved tracking
performance [19].

Although previous studies have demonstrated the effectiveness of nonlinear and
optimization-based control methods, many of them focus on a single controller or a single
optimization technique. As a result, there is still a need for a unified comparative evalu-
ation of conventional, intelligent, and optimized controllers under identical simulation
conditions, particularly in the presence of disturbances.

1.3. Research Gap and Contribution

Although SMC provides strong robustness, its performance depends heavily on ap-
propriate parameter tuning, and the classical design may still suffer from chattering and
suboptimal transient response [20]. Optimization-based tuning methods can improve con-
troller performance; however, previous studies have often focused on a single optimization
strategy without providing a consistent comparison with other controllers under the same
quadrotor model and operating conditions. Therefore, this study proposes a hybrid control
framework that combines Sliding Mode Control with the Gray Wolf Optimizer (SMC–GWO)
based on the hunting behavior of gray wolves [21]. Unlike previous studies, this work
presents a unified comparative evaluation including SMC, FLC, SMC–GA, and SMC–GWO
using the same quadrotor dynamic model and identical simulation conditions under both
nominal and disturbed scenarios. The main contribution of this paper lies in providing
a comprehensive and consistent performance comparison of these controllers in terms of
response speed, settling time, overshoot, and steady-state error. The results demonstrate
that the optimized SMC–GWO controller achieves improved response and robustness
compared with the conventional approaches considered in this study.

2. Quadrotor Dynamics and Modeling
The quadrotor mathematical equations are obtained through the Newton–Euler

method. Despite the fact that the quadcopter has six degrees of freedom (6-DOF), it is an
underactuated system because of the few actuators, that is, four rotors. These rotors are
placed orthogonally in an X-configuration, with two rotating clockwise and the remaining
two rotating anticlockwise. This counter-rotation is necessary in order to produce balanced
torques and provide dynamic stability to the vehicle. The quadcopter rotates and stabilizes
using the differential control of the rotating speed of the four propellers. The quadcopter
can be controlled to move in all horizontal directions (forward, backward, left, and right)
by modulating the velocity of each motor and also execute rotational motions around its
three major axes. The basic motion elements of a quadcopter can generally be separated
into four elements which include altitude control, roll, pitch and yaw. Holding the altitude
is achieved by equally decreasing or accelerating the rotor speeds of all four rotors by
throttle control. When the propellers are used with lower speeds, the quadcopter will fall.
On the other hand, once the group speed reaches a point that creates an equivalent lift
to the pull of gravity, the quadcopter is suspended. The rotational movement along the
longitudinal (X) axis, referred to as roll motion, is induced by changing the thrust between
the left and right pairs of rotors. As an example, acceleration of the rotors on the right
side leads to a tilting to the left, and the other way around. Pitch motion rotation about
the lateral (Y) axis is actuated by changing the thrust between the front and rear rotors.
An increase in the speed of the forward propellers triggers a forward tilt, thus pushing
the vehicle forward. The imbalance of torques caused by the counter-rotating groups of
propellers causes yaw movement or rotation about the vertical (Z) axis. When propellers
on the right side are rotating at higher speeds than the left ones the vehicle will rotate in a

https://doi.org/10.3390/a19050331

https://doi.org/10.3390/a19050331


Algorithms 2026, 19, 331 4 of 32

counterclockwise motion. On the other hand, a faster rotation of the propellers on the left
side leads to clockwise rotation [22,23]. Angular variables of roll, pitch, and yaw are usually
defined relative to an Earth-fixed reference (A- rame), whereas linear acceleration and
body dynamics are determined in a body-fixed reference frame (B frame). The quadcopter
layout of the X- layout with the orientation of the A and B frames is shown in Figure 1.
The fixed-frame that is represented by A is the earth and the fixed-frame that is represented
by B is the body. There are three translational states (x, y, z), and three rotational states (ϕ,
θ, ψ), with x, y, and z being the position coordinates. ϕ, θ, and ψ are the roll, pitch and yaw
angles [24–26].

Figure 1. The forces which affect quadrotors [27].

The mathematical equations of the quadrotor are derived using the Newton–Euler
formulation, as presented in [27,28]. Under the following assumptions, the kinematics and
dynamics models of a quadrotor will be derived.

1. The quadrotor’s frame is supposed to be inflexible.
2. The entire configuration is defined as symmetric.
3. The point of origin of the body-fixed coordinate system is the same as that of the

center of gravity.
4. The rotors are represented as rigid propellers.
5. The thrust force and reactive drag torque generated by each rotor are assumed to be

proportional to the square of the rotor angular velocity.
6. The aerodynamic drag acting on the quadrotor body is neglected to obtain a simplified

model suitable for controller design under low-speed flight conditions. The robustness
of the proposed controller is evaluated with respect to bounded disturbances and
modeling uncertainties.

Quadrotor dynamics are then developed by the Newton–Euler equations of transla-
tional and rotational motion, which are:
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

..
x = (cosϕsinθcosψ + sinϕsinψ) · 1

m U1

..
y = (cosϕsinθsinψ − sinϕcosψ) · 1

m U1

..
z = g − (cosϕcosθ) · 1

m U1

..
ϕ =

.
θ

.
ψ
(

Iy−Iz
Ix

)
+ Jr

Ix

.
θ · Ωr +

l
Ix

U2

..
θ =

.
ϕ

.
ψ
(

Iz−Ix
Iy

)
− Jr

Iy

.
ϕ · Ωr +

l
Iy

U3

..
ψ =

.
ϕ

.
θ
(

Ix−Iy
Iz

)
+ 1

Iz
U4



(1)

In Equation (1), the mass of the quadrotor is denoted by m [kg], the inertia matrix
elements in the body system are described by Ix [kg·m2], Iy [kg·m2], and Iz [kg·m2],
the angular momentum is denoted by Jr [kg·m2], and the speed of the propeller is denoted
by Ω [rad/s]. Total rotor thrust U1 is the signal input. Roll, pitch, and yaw are represented
by moments U2, U3, and U4, correspondingly. One way to provide the inputs is by

U1 = b
(
Ω2

1 + Ω2
2 + Ω2

3 + Ω2
4
)

U1 = b
(
Ω2

1 + Ω2
2 + Ω2

3 + Ω2
4
)

U2 = b
(
−Ω2

2 + Ω2
4
)

U3 = b
(
Ω2

1 − Ω2
3
)

U4 = d
(
−Ω2

1 + Ω2
2 − Ω2

3 + Ω2
4
)


(2)

In Equation (2), b [N·s2], and d [N·m·s2] represent the lift and drag coefficients,
respectively. Ω is the general angular speed, and the angular speed for each rotor is
Ω1, Ω2, Ω3, Ω4 .

Ωr is the total rotor angular speed, defined as

Ωr = d
(
−Ω2

1 + Ω2
2 − Ω2

3 + Ω2
4

)
You may rewrite the control inputs in Equation (2) in the matrix as:

U1

U2

U3

U4





b b b b

0 − b 0 b

b 0 − b 0

− d d − d d





Ω2
1

Ω2
2

Ω2
3

Ω2
4


(3)
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

Ω2
1 = U1

4b + U3
2b − U4

4d

Ω2
2 = U1

4b − U2
2b + U4

4d

Ω2
3 = U1

4b − U3
2b − U4

4d

Ω2
4 = U1

4b + U2
2b + U4

4d


(4)

The equations of motion were formulated in (1). To optimize the model, thrust and
drag coefficients are presumed to be invariant. The quadrotor system can be articulated in
state-space form.

.
x = f(x · U) where x and U are the state and input vectors, respectively.

The state vector’s characterization and dynamics are presented in Equation (5) and Table 1,
respectively, whilst the input vector is delineated in Equation (2).

X =
[

ϕ
.

ϕ θ
.
θ ψ

.
ψ z

.
z x

.
x y

.
y
]

(5)

Table 1. State vector of the system.

x1 = ϕ x2 =
.
x1 =

.
ϕ

x3 = θ x4 =
.
x3 =

.
θ

x5 = ψ x6 =
.
x5 =

.
ψ

x7 = z x8 =
.
x7 =

.
z

x9 = x x10 =
.
x9 =

.
x

x11 = y x12 =
.
x11 =

.
y

On simplification, the resultant equations are the following:

f (X, U) =



.
ϕ

.
θ

.
ψ a1 +

.
θ a2 Ω + b1U2

.
θ

.
ϕ

.
ψa3 −

.
ϕa4Ω + b2U3

.
Ψ

.
θ

.
ϕa5 + b3U4

.
z

g − (cos(ϕ)cos(θ))
(

1
m

)
U1

.
x

ux

(
1
m

)
U1

.
y

uy (1/m) U1



(6)

With

a1 =
Iy − Iz

Ix
, a2 =

JR
Ix

, a3 =
Iz − Ix

Iy
, a4 =

JR
Iy

, a5 =
Ix − Iy

Iz
b1 =

l
Ix

, b2 =
l

Iy
, b3 =

l
Iz

where (
ux = (cosϕsinθcosψ + sinϕsinψ)

uy = (cosϕsinθsinψ − sinϕcosψ)

)
(7)

Robotic systems, akin to quadrotors, can be examined by partitioning them into two
primary subsystems: the rotating subsystem, which pertains to angular motion, and the
translational subsystem, which concerns linear motion. Figure 2 demonstrates that the
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rotating subsystem functions autonomously from the translational subsystem, while the
translational subsystem is affected by the dynamics of rotation [13].

Figure 2. Relation between rotation and translation subsystem [29].

The simulations conducted in this research are based on the system parameters pre-
sented in Table 2, which also summarizes the physical specifications of the quadrotor.

Table 2. The quadrotor’s parameter values [30].

Parameter Symbol Value Unit

Quadrotor mass m 6.5 × 10−1 kg

Moment of inertia about the x-axis Ix 7.5 × 10−3 kg·m2

Moment of inertia about the y-axis Iy 7.5 × 10−3 kg·m2

Moment of inertia about the z-axis Iz 1.3 × 10−2 kg·m2

Thrust coefficient b 3.13 × 10−5 N·s2

Drag coefficient d 7.5 × 10−7 N·m·s2

Rotor inertia Jr 6.0 × 10−5 kg·m2

Arm length l 2.3 × 10−1 m

Figure 3 shows the block diagram of the proposed quadrotor control system including
the controller, quadrotor model, and feedback signals.

Figure 3. Closed-loop system.

The final open loop Simulink of the quadrotor plant is seen in Figure 4. The Simulink
model is structured into three primary subsystems [31]. The Simulink models of each
subsystem are depicted as follows:

https://doi.org/10.3390/a19050331
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1. Propeller Velocity Subsystem (Ω) in Figure 5.
2. Angle Subsystem (Yaw, Pitch, Roll) in Figure 6.
3. Translation Subsystem (X, Y, Z) in Figure 7.

Figure 4. Schematic representation of quadrotor plant.

Figure 5. Schematic representation of velocity subsystem.

https://doi.org/10.3390/a19050331
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Figure 6. Schematic representation of the angle subsystem.

Figure 7. Schematic depiction of the translation subsystem.

3. Control Design
3.1. Sliding Mode Controller (SMC) Design and Implementation

Sliding Mode Control (SMC) is a nonlinear control approach that uses a discontinuous
control signal to make the system on a known surface on the state space. In this way, it is
easy to alternate between different control structures depending on the current state of
the system thus qualifying it as a variable-structure control strategy. The control laws are
formulated in a way that causes the system trajectories to move towards the edges of the
sliding surface where the system has a sliding motion or as it is also known as the sliding
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mode [32]. Furthermore, an advanced quadrotor modeling that relies on the Newton–Euler
framework has provided a solid base for the design of SMC [33]. These models show that
SMC is successfully able to control not only the attitude (ϕ, θ, ψ) but also the altitude (z),
reducing the common effects of chattering and, in turn, providing a smooth and accurate
quadrotor control. SMC is also known to resist disturbances and parametric changes, hence
ensuring stable operation in the system [14]. The sliding manifold is constructed in the
following manner:

s(t) =
(

d
dt

+ λ

)∼
X (8)

With

s =
.
∼
X + λ

∼
X (9)

Define s(t) ∈ Rn as the equilibrium surface, X~ as the discrepancy between intended
and actual position/orientation, and λ as a positive constant.

The primary function of the SMC is to maintain a constant altitude and attitude for
the quadrotor through the process of choosing a candidate function that maps the state
variables of the system, which is a Lyapunov function. The system must stay on the
predetermined course. Develop the error dynamics as a starting point.

z1 = x1d − x1 (10)

We regard z1 as positive definite, with its time derivative being negative semi-definite.

V(z1) =
1
2

z2
1 (11)

.
v2(z1) = z1

( .
x1d − x2

)
(12)

The stabilization z1 is achieved by including a virtual control input x2.

x2 =
.

x1d + α1z1 (α1 > 0) (13)

The second step is to choose the sliding surface. A sliding manifold is designed
as below:

s2 = x2 −
.

x1d − α1z1 (14)

Likewise, the Lyapunov function is examined for both z1 and s2.

V(z1, s2) =
1
2

(
z2

1 + s2
2

)
(15)

.
V = z1

.
z1 + s2

.
s2

.
V = z1(−α1z1 + s2) + s2(−k1sign(s2)− k2s2 − z1)

.
V = −α1z2

1 − k1|s2| − k2s2
2 ≤ 0 (16)

The derivative of the Lyapunov function is negative semi-definite. Therefore, the
closed-loop system is stable in the Lyapunov sense, and both the tracking error and sliding
variable converge to zero.

The convergence condition of the sliding manifold is given by
.
SS ≤ −η|S|, η > 0,

where S is the sliding variable that represents the deviation of the system state from the
sliding manifold.
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The sliding dynamics for the roll channel are defined as

.
s2 = −k1sign(s2)− k2s2

=
.

x2 −
..

x1d − α1
.

z1

= a1x4x6 + a2x4Ωr + b1U2 −
..

x1d + α1(z2 + α1z1)

(17)

where k1 and k2 are non-negative adaptability constants, and “sign” refers to the signum
function. Consequently, the control law for U2 is achieved as

U2 =
1
b1

(
−a1x4x6 − a2x4Ω − α2

1z1 − k1sign(s2)− k2s2

)
(18)

The corresponding control rules for U3, U4, and U1 are derived using same reasons as
stated above.

U3 = 1
b2

(
−a3x2x6 + a4x2Ω − α2

2z3 − k3sign(s3)− k4s3
)

U4 = 1
b3

(
−a5x2x4 − α2

3z5 − k5sign(s4)− k6s4
)

U1 = m
cos Φcos θ

(
(−g)− α2

7z7 − k7sign(sz)− k8sz
) (19)

z3 = x3d − x3

s3 = x4 −
.

x3d − α2z3

z5 = x5d − x5

s4 = x6 −
.

x5d − α3z5

z7 = x7d − x7

S7 = x8 −
.

x7d − α7z7

(20)

where S2, S3, S4 and Sz illustrate the dynamics of roll, pitch, yaw, and altitude, respectively,
and α1,α2,α3 and α7 represent the specifications of the SMC. The parameters utilized for
the SMC are presented in Table 3.

Table 3. SMC parameters.

Parameter ϕ
(Roll) θ (Pitch) ψ (Yaw) z (Altitude)

α 10 10 10 10

K1 20 25 20 15

K2 20 25 20 15

The overall control structure and the developed sliding mode controller are illustrated
in Figures 8 and 9, respectively.
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Figure 8. Block diagram of quadrotor system control.

Figure 9. Block schematic of the developed sliding mode control.
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3.2. Fuzzy Logic Controller (FLC) Design and Implementation

The Fuzzy Logic Controller (FLC) is based on strict mathematical equations, with the
expertise knowledge being captured by a collection of the so-called if–then rules. The con-
troller, in operation, transforms linguistic descriptions of the error, e.g., negative large,
zero, positive medium, etc., and change rate of the error into an appropriate control action.
This systems-based methodology is able to accommodate nonlinearity and uncertainty in
the system without the need to have an actual analytical model [34].

Input Selection and Linguistic Variable Definition: The controller is actuated by two
main inputs: (1) Error (e) which is a difference between the desired and observed values of
the controlled variables, including the attitude (roll, pitch, yaw) of the quadcopter and its
altitude; (2) Error rate (e/dt) which is the discrete time derivative of the error that measures
how fast the attitude or altitude is going out of control.

Triangular membership functions (MFs) are used to divide the admissible range into
overlapping linguistic labels of each input. The error variable is used in 7 MF sets, i.e., NL
(negative large), NM (negative medium), NS (negative small), Z (zero), PS (positive small),
PM (positive medium), PL (positive large), which makes a total of 7 unique linguistic terms.
In the same way, there are seven MF sets which are defined on the error-rate variable includ-
ing NL (extremely negative), NM (moderately negative), NS (extremely small), Z (neutral),
PS (extremely positive), PM (moderately positive), and PL (extremely large).

These membership functions allow the controller not only to assess the size and
direction of the deviation with respect to the setpoint, but also to assess whether the
deviation is increasing or decreasing and hence respond more responsively to dynamic
changes in system behavior.

Fuzzy Logic Control includes three major phases. This process starts with the fuzzifi-
cation stage, in which the representative system as the error signal and its rate of change
are transformed into the fuzzy sets using linguistic variables. An inference step then makes
use of a knowledge base comprising fuzzy if–then rules that relate the input linguistic
words to the corresponding controller settings. This step relies on a knowledge base of
membership functions and an inference mechanism, which considers the rules of relevance
to infer the control action and is hence a replica of human decision-making. The last stage
is defuzzification, where the fuzzy signal is converted to an accurate control signal that
can be applied in practice. The Mamdani fuzzy inference model was selected following
the structure used in the reference adopted for the quadrotor fuzzy controller design, as it
is widely used in UAV control due to its simplicity and robustness in nonlinear systems.
Triangular membership functions were chosen because of their low computational com-
plexity and ease of implementation in MATLAB/Simulink. Seven membership functions
were used for each input to achieve a balance between control accuracy and rule-based
complexity, which is a common choice in fuzzy control design. The universe of discourse
was determined based on the operating ranges obtained from preliminary simulations and
according to the adopted reference to ensure that all expected system states are covered
without saturation.

The diagram below (Figure 10) shows the architecture of a standard Fuzzy Logic system [35].
The rule base used is the Mamdani type, but it is specifically created to be used in a

multiple-input single-output (MISO) setup. The membership functions defining the fuzzy set
of error input are triangular functions over the interval [−30, 30], and the error rate input is
also defined by triangular functions over a larger range [−200, 200] (see Figures 11 and 12).
Outputs that control the attitude and altitude of the quadcopter fall within the range
[−2.8, 2.8]; as such, the output variable is described by seven triangular membership
functions as illustrated in Figure 13. Mamdani-type Fuzzy Controllers make use of a
complete repertoire of if–then rules to map the input fuzzy sets to output control responses,
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thus enabling useful alleviation of nonlinearities and uncertainties of quadcopter control
systems [36]. Rule-Based Construction: The amount of rules is 49 in total, covering all
of the possible combinations of the seven categories of errors and the seven categories of
error-rate as shown in Table 4.

Figure 10. Fuzzy Control system.

 

Figure 11. Error input membership function.

 

Figure 12. Error rate input membership function.

Table 4. Fuzzy rules.

∆e\e NB NM NS Z PS PM PB

NB NB NB NB NB NM NS Z

NM NB NB NB NM NS Z PS

NS NB NB NM NS Z PS PM

Z NB NM NS Z PS PM PB

PS NM NS Z PS PM PB PB

PM NS Z PS PM PB PB PB

PB Z PS PM PB PB PB PB
NB (Neg. Big), NM (Neg. Med), NS (Neg. Small), Z (Zero), PS (Pos. Small), PM (Pos. Med), PB (Pos. Big).

 

Figure 13. Output membership function.
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The rules are represented as follows: IF Error = X and Error-Rate = Y, THEN Output = Z.
These seven discrete output values are outlined in the range between the maximum negative
and maximum positive corrections between [−2.8, 2.8] in terms of control signal. Example
rules include:

IF Error = NB and Error-Rate = NB, then the Output = −2.8 (negative big correction).
IF Error = Z and Error -Rate = Z, THEN output = 0 (hold steady state).
Where IF Error = PB and Error-rate = PB, then Output = 2.8 (positive big correction).
The ensuing control input can be employed to adjust the quadrotor’s roll, pitch, and

yaw angle [35]. 
U2 = Kp · (ϕd − ϕ) + Kd ·

( .
ϕd −

.
ϕ
)

U3 = Kp · (θd − θ) + Kd ·
( .

θd −
.
θ
)

U4 = Kp · (ψd − ψ) + Kd ·
( .

ψd −
.
ψ
)
 (21)

U2: Roll control Input ϕd : Roll Desired ϕ: Actual Roll.
U3: Pitch control Input θd : Pitch Desired θ: Actual Pitch.
U4: Yaw control Input ψd : Yaw Desired ψ: Actual Yaw.
Kp: Proportional Gain Kd: Derivative Gain.

The implementation of the altitude or Z controller diverges from that of roll, pitch, and
yaw due to the necessity of canceling the nonlinearities included in the Z dynamics [37].
The control input of the Z controller can be delineated as

U1 =
g + Kzp · (zd − z) + Kzd ·

( .
zd −

.
z
)

cos(θ) · cos(ϕ)
(22)

U1: Altitude control Input; zd : Altitude Desired; z: Altitude Actual Yaw.

The quadrotor control system used is the same as in Figure 8, but Figure 14 was used
instead of Figure 9.

Figure 14. Block schematic of the Fuzzy Logic Controller.

3.3. Sliding Mode Controller (SMC)–Gray Wolf Optimizer (GWO) Design and Implementation

Various hybrid methods are integrated into the Sliding Mode Controller, especially
the combination of Sliding Mode Control (SMC) and intelligent control. These integrations
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have proved to be more flexible and precise in unmanned aerial vehicle (UAV) control [38].
Still, the traditional SMC approaches continue to have issues with the optimization of
parameters and complexity. This is why smart optimization methods, especially the
Gray Wolf Optimizer (GWO), are used to automatically regulate SMC parameters, hence
enhancing the stability of the systems and the performance of the control systems in the
face of uncertainties. Gray Wolf Optimization (GWO) is a fairly new meta-heuristic method
which has been presented in [21] and models the social hierarchy and predatory behavior
of gray wolves. The algorithm uses simulation of a process of hunting in order to find and
achieve the best solutions. The hunting process can be described as comprising three steps:
(A) prey monitoring, (B) surrounding and forcing the target to stop, and (C) attacking the
target. The algorithm is modeled after the social hierarchy of wolves and will assign people
to four positions: Alpha (α), Beta (β), Delta (δ), and Omega (ω). During the design stage,
the wolf hierarchy is modeled, where Alpha is the best candidate solution, while Beta and
Delta are the second and third most promising solutions. The rest of the solutions are very
minute and are represented by Omega [39].

A. Prey acquisition: The gray wolves find their prey by choosing individuals at points of
α, β, and δ. After that, they separate and meet back again to hunt the prey.

|A|> 1 (23)

B. Surrounding the Prey: The surrounding process is mathematically described over the
following equations.

→
D = j

→
C

→
Xp(t)−

→
X(t) (24)

→
X(t + 1) =

→
Xp(t)−

→
A ·

→
D (25)

where

→
A = 2 ·→a ·→r1 −

→
a (26)

→
C = 2 ·→r2 (27)

With t = Current iteration
→
A;

→
C = Coefficient Vectors.

→
Xp = Position Vector of the prey;

→
X = Position vector of wolf.

The parameter ‘a’ is reduced from 2 to 0 to highlight exploration and exploitation,
respectively. The location of a gray wolf adjusts in relation to the position of its prey.
This technique attains the optimal solution (prey) with the previously identified three best
solutions (α, β, δ). The subsequent equations are employed to update their locations in the
next iteration. 

→
Dα =

∣∣∣∣→C1 ·
→

Xα −
→
X
∣∣∣∣

→
Dβ =

∣∣∣∣→C2 ·
→

Xβ −
→
X
∣∣∣∣

→
Dδ =

∣∣∣∣→C3 ·
→
Xδ −

→
X
∣∣∣∣

 (28)
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

→
X1 =

→
Xα −

→
A1 ·

( →
Dα

)
→
X2 =

→
Xβ −

→
A2 ·

( →
Dβ

)
→
X3 =

→
Xδ −

→
A3 ·

( →
Dδ

)

 (29)

→
X(t + 1) =

→
X1 +

→
X2 +

→
X3

3
(30)

C. Attacking the Prey: The wolves attack the prey, and the location of the prey is the
ultimate locus of the Alpha.

|A| < 1 (31)

The Gray Wolf Optimizer (GWO) enables its search agents to revise their positions
with respect to the positions of the top three agents (alpha, beta, gamma) in the process of
seeking the optimum after every iteration.

Before the actual process of carrying out the major goal of any meta-heuristic
population-based algorithm, two basic parameters should be set up. The main config-
uration parameter is the total number of search agents. These agents are termed as gray
wolves in the GWO algorithm. The number of search agents can vary, depending on the
situation of the problem; in the current research, this parameter will be 100. The number of
iterations is the second important parameter that depends on the type of application and
changes significantly. With fewer iterations, the evaluation time will be reduced. Maximum
number of iterations will decide if the algorithm stops at this stage, depending on whether
optimal solution is achieved or not. The objective (or fitness) function is defined by first
taking into account the desired requirements and constraints. A proper objective function
is chosen so as to optimally control the control parameters by considering the overall
closed-loop response. There are several domain functions that can be used as objective
functions to different systems, which may be broadly categorized into two: (a) functions
based on certain attributes of the response; (b) functions based on the overall or holistic
response. The reason why integral criteria is usually selected is due to their performance.
One of the benefits of using an integral function is that it is easily extended to multiloop
systems. The objective function used in this work is defined using the Integral of Squared
Error (ISE) of the quadrotor tracking states, given by

J = Σ
∫

0
T ei

2(t) dt (32)

where ei represents the tracking error of roll, pitch, yaw, and altitude, and t is the simulation
time. In this work, the optimization problem is formulated as a single-objective cost function
based on the Integral of Squared Error (ISE) of the quadrotor states. The total cost is defined
as the sum of the ISE (Best Fitness) values of roll, pitch, yaw, and altitude with equal weights.

The Sliding Mode Controller (SMC) parameters were established following the ap-
plication of the GWO algorithm through a code developed to have fixed parameters of
200–300 iterations and 100 wolves. In this work, the classical Sliding Mode Control law is
intentionally retained without modification in order to preserve its simplicity and robust-
ness. The Gray Wolf Optimizer is used only for optimal tuning of the controller parameters,
which improves the overall performance and reduces oscillatory behavior in response.
The output of the application of the algorithm in both cases where there is no disturbance
and disturbance is as follows. Table 5 presents the parameters of the controller in the
disturbance-free scenario, whereas Figure 15 demonstrates how the values of the best
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fitness change as the number of iterations grows. Table 6 shows the controller parameters
obtained in the case of disturbance and Figure 16 shows how the best fitness values change
with the number of iterations. The key stages of the Gray Wolf Optimizer (GWO) while
seeking the optimum solution are shown in Figure 17.

Table 5. Optimized SMC parameters for quadrotor attitude and altitude control without disturbance.

Parameter ϕ (Roll) θ
(Pitch) ψ (Yaw) z (Altitude)

α 76.7107 71.4167 71.6452 163.0688

K1 17.6811 3.2796 45.0034 3.7921

K2 153.3674 159.7310 142.4560 85.8731

 

Figure 15. The change in best fitness values, with increasing no. of iterations for the GWO-SMC
without disturbance. (Best Fitness = 5.7349).

Table 6. Optimized SMC parameters for quadrotor attitude and altitude control with disturbance.

Parameter ϕ (Roll) θ
(Pitch) ψ (Yaw) z (Altitude)

α 55.9935 55.2580 91.4953 152.7136

K1 32.1087 13.7840 0.0000 15.1749

K2 112.0095 104.2681 183.5301 80.6698

 

Figure 16. The change in best fitness values with increasing no. of iterations for the GWO-SMC with
disturbance. (Best Fitness = 5.7777).
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Figure 17. Flow chart of the GWO.

3.4. Sliding Mode Controller (SMC)–Genetic Algorithm (GA) Design and Implementation

To validate the generalizability and reliability of the optimization strategy proposed,
an additional validation step, herein referred to as the Sliding Mode Controller (SMC) based
on Genetic Algorithm (SMC-GA) was implemented. The meta-heuristic algorithm was
realized in this step, which was applied in the same simulation environment in which the
SMC-GWO controller was used to guarantee the consistency of the optimization process.
The Genetic Algorithm (GA) is aimed at finding the best parameters of the Sliding Mode
Controller (SMC) that controls the quadcopter. The optimization is realized through the
process of natural selection and spreading of genetic information between individuals.
The fitness function is a measure of the performance of the system as compared to the
existing values of SMC parameters and is used to differentiate effective and ineffective
alternatives [40,41].

A. Initialization and Creation of the Starting Population: The genetic individual is repre-
sented as a set of parameter values representing its attributes. The loci is the number of
variables to be optimized, and a locus of the model can take the value in a fixed inter-
val. These intervals have been determined after the original calibration of the system
based on the Integral of Squared Error (ISE) criterion. Other important parameters of
genetic algorithms include the generations, evaluation strategy, selection mechanism,
crossover or mating protocol, and mutation rate. The size of the population depends
on the complexity of the problem so that the size must be chosen to provide a balance
between the search precision and the efficiency of its computation to provide optimal
search performance.

B. Evaluation: Each member of the population is evaluated based on a fitness function,
which is defined as an average ISE added by each parameter of optimization, which
includes roll, pitch, yaw, and altitude.

C. Selection: At the selection stage, the chromosomes, which perform better based on
the fitness function, are selected and kept to survive and reproduce. The process of
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natural selection is repeated at every step of algorithm implementation in order to
guarantee further evolution process across generation. Individuals with the most
suitable values of fitness are only reproduced, and unfit chromosomes are scrapped to
give way to new ones. This paper uses tournament selection as the selection method.

D. Reproduction or Crossover: The crossover or mating process is the generation of new
offspring out of the parents chosen by recombining their genetic materials to increase
their population efficacy. There is a single-point crossover method which is used to
produce the second generation of people.

E. Mutation: The concept of mutation is the change in the values of genes, and the example
is the transformation of a 1 to a 0 and the reverse. The genes that will be changed will be
randomly selected.

The objective function used in optimizing the SMC parameters of the quadcopter is
the average ISE of each controller, which is optimized using twelve parameters related
to it. This experiment used the GA, with a crossover rate of 0.8 and mutation rate of
0.2 being used for the tournament selection method and single-point crossover method.
The parameters were also obtained by trial and error using the various trials to determine
various effects of population size, search domain, number of generations, and crossover rate
on the overall system performance. The SMC parameters were optimized after applying
the GA with fixed-bound 200–300 generations and a population of n = 100 individuals.
Algorithm results are displayed both in the case of disturbance free and disturbed. Table 7
contains the computed controller parameters in the disturbance-free scenario, whereas
Figure 18 shows the change in the best fitness values with the generations. The controller
parameters obtained in the disturbed case are given in Table 8, and Figure 19 shows the
fitness curve versus generation. The critical stages of the GA as it seeks the optimal solution
are summarized in Figure 20.

Table 7. Optimized SMC parameters for quadrotor attitude and altitude control without disturbance.

Parameter ϕ (Roll) θ (Pitch) ψ (Yaw) z (Altitude)

α 65.3268 71.6298 81.8742 154.9266

K1 49.5338 15.8283 22.9202 0.1810

K2 136.7562 142.5595 157.5123 89.1712

 

Figure 18. The change in best fitness values with increasing no. of generations for the GA-SMC
without disturbance. (Best Fitness = 5.7556).
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Table 8. Optimized SMC parameters for quadrotor attitude and altitude control with disturbance.

Parameter ϕ (Roll) θ (Pitch) ψ (Yaw) z (Altitude)

α 57.3973 54.1478 91.5439 146.7855

K1 26.7905 0.8908 6.3724 4.9507

K2 115.3443 109.0496 182.7499 83.6192

 

Figure 19. The change in best fitness values with increasing no. of generations for the GA-SMC
without disturbance. (Best Fitness = 5.7786).

Figure 20. Flow chart of the GA [41].

4. Results and Discussion
Several simulations were performed in MATLAB/Simulink. For numerical imple-

mentation in Simulink, a fixed-step solver was used, where the step size represents the
sampling time of the controller. The sampling frequency was selected according to the
fastest closed-loop dynamics to ensure accurate representation of the system behavior.
In practice, the sampling period must be chosen at a much smaller value than the minimum
rise time of the system to guarantee stability and proper digital implementation of the
proposed control scheme.
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The performance indices were compared using the main performance indices, includ-
ing rise time (T r), overshoot (OS), and settling time (T s), as well as steady-state error
(SSE) on the main quadrotor channels of roll, pitch, yaw, and altitude. Figure 21 shows the
reaction of altitude and attitude (roll, pitch, and yaw) in the SMC, FLC, SMC-GWO, and
SMC-GA controllers, respectively, under nominal (i.e., non-disturbed) conditions, whereas
Figure 22 shows the reaction of the same under perturbed conditions. The objective tra-
jectory of the prescribed objective was used to assess and illustrate system responses of
the quadrotor states, i.e., the roll (φ) angle, pitch (θ) angle, yaw (ψ) angle, and the altitude
(z). The nominal control input was set at t = 1 s. Without any external perturbations, the
reference signals would have been defined with the transition between 0 and 1, whereas
the control input would gradually change between 0 and its nominal value at t = 1 s. Then,
the external disturbances were added to show the strength and adaptability of the four
control strategies (SMC, FLC, SMC-GWO, and SMC-GA), and two separate disturbance
components were determined.

u = û + δu (33)
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Figure 21. Desired and obtained trajectory simulation using different controllers without disturbance:
(A) ϕ (roll), (B) θ (pitch), (C) ψ (yaw), and (D) z (altitude).

The normalized nominal control variable which is represented by (û) is obtained
relating to the nominal model relating to a given trajectory. A model is made to have
an auxiliary control term, (δu), to balance external disturbances and model uncertainties.
The quadrotor was perturbed uniformly in all angular velocities—roll, pitch, yaw, and
altitude. A constant disturbance of the same value 10% of the nominal control input was
imposed at time t = 1 s; that is, δu = 0.1. The attitude responses, roll, pitch, and the yaw are also
given in radians, and the altitude response is given in meters with the time axis in seconds.
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Figure 22. Desired and obtained trajectory simulation using different controllers with disturbance:
(A) ϕ (roll), (B) θ (pitch), (C) ψ (yaw), and (D) z (altitude).

Table 9A indicates that the SMC-GWO controller has a significant enhancement in roll
dynamics. The controller decreases the rise and settling times by 78.46 and 23.40 percent,
respectively, compared to the traditional SMC, and the steady-state error (SSE = 0.0008) is
almost zero. Relative to the Fuzzy Logic Controller (FLC), the proposed controller attains
an 86.57 percent acceleration in rise time, and a 34.71 percent decrease in settling time,
which represents significantly high transient performance. When used as a roll controller,
a comparison between SMC-GWO and SMC-GA reveals that the GWO-tuned controller
has a slightly faster rise time (0.0513 s versus 0.0531 s, a 3.39 percent improvement) and
a slightly shorter settling time (1.0853 s versus 1.0890 s, a 0.34 percent improvement).
More importantly, the overshoot decreases to 0.08 with GWO compared to 0.31 with GA,
which is an improvement by approximately 74.19 percent, which means that the transient
response is smoother. Furthermore, the steady-state error is significantly smaller with
GWO (0.0008 vs. 0.0031, which is improved by 74.19 percent), which proves greater control
accuracy. In general, the application of SMC-GWO is more effective than SMC-GA at roll
stabilization with less time delay, better smoothness, and accuracy, which highlights the
power of GWO-based optimization to Sliding Mode Control.

As Table 9B indicates, the SMC-GWO controller is able to considerably improve the
dynamics of the pitch of the quadrotor. It decreases the rise time by 93.65 percent and the
settling time by 20.22 percent compared to the classical SMC, but the steady-state error is
very small (SSE = 0.0001). Comparing it to the FLC, the enhancement becomes even more
significant, with a 96.98 percent faster rise time and a 39.22 percent shorter settling time,
thus showing the high-quality transient performance of the proposed controller. When
comparing SMC-GWO and SMC-GA to the pitch control, the GWO-tuned controller has
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a small difference in the rise time (0.0128 s vs. 0.0125 s, 2.40% slower) but settles faster
(1.0797 s vs. 1.0834 s, 0.34 percent better). More to the point, the overshoot of 10.61% in the
case of GA is lowered by a substantial margin to 9.64 in the case of GWO, an improvement of
about 9.13 percent, which offers a less noisy transient response. There is also a much lower
steady-state error with GWO (0.0001 compared to 0.0007, an 85.71 percent improvement),
which means a much more accurate control. In general, SMC-GWO offers improved
smooth, accurate, and stable regulation of pitch with significantly smaller overshoot and
much better steady-state accuracy, despite GA giving a small but significant increase in
initial rise.

Table 9. Performance comparison of non-disturbed controllers.

Variable Controller RT (s) OS (%) ST (s) SSE

[A] Roll Angle (ϕ)

SMC 0.2382 0.47 1.4179 0.0047

FLC 0.3815 0.00 1.6625 0.0000

SMC-GWO 0.0513 0.08 1.0853 0.0008

SMC-GA 0.0531 0.31 1.0890 0.0031

[B] Pitch Angle (θ)

SMC 0.2015 0.51 1.3531 0.0051

FLC 0.3543 0.00 1.6856 0.0000

SMC-GWO 0.0128 9.64 1.0797 0.0001

SMC-GA 0.0125 10.61 1.0834 0.0007

[C] Yaw Angle (ψ)

SMC 0.2389 0.48 1.4136 0.0048

FLC 0.4241 0.05 1.7762 0.0000

SMC-GWO 0.0527 0.22 1.0867 0.0022

SMC-GA 0.0505 0.10 1.0837 0.0010

[D] Altitude (z)

SMC 0.0959 12.20 1.3726 0.0012

FLC 0.6000 30.00 2.1036 0.1602

SMC-GWO 0.0078 5.32 1.0287 0.0000

SMC-GA 0.0079 4.87 1.0314 0.0000

Table 9C shows that the SMC-GWO controller is characterized by significant improve-
ment of the yaw response. It reduced the rise time by 77.94 percent and the settling time by
23.16 percent compared to the more traditional SMC, which establishes that the transient
behavior is distinctly quicker. The difference when contrasted with that of the FLC is also
significant: the rise time is reduced by 87.57, and the settling time is reduced by 38.82,
thus showing the better dynamic performance of the GWO-based controller on the highly
coupled yaw dynamics. The comparison between SMC-GWO and SMC-GA in terms of
yaw control shows that the GA-tuned controller has a slightly higher transient performance.
Despite a slightly slower rise time (0.0527 s vs. 0.0505 s, 4.35 percent slower), the difference
is small. The settling time of both controllers is almost the same, with the GA being slightly
quicker (1.0837 s compared to 1.0867 s, 0.28 percent-differentiated). More to the point,
the SMC-GA controller has a lower overshoot (0.10% verses 0.22%), a 54.5 percent reduc-
tion, and it also has better steady-state accuracy, with SSE changing to 0.0010 (GA) versus
0.0022 (GWO), a reduction of 54.5 percent. On the whole, both the controllers improve the
yaw dynamics compared to the traditional approaches, although SMC-GA attains better
overshoot, steady-state accuracy, and marginally lower transient speed compared to the
SMC-GWO, which is still a competitive response with less accuracy in yaw regulation.
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Table 9D indicates that the altitude performance improves significantly through the
optimized controllers. Compared to classical SMC, the proposed SMC-GWO slows the rise
time by 91.87 percent and the settling time by 25.04 percent, whereas the steady-state error
(SSE = 0) is completely removed. The improvement is even greater when compared to the
FLC: the rise time is lowered by 98.70, the settling time is lowered by 51.10, and the steady-
state error is lowered from 0.1602 to 0, which represents an 82.3 percent improvement
in accuracy. An altitude control comparison between SMC-GWO and SMC-GA reveals
that the GWO-tuned controller has a marginally faster rise time (0.0078 s versus 0.0079 s,
1.27 percent faster) and slightly lower settling time (1.0287 s versus 1.0314 s, 0.26 percent
shorter). The difference between the overshoots is low (5.32% and 4.87%), and both
controllers have zero steady-state error. In general, it can be concluded that SMC-GWO
provides slightly better transient response and the same high accuracy as SMC-GA, proving
that GWO tuning is effective in improving the altitude regulation without causing an extra
steady-state error.

Table 10A indicated that the SMC-GWO controller had better roll stability than the
other controllers in the event that a disturbance was introduced at t = 1 s. It reached a
rise time of 0.0558 s, which is a 76.31 percent decrement as compared to the classical SMC
(0.2355 s) and 85.46 percent lower than the FLC (0.3840 s). The maximum overshoot was
0.20% and the system stabilized with a settling time of 1.0975 s, which is a 22.55 percent
faster response than SMC (1.4153 s) and 34.71 percent faster than FLC (1.6807 s). Also,
SMC-GWO was the lowest steady-state error contestant, with SSE 0.0002. The roll control
through SMC-GWO and SMC-GA in the case of disturbance conditions indicates that the
GWO-tuned controller has a slightly faster rise time (0.0558 s vs. 0.0565 s, 1.24 percent
better) and a smaller steady-state error (0.0002 vs. 0.0017, 88.24 percent smaller). Conversely,
the values of the overshoot are very similar (0.20% vs. 0.17%), and the settling times are
similar (1.0975 s vs. 1.0983 s, 0.07% difference). In general, SMC-GWO provides faster
transient response and much better accuracy than SMC-GA, which shows its strength and
effectiveness in terms of disturbance rejection.

Table 10B indicates that the SMC-GWO controller produced much better pitch dynam-
ics than the conventional controllers after application of a disturbance at t = 1 s. It recorded
a rise time of 0.0113 s, which represents 94.31 percent of the classical SMC (0.1985 s) and a
96.88 percent improvement compared to the FLC (0.3625 s). This increase in speed was,
however, accompanied by an overshoot of 10.12%, which is more than SMC (0.57) and
FLC (0%), but still within acceptable transient ranges. The SMC-GWO performed well in
settling behavior with a settling time of 1.0469 s, 22.91 percent less than SMC (1.3582 s)
and 38.33 percent less than FLC (1.6970 s). In disturbance cases, SMC-GWO and SMC-GA
will have slightly different rise times, with GA-tuned controller having a slightly lower
rise time (0.0105 s vs. 0.0113 s, 7.08 percent faster). Nevertheless, SMC-GWO has a smaller
overshoot (10.12% vs. 11.40%, 11.23 percent reduction) and shorter yet highly close settling
time (1.0469 s vs. 1.0296 s), whereas SMC and FLC have a smaller stabilizing error (0.0001),
which is smaller than that of SMC-GWO (0.0009). In general, SMC-GWO guarantees a
smoother transient response with smaller overshoot.

As illustrated in Table 10C, the SMC-GWO controller gave the fastest response to
disturbance at t = 1 s as compared to the other controllers. It decreased the rise time to
0.0469 s, which is an 80.25 percent improvement over the classical SMC (0.2375 s) and an
88.99 percent improvement as compared to the FLC (0.4258 s). The SMC-GWO realized
a zero overshoot, which is superior to the SMC (0.53%) and the FLC (0.01%) controllers
and exhibited high levels of transient smoothness when disturbed. The SMC-GWO, in its
turn, settled within 1.0816 s, which is 23.70 percent lower than that of SMC (1.4173 s) and
39.17 percent lower than that of FLC (1.7776 s). The difference between SMC-GWO and
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SMC-GA is not that significant. The rise time of SMC-GWO is slightly shorter (0.0469 s vs.
0.0472 s, 0.63 percent difference), and the settling time is slightly less (1.0816 s vs. 1.0818 s,
0.02 percent difference). For steady-state accuracy, GWO had zero SSE, whereas GA has
a very small error (0.0003). On the whole, the SMC-GWO controller has a quicker and
smoother yaw response during disturbance and slightly better transient performance when
compared with SMC-GA, as well as much better performance when compared with SMC
and FLC.

Table 10. Performance comparison of disturbed controllers.

Variable Controller RT (s) OS (%) ST (s) SSE

[A] Roll Angle (ϕ)

SMC 0.2355 0.52 1.4153 0.0052

FLC 0.3840 0.00 1.6807 0.0000

SMC-GWO 0.0558 0.20 1.0975 0.0002

SMC-GA 0.0565 0.17 1.0983 0.0017

[B] Pitch Angle (θ)

SMC 0.1985 0.57 1.3582 0.0057

FLC 0.3625 0.00 1.6970 0.0000

SMC-GWO 0.0113 10.12 1.0469 0.0009

SMC-GA 0.0105 11.40 1.0296 0.0001

[C] Yaw Angle (ψ)

SMC 0.2375 0.53 1.4173 0.0053

FLC 0.4258 0.01 1.7776 0.0000

SMC-GWO 0.0469 0.00 1.0816 0.0000

SMC-GA 0.0472 0.00 1.0818 0.0003

[D] Altitude (z)

SMC 0.0940 9.90 1.3434 0.0023

FLC 0.8000 25.00 2.1901 0.1431

SMC-GWO 0.0079 5.17 1.0303 0.0001

SMC-GA 0.0080 4.93 1.0320 0.0000

Table 10D shows that when a disturbance was applied at t = 1 s, the SMC-GWO
controller exhibited a significant increase in the performance of altitude. It decreased
the rise time to 0.0079 s, which was 91.60 percent better than the classical SMC (0.0940 s)
and 99.01 percent better than the FLC (0.8000 s). It was also found that the overshoot
was decreased to 5.17% with SMC-GWO (47.7 percent more than SMC and 79.3 percent
more than FLC). The settling time of SMC-GWO was 1.0303 s and was faster by 23.28
and 52.94 percent as compared to SMC (1.3434 s) and FLC (2.1901 s), respectively. When
comparing SMC-GWO and SMC-GA, it is seen that both controllers exhibit extremely
similar transient behavior, compared to the classical SMC. The GWO-tuned controller has
a slightly higher rise time (0.0079 s compared with 0.0080 s, 1.25 percent higher) and a
smaller settling time (1.0303 s compared with 1.0320 s, 0.17 percent lower). Stable-wise
accuracy teaches SMC-GA the zero SSE, and SMC-GWO has a negligible error (0.0001).
Both are far more accurate in comparison with SMC and FLC. Altogether, the SMC-GWO
controller offers the highest rate of response to altitude and significant decrease in rise time,
overshoot, and settling period.

Then, faults within actuators are introduced both intentionally and at specific time
points, including variances on bias side, time-varying external disturbances, and system
uncertainties. These defects can occur at any time in the course of maneuvering. As a
consequence, the time-varying Loss of Control Effectiveness (LoCE) actuator faults are
included to determine the effectiveness of the proposed control scheme [42].
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The external disturbances of high magnitude are determined by the following definition:
Dϕ = 4.0sin(2πt) + 1.0, 0 ≤ t ≤ 10
Dθ = 3.8cos(2πt) + 1.0, 0 ≤ t ≤ 10
Dψ = 3.9sin(2πt) + 1.0, 0 ≤ t ≤ 10

Dz = 4.0 t + 0.1, 0 ≤ t ≤ 10

(34)

The time-varying actuator faults are defined as follows:
uϕ = (1 − 0.60cos(2πt)) U2 + 0.80, 1 ≤ t ≤ 3
uθ = (1 − 0.70sin(2πt)) U3 + 0.90, 3 ≤ t ≤ 5
uψ = (1 − 0.75cos(πt)) U4 + 0.70, 5 ≤ t ≤ 7
uz = (1 − 0.65sin(2πt)) U1 + 0.85, 7 ≤ t ≤ 10

(35)

As Figure 23 shows, the proposed controller SMC-GWO is capable of following the
desired trajectory precisely even when actuator faults and external disturbances are present.
As a result, the controller is resilient to unexpected faults and disturbances with a small
tracking error. Compared to FLC and SMC, the alternative controllers with faults and
disturbances do not accurately track the reference trajectory, as indicated by increased
tracking errors, and oscillatory action, as observed in Figure. In particular, concerning the
altitude, the FLC experiences the highest tracking error, leading the UAV to the wrong
direction, but the proposed controller maintains a smooth and stable path.
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Figure 23. Desired and obtained trajectory simulation using different controllers with disturbance:
(A) ϕ (roll), (B) θ (pitch), (C) ψ (yaw), and (D) z (altitude).
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When compared to SMC-GA, it can be said that the proposed controller is slightly
better, achieving smaller tracking errors and a slightly better dynamic response. Therefore,
it has a relatively minor efficiency benefit compared to SMC-GA when it comes to actua-
tor regulation of UAVs, and its superiority over FLC and SMC is significantly high and
easily identifiable.

The controller performance is measured through Integral of Squared Error (ISE) that
is determined as: ISEi =

∫ t
0 e2

i (τ) dt.
Thus, the performance outcomes, provided in Table 11, prove that the suggested

SMC-GWO controller provides significant tracking and performance ratios with actuator
faults, unknown disturbances, and model uncertainties compared to traditional SMC and
FLC schemes. Although the SMC-GWO and SMC-GA algorithms have similar perfor-
mances, with nearly identical ISE values at each state, the SMC-GWO algorithm produces a
slightly better total ISE, which is a slight stable increase in the overall tracking performance.
Figure 24 below presents the control input responses under the presence of time-varying
actuator faults, external disturbances, and model uncertainties.

Table 11. Performance analysis of the ISE on various controls.

States
ISE

SMC FLC SMC-GA SMC-GWO

Roll 0.119210 0.569760 0.017126 0.015956

Pitch 0.110043 0.423183 0.013280 0.013274

Yaw 1.478021 0.335249 0.018535 0.019075

Height 0.172217 11.020925 0.010040 0.010040

Total 1.879491 12.349117 0.058981 0.058345
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Figure 24. Control input response: (U1) ϕ (roll), (U2) θ (pitch), (U3) ψ (yaw), and (U4) z (altitude).
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It should be noted that the control action starts at t = 1 s, where the nominal control
input is applied and the reference signals begin to change from zero to their desired values.
Therefore, transient peaks appearing around this instant are expected due to the sudden
activation of the controller and the transition of the reference trajectory. The classical SMC
and FLC show smoother responses, while SMC-GA and SMC-GWO generate short spikes
due to their faster corrective action at the activation instant. The control inputs U1–U4
show that the classical SMC produces noticeable oscillations due to the discontinuous
switching nature of the control law, which increases actuator activity. The FLC generates
smoother control signals with smaller amplitudes; however, its robustness becomes weaker
when disturbances and actuator faults are introduced. Both SMC-GA and SMC-GWO
exhibit transient spikes around t = 1 s, which correspond to the instant where the nominal
control input is applied and the system starts responding to the reference command. These
peaks are caused by the fast corrective action required to drive the system toward the
desired trajectory under changing conditions. Despite these short transients, the control
signals remain bounded and quickly settle to stable values. Compared with SMC-GA, the
proposed SMC-GWO shows more consistent control behavior with reduced oscillations
after the transient period, indicating improved stability of the optimized sliding mode
parameters. The presence of short peaks at the activation instant reflects fast response
and strong disturbance rejection capability rather than instability. Therefore, the proposed
SMC-GWO controller provides a better compromise between control effort, robustness,
and fault-tolerant performance, making it more suitable for UAV operation under nominal
and disturbed conditions.

The general results of the paper prove that the suggested SMC-GWO controller is a
serious and statistically important improvement of the usual SMCs and FLCs in all channels
of quadrotor control. It was also found that the proposed system was higher in performance
in response time, tracking accuracy, and system stability, as well as dynamical behavior
with smoother transitions, faster convergence, and reduced steady-state error. Even though
the conventional SMC has a marked stability and near-zero overshoot, it is characterized
by slower response and longer settling times. However, the conventional SMC remains
superior to the FLC in general, because it offers more stable and predictable behavior
under varied operating conditions. By contrast, the FLC performed well in attitude control,
but poorly in altitude control, so that the oscillations were larger and steady-state errors
were larger than with the traditional SMC. The hybrid SMC-GWO controller, employing
both the stability of Sliding Mode Control (SMC) and intelligent tuning of the Gray Wolf
Optimizer (GWO), was thus able to balance speed, accuracy in tracking, and stability, and it
is clear that the hybrid controller performs better than the conventional approaches. To fur-
ther confirm its usefulness in a meta-heuristic optimization environment, the proposed
controller was also compared with the optimized SMC-GA controller. It was found that
both of the optimized controllers achieved significant improvement in the performance
of the baseline SMC, but the SMC-GWO had better dynamic behavior, such as reduced
response time, reduced transition or fluctuations, better output stability, and an observable
reduction in chattering. Even though SMC-GA was better in some respects, it was slower
in reaction and takes more time to enter the steady state. The hybrid SMC-GWO controller
can be discussed as the most successful and efficient of all the control approaches explored
in this paper, based on these results. Therefore, the suggested controller offers a good
and prospective solution to quadrotor UAV problems, necessitating clever, rapid, and
accurate control within harsh and unpredictable working circumstances. The work thus
provides the background for the design of new hybrid, self-adaptive, and intelligent control
systems that constantly enhance performance according to new trends in advanced UAV
control technologies.
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5. Conclusions
This work performs an in-depth comparison of performance and analysis of various

control strategies that are used in quadrotor unmanned aerial vehicles (UAVs), which in
this case, are Sliding Mode Control (SMC), Fuzzy Logic Control (FLC), and a new hybrid
controller known as Sliding Mode Control enhanced with the Gray Wolf Optimizer (SMC-
GWO). The simulation uses a Newton–Euler formulation to simulate the nonlinear and
coupled dynamics of a quadrotor, and all control algorithms are developed and tested in
MATLAB/Simulink under the same operating conditions to provide a fair comparison.
The quadrotor nonlinear and coupled dynamics were modeled based on the Newton–Euler
model, and all control algorithms were realized and run in the MATLAB/Simulink envi-
ronment under the same operating conditions to provide a fair comparison. The findings of
the experiments support the validity of the optimized SMC-GWO controller in steadying a
quadrotor UAV under both nominal and disturbed operational conditions. The proposed
hybrid approach evidently outperforms traditional SMC and FLCs in speed of response,
accuracy, and stability. The Gray Wolf Optimizer is efficient in optimizing the SMC pa-
rameters, resulting in faster convergence, reduced overshoot, as well as tiny steady-state
error in all the flight channels phi, theta, psi, and z. The effective validation of SMC-GWO
and its comparative superiority over SMC-GA underscores the potential of meta-heuristic
optimization of the UAV control tasks. SMC-GA has an adequate response in some of
these areas, but its response is comparatively slower and it takes more time to stabilize
when compared to SMC-GWO. The suggested SMC-GWO controller exhibits strong and
accurate tracking of the trajectory when actuator faults, external disturbances, and system
uncertainty vary with time. It has a higher performance over traditional Sliding Mode
Control (SMC) and Fuzzy Logic Control (FLC) technologies through many folds in terms
of minimized tracking errors and maintained altitude control. Compared to the SMC-GA
method, SMC-GWO has a slightly lower total of the square errors (ISE), which implies
it can slightly improve the overall performance. These results support the effectiveness
and robustness of the SMC-GWO strategy during unmanned aerial vehicle operation in
fault-prone and highly uncertain environments. The method shows the better ability to
quickly converge to the optimal control parameters, which results in less aggressive control
actions, and the chattering can be significantly reduced. To conclude, the hybrid SMC-
GWO controller is an efficient and trustworthy system to use in real-time UAVs. It can
be taken as a promising and viable direction in the development of hybrid, self-adaptive,
and intelligent control systems by combining the strength of Sliding Mode Control with
the adaptive intelligence of nature-inspired optimization algorithms. This work provides
simulation-level validation only; therefore, real-time experimental verification on embed-
ded hardware will be addressed in future research to confirm the controller performance
under real flight conditions.
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