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Autonomous mobile and aerial robotics is inherently a multidisciplinary research field,

integrating control theory, computer vision, artificial intelligence, and embedded system

design. In recent decades, significant attention has been devoted to the development of robotic

platforms capable of operating autonomously in complex, unstructured, and dynamic

environments. This growing interest is largely motivated by practical demands in application

domains such as industrial inspection [1,4,7], logistics automation [2,8,11], precision

agriculture [3,9,12,15], and environmental monitoring [5,6,10,13,14,16,17]. In such contexts,

robots are required to perceive their surroundings, make decisions, and execute control

actions in real time, often in the presence of uncertainty and external disturbances. As a result,

one of the central challenges in autonomous robotics lies in the design of control architectures

that guarantee safe, accurate, and energy-efficient operation while minimizing reliance on

continuous human intervention [18,19].

Among autonomous robotic platforms, unmanned aerial vehicles (UAVs), particularly

multirotor configurations, have attracted considerable attention due to their high

maneuverability, vertical takeoff and landing capabilities, and adaptability to confined

environments. Multirotor UAVs have been widely adopted in both civilian and industrial

applications, owing to their mechanical simplicity and flexible control architecture [20,21].

Coaxial octorotors, characterized by eight rotors arranged in coaxial pairs, offer enhanced

stability, redundancy, and payload capacity compared to conventional quadrotors. However,

these advantages are accompanied by increased system complexity, as octorotors exhibit

highly nonlinear, strongly coupled, and underactuated dynamics, which make their modeling

and control particularly challenging [22,23].

To address these challenges, advanced control techniques capable of handling

nonlinearities, uncertainties, and external disturbances are required. Classical linear

controllers, such as PID regulators, often show limited performance when applied to complex

aerial systems operating in uncertain environments [2]. This limitation has motivated the

development of intelligent and nonlinear control approaches, including fuzzy logic control,

sliding mode control, adaptive control, and learning-based methods [24,8,13]. These

techniques offer improved robustness and adaptability, making them particularly suitable for

autonomous UAV applications where accurate modeling is difficult and operating conditions

may vary significantly [7,25].
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In this context, the objective of this thesis is to develop intelligent and robust control

architectures for a coaxial octorotor, enabling autonomous and reliable operation in complex

and uncertain environments. The work focuses on the progressive development of control

strategies, beginning with accurate nonlinear dynamic modeling and extending to advanced

hybrid and learning-based control approaches. These strategies integrate fuzzy logic control,

sliding mode control, adaptive neuro-fuzzy inference systems (ANFIS), and particle swarm

optimization (PSO) in order to achieve high-performance trajectory tracking, robust

disturbance rejection, and smooth control action. All proposed control architectures are

systematically evaluated and validated through extensive simulations carried out in the

MATLAB/Simulink environment.

The combination of advanced control and optimization techniques adopted in this thesis

provides complementary advantages sunnerized in points that effectively address the

challenges associated with the control of a coaxial octorotor operating in complex

environments.

- Fuzzy Logic Control (FLC): Fuzzy logic controllers offer robustness against

modeling uncertainties and external disturbances by emulating human reasoning.

They allow effective control without requiring an exact mathematical model,

making them particularly suitable for highly nonlinear aerial systems.

- Sliding Mode Control (SMC): Sliding mode control ensures strong robustness

to parameter variations and external disturbances. Its inherent invariance

properties guarantee system stability and tracking performance even under

significant uncertainties.

- Hybrid Fuzzy–Sliding Mode Control (FSMC): The FSMC combines the

robustness of sliding mode control with the smoothness of fuzzy logic. This

hybridization significantly reduces chattering effects while preserving

robustness, leading to improved control accuracy and actuator-friendly control

signals.

- Adaptive Neuro-Fuzzy Inference System (ANFIS): ANFIS introduces

learning and adaptation capabilities into the control loop. By tuning fuzzy rules

and membership functions online or offline, it enhances adaptability to changing

system dynamics and environmental conditions.
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- Particle Swarm Optimization (PSO): PSO provides an efficient and

systematic approach for optimizing controller parameters. It accelerates

convergence, avoids local minima, and eliminates manual tuning, resulting in

improved control performance and repeatability.

- Hybrid and Modular Architecture: The integration of these techniques within

a unified hybrid architecture allows each method to compensate for the

limitations of the others. This modularity enhances scalability, flexibility, and

applicability to other multirotor UAV configurations

The control techniques investigated in this thesis are applied to the coaxial octorotor in

various configurations and evaluated across diverse task scenarios. heir implementation and

evaluation are structured progressively over four chapters, which are organized as follows:

The first chapter is devoted to the dynamic modeling of the coaxial octorotor. It

provides an overview of UAV classifications and justifies the choice of an eight-rotor coaxial

configuration. A complete nonlinear six-degree-of-freedom (6-DOF) dynamic model is

derived using the Newton–Euler formalism. This model constitutes the foundation for the

control design and performance evaluation presented in the subsequent chapters [26].

The second chapter addresses the design of fuzzy logic controllers for the coaxial

octorotor. After introducing the theoretical background of fuzzy sets and inference systems,

Mamdani-type fuzzy controllers are developed for altitude, attitude, and yaw control. The

simulation results demonstrate the ability of fuzzy control to effectively manage nonlinear

dynamics and uncertainties, achieving satisfactory trajectory tracking and disturbance

rejection performance [7,13].

The third chapter presents hybrid control strategies that combine fuzzy logic with

sliding mode control in order to exploit the advantages of both approaches. Three hybrid

controllers are designed and evaluated: a Fuzzy PD Controller (FPDC), a Sliding Mode PID

(SMC-PID), and a Fuzzy Sliding Mode Controller (FSMC). These controllers are tested on

demanding trajectory tracking tasks, and a comparative analysis is conducted. The results

highlight the superior performance of the FSMC in terms of robustness, accuracy, and

smoothness of the control action [27,28].

The fourth chapter proposes an integrated and optimized control architecture that

further enhances system performance. Adaptive Neuro-Fuzzy Inference Systems (ANFIS) are
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employed for the most dynamic attitude control loops, while the FSMC is retained for altitude

and yaw regulation. In addition, the parameters of the outer-loop PID position controllers are

optimized using Particle Swarm Optimization (PSO). The effectiveness of this hybrid strategy

is validated through a realistic inspection scenario, demonstrating improved trajectory

tracking accuracy and robustness compared to conventional fuzzy control approaches [10].

In summary, this thesis contributes to the development of intelligent, robust, and

optimized control structures for coaxial octorotor UAVs. By combining rigorous dynamic

modeling with advanced hybrid and learning-based control techniques, the proposed

approaches address key challenges in autonomous aerial robotics and provide a solid basis for

future research and real-world deployment.



Chapter I :

Dynamic Modeling of the

Coaxial Octorotor



Chapter I                                                                Dynamic Modeling of the Coaxial Octorotor

Page 5

I.1 Introduction
Unmanned Aerial Vehicles (UAVs), particularly multi-rotor platforms like octorotors,

have gained significant attention due to their versatility and capability to perform complex

tasks across a range of industries, including military, environmental monitoring, and industrial

inspections. The octorotor, in particular, offers enhanced stability, increased payload capacity,

and better fault tolerance compared to other multi-rotor designs such as quadrotors or

hexarotors. However, the complexity of its dynamics, including strong coupling between

degrees of freedom and susceptibility to external disturbances, presents unique challenges in

control and modeling.

The coaxial octorotors also named coaxial quadrotrs are one of the most used UAVS in

many areas such as defense, agriculture and search tasks...Etc [16,17]. These UAVs has a better

performances on the external disturbances rejection, rotor failure and heavy loads carrying than

the quadrotors. The coaxial octorotors has a similar design to the quadrotor which have four

rotors each in the end of the arm but the coaxial octorotors have eight rotors each tow rotors are

coaxial and placed in end of arm.

The first part of this chapter will present the different types of the UAVs fixed wing and

multi rotors. While the second part will present the full dynamic modeling steps for the coaxial

octorotor using the Newton Euler method starting by the configuration, the applied forces, the

momentum matrices and the gyroscopic effect till to a six degrees of freedom (6DOF) dynamic

model. The model will be designed and evaluated in matlab simulink.

I.2 UAV Classification
I.2.1 UAV Categories:

UAVs (Unmanned Aerial Vehicles) can be broadly classified into two major categories:

fixed-wing UAVs and rotary-wing UAVs, each serving different operational purposes based on

the application and environment.

 Fixed-Wing UAVs

Fixed-wing UAVs are designed similarly to traditional airplanes, where wings provide lift

through forward motion. These UAVs are known for their high endurance and long-range

capabilities, making them suitable for missions that require extensive coverage table I.1

presents a different fixed wing UAVs with their flying specifications while figure I.1 shows

NASA IKHANA MALE (medium altitude long endurance) fixed wing UAV.
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o Characteristics

Fixed-wing UAVs excel in flight endurance and high-speed travel, making them

ideal for missions requiring long-range or persistent coverage. However, their

limited maneuverability restricts them to larger, open areas [29].

o Applications

Common applications include aerial mapping, surveillance, military

reconnaissance, and environmental monitoring. They are typically used in

operations requiring long-distance flight, such as over large agricultural fields or

across vast territories for border patrol[30,31].

o Limitations

Despite their advantages in endurance, fixed-wing UAVs cannot hover or

perform vertical takeoff and landing (VTOL), which limits their use in confined

or cluttered environments [32].

Table I.1 Fixed wing UAVs type’s specifications [33]

Figure I.1 NASA IKHANA MALE UAV

Type Maximum weight Maximum range

Small 150 Kg 150 Km

Tactical 600 Kg 150 Km

MALE 1000 Kg 200 Km

HALE 1000 Kg 250 Km

Heavy 2000 Kg 1000 Km

Super heavy 2500 Kg 1500 Km
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 Rotary-Wing UAVs

Rotary-wing UAVs, on the other hand, use rotors for lift and thrust, allowing them to hover

and perform VTOL. This makes them versatile platforms for tasks that require precision

and mobility in constrained spaces.

o Characteristics

Rotary-wing UAVs, such as quadrotors and octorotors, are known for their

ability to hover in place and perform agile maneuvers, especially in tight or

cluttered spaces. They are ideally suited for dynamic and precise missions that

require close-up observation or navigation[34,35].

o Applications

Rotary-wing UAVs are widely used for aerial photography, infrastructure

inspection, and search-and-rescue operations, where the ability to hover and

move slowly is crucial. Their precision and stability allow them to navigate

complex environments like urban settings, forests, or disaster areas[30,34].

I.2.2 Multi-Rotor UAVs :

Multi-rotor UAVs, a subclass of rotary-wing UAVs, have become one of the most widely

used UAV configurations due to their simplicity, stability, and versatility. These UAVs use

multiple rotors for lift, control, and thrust, making them efficient for a range of applications,

figure 1.2 shows the different multi-rotor UAVs configuration.

Figure I.2 Different multi-rotor UAVs configurations
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 Overview of Multi-Rotor Designs

Multi-rotor UAVs come in different configurations based on the number of rotors:

o Bi-rotors: Simplest design but offers limited control.

o Tri-rotors: Provide better control but are less common.

o Quadrotors: The most popular multi-rotor UAV design, with four rotors,

offering excellent stability and control.

o Hexarotors: These six-rotor designs provide more thrust and better stability

compared to quadrotors [36,37].

o Octorotors: Feature eight rotors, providing maximum thrust, redundancy, and

payload capacity [38,39].

 Popular Platforms

o Quadrotor: Quadrotors are favored for their simplicity and ease of control,

making them ideal for general applications such as aerial photography, hobbyist

flying, and even delivery services [35,40].

o Hexarotor: Hexarotors offer increased payload capacity and greater fault

tolerance compared to quadrotors, making them suitable for more demanding

tasks such as industrial inspections or carrying specialized sensors [36,41].

I.2.3 Octorotor Design :

Octorotors are the most advanced category within multi-rotor UAVs, providing superior

performance in terms of payload capacity, stability, and fault tolerance. Their eight-rotor design

offers enhanced control and redundancy, making them critical for applications in military and

industrialsectors.

 Star-ShapedOctorotors

In star-shaped octorotor designs, eight independent motors are arranged radially around

a central frame.

o Configuration: The rotors are spaced apart on individual arms, providing even

lift distribution and robust control. This configuration simplifies maintenance

and increases control precision [38,42].
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o Advantages: Star-shaped octorotors are easy to maintain due to their simple,

spread-out design. The distributed lift ensures high stability during flight,

making them suitable for general-purpose missions [42].

 Coaxial Octorotors

Coaxial octorotors stack pairs of rotors on the same axis, with one rotor spinning

clockwise and the other counterclockwise.

o Configuration: This design minimizes the overall size of the UAV by stacking

the rotors vertically, which improves aerodynamic performance while

maintaining thrust [43,44].

o Advantages: Coaxial octorotors provide a compact design, making them more

maneuverable in constrained environments. Additionally, the counter-rotating

rotors cancel out torque, contributing to increased flight stability [44].

 Advantages of Octorotors

Octorotors, especially those with coaxial designs, have several key advantages over

other multi-rotor configurations:

o Increased Payload Capacity: With eight rotors, octorotors can lift heavier

payloads, making them ideal for missions requiring the transport of heavy

equipment or advanced sensor packages [38,43].

o Fault Tolerance: Owing to the redundancy provided by the eight rotors, an

octorotor can continue flying even if one or two motors fail, ensuring safer

operations in critical environments [43,45].

 Applications

The unique capabilities of octorotors make them indispensable in various fields:

o Military Applications: Octorotors are widely used for surveillance,

reconnaissance, and combat support due to their stability and payload capacity

[46].

o Environmental Monitoring: These UAVs are used to carry heavy sensor arrays

for monitoring environmental changes in remote or hazardous areas [43,44].
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o Industrial Inspections: Octorotors are utilized for inspecting critical

infrastructure, such as power lines, wind turbines, and pipelines, where stability

and payload capacity are critical [44,45].

I.3 The coaxial octortor dynamic modelling
The configuration of the coaxial octorotor is similar to that of a quadrotor, using two

counter-rotating coaxial motors mounted at the ends of each arm Figure. I.3. This configuration

offers improved stability and a more efficient design in size and battery consumption compared

to the traditional star-shaped octorotor that requires more than four arms, this configuration

achieves the same number of rotors using only four arms, which need to be extended to ensure

sufficient spacing between the rotors. This configuration gives six degrees of freedom (6dof)

for the coaxial octorotor which movements and rotations in three axes X, Y and Z the rotations

called respectively in the aviation standards pitch, roll and yaw [47,48]. These movements are

in the body frame [Xb, Yb, Zb] which is coincide with the center of gravity (COG) of the coaxial

octorotor and to transform these movements to the earth frame [Xe, Ye, Ze]. We use the

transformation matrix in equation (I.1). Figure I.4 describes the configuration of the coaxial

octorotor.

Figure I.3 Coaxial octorotor configuration
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Figure I.4 The coaxial octorotor configuration

𝑇 = ቂ𝑅 𝜉
0 1ቃ (I.1)

Where R is the rotation matrix derived using the flight notations (3, 2, 1) in [47] and is

the position vector.

𝜉 = [𝑥 𝑦 𝑧] (I.2)

I.3.1 Coaxial octorotor dynamics

To analyze the motion of the coaxial octorotor, two reference frames are used (see Fig.

I.4):

 The inertial frame E (X,Y,Z). E which is fixed reference to the ground and

considered Galilean,

 And the body frame B (x,y,z) which is attached to the coaxial octorotor itself.

To simplify the understanding of the dynamic model presented below, several

assumptions are made:

 The structure of the coaxial octorotor is considered rigid.

 The center of mass is assumed to coincide with the origin of the body frame.
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 The propellers are assumed to be rigid.

 The lift and drag forces are proportional to the square of the rotor angular velocity.

 Rotation matrix :

We adopt the flight notation (3, 2, 1), which corresponds to rotations about the z, y, and x

axes, denoted by ψ, θ, and φ respectively, following aviation standards for yaw, pitch, and roll.

For a deeper understanding of Euler angles, refer to [49-51]. To formalize these rotations, we

use Euler rotation matrices. Assuming the rotations occur sequentially around the z, y, and x

axes transforming from Fe to F1, then F1 to F2, and finally F2 to Fb we construct a rotation

matrix for each step. The final rotation matrix is obtained by multiplying these three individual

rotation matrices [52,53].

𝑅𝑏𝑒 = 𝑅𝐹1
𝑒 ∗ 𝑅𝐹2

𝐹1 ∗ 𝑅𝑒𝐹2 (I.3)

Figure I.5 otation sequences

Using the figure I.5 we can derive the following matrices

𝑅𝐹1
𝑒 = ൭

cos𝜓 sin𝜓 0
− sin𝜓 cos𝜓 0

0 0 1
൱ (I.4)

𝑅𝐹2
𝐹1 = ൭

cos 𝜃 0 − sin𝜃
0 1 0

sin𝜃 0 cos𝜃
൱ (I.5)

𝑅𝑏𝐹2 = ൭
1 0 0
0 cos𝜑 sin𝜑
0 − sin𝜑 cos𝜑

൱ (I.6)

Using the formula (I.3) we get the matrices which transfers the movements from earth

to body frame, we use the inverse matrix to describe movements from body frame to earth

frame .

𝑅𝑏𝑒 = ൭
𝐶𝜃𝐶𝜓 𝐶𝜃𝑆𝜓 −𝑆𝜃

𝑆𝜑𝑆𝜃 − 𝐶𝜑𝑆𝜓 𝑆𝜑𝑆𝜃𝑆𝜓 + 𝐶𝜑𝐶𝜓 𝑆𝜑𝐶𝜃
𝐶𝜑𝑆𝜃𝐶𝜓 + 𝑆𝜑𝑆𝜓 𝐶𝜑𝑆𝜃𝑆𝜓 − 𝑆𝜑𝐶𝜓 𝐶𝜑𝐶𝜃

൱ (I.7)
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𝑅𝑒𝑏 = ൭
𝐶𝜃𝐶𝜓 𝑆𝜑𝑆𝜃𝑆𝜓 − 𝐶𝜑𝐶𝜓 𝐶𝜑𝑆𝜃𝐶𝜓 + 𝑆𝜑𝑆𝜓
𝐶𝜃𝑆𝜓 𝑆𝜑𝑆𝜃𝑆𝜓 + 𝐶𝜑𝐶𝜓 𝐶𝜑𝐶𝜃𝑆𝜓 − 𝑆𝜑𝑆𝜓
−𝑆𝜃 𝑆𝜑𝐶𝜃 𝐶𝜑𝐶𝜃

൱ (I.8)

 Angular velocity :

The definition of the angular velocity is given by the multiplication of the Euler rates

matrixes which is derived using Euler rotation matrixes and the Euler angles rates which is the

time derivative of Euler angles vector. Let assume that M is the Euler rates matrix the formula

as follows:

Ω = 𝑀 ∗ 𝜂̇ (I.9)

𝜂 = [𝜑 𝜃 𝜓]𝑇 (I.10)

𝜂̇ = [𝜑̇ 𝜃̇ 𝜓̇]𝑇 (I.11)

𝛺 = [𝛺𝑥 𝛺𝑦 𝛺𝑧]𝑇 (I.12)

Where η, and are the Euler angles vector, Euler angles rates and the angular velocity.

Following the method that mentioned above in Euler rotation matrixes we should define

angular velocity for each sequence and the result of the summation of these angular velocities

is the angular velocity in .

Ω𝑏 = Ω𝐹1 + Ω𝐹2 + Ω𝑏
𝐹2 (I.13)

By transforming and to and applying (I.9), we get

Ω𝑏 = ൥
𝜑̇
0
0
൩ + 𝑅𝑏𝐹2−1 ൥

0
𝜃̇
0
൩ + 𝑅𝑏𝐹2−1𝑅𝐹2

𝐹1 ൥
0
0
𝜓̇
൩ (I.14)

Ω𝑏 = ቀ1 + 𝑅𝑏𝐹2−1 + 𝑅𝑏𝐹2−1𝑅𝐹2
𝐹1ቁ ቎

𝜑̇
𝜃̇
𝜓̇
቏ (I.15)

Now we have M:

𝑀𝑏
𝑒 = ൭

1 0 − sin 𝜃
0 cos𝜑 sin𝜑 cos 𝜃
0 − sin𝜑 cos 𝜃 cos𝜑

൱ (I.16)

The inverted version of M derived as:

𝑀𝑒
𝑏 = ൭

1 sin𝜑 tan𝜃 cos𝜑 tan𝜃
0 cos𝜑 − sin𝜑
0 sin𝜑 sec𝜃 cos𝜑 sec 𝜃

൱ (I.17)
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 Linear velocity :

The linear velocity in the inertia frame represented by this formula:

𝜈𝑒 = 𝑅 × 𝜈𝑏 (I.18)

 The forces :

The coaxial octorotor is subjected to multiple interacting forces that define its motion and

stability. Gravity acts constantly on the vehicle’s center of mass, pulling it downward. To

counter this, each rotor generates lift forces, which are perpendicular to the rotor plane and

proportional to the square of the rotor’s angular speed, enabling vertical takeoff and hovering.

During horizontal translation along the X and Y axes, aerodynamic drag forces oppose motion,

while additional rotor drag arises from air resistance on the blades.

 Gravity forces :

𝐹𝑔 = ൥
0
0

−𝑚𝑔
൩ (I.19)

Where g is the gravity and m the coaxial octorotor mass.

 Lift Forces :

It is the perpendicular forces to the rotors which is generated by the rotation of the rotors.

𝐹𝑖 = 𝑏𝜔𝑖
2 (I.20)

Lift forces matrix is:

𝐹𝐿 = 𝑅 × ൥
0
0

∑ 𝐹𝑖8
𝑖=1

൩ (I.21)

Where the rotor number and b isis the lift coefficient and ω is the angular velocity of the

rotor.

 Drag Forces :

It is the forces generated when the octorotor is moving in both axis x and y axis which is

related to the linear velocity. Also there is a drag force affect the rotor blade which is related to

the air density and the blades fabrication.

𝐹𝑟 = 𝑑𝜔2 (I.22)

𝐹𝜈 = 𝐾𝑑𝜈 (I.23)
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Where d is the drag coefficient; is the translational movement drag coefficient.

 The moments of the octorotor :

Are the movements that the octorotor can do which is related to the forces. From figure

I.4 we can see that the octorotor has 3 moments which is:

 Pitch moment which produced by the difference between rotors 3, 4 and 7, 8.

Figure I.5 Pitch moment

 Roll moment which produced by the difference between the rotors 1, 2 and 5, 6.

Figure I.6 Roll moment

 Yaw moment which produced by the difference between the coaxial rotors.



Chapter I                                                                Dynamic Modeling of the Coaxial Octorotor

Page 16

Figure I.7 yaw moment

Now the moment’s vector :

𝑀𝐿 =

⎣
⎢
⎢
⎢
⎡𝑙

√2
2
(−𝐹1 − 𝐹2 − 𝐹3 − 𝐹4 + 𝐹5 + 𝐹6 + 𝐹7 + 𝐹8)

𝑙 √2
2
(−𝐹1 − 𝐹2 + 𝐹3 + 𝐹4 + 𝐹5 + 𝐹6 − 𝐹7 − 𝐹8)

𝑑(𝐹2 + 𝐹3 + 𝐹6 + 𝐹7− 𝐹1 − 𝐹4 − 𝐹5− 𝐹8)⎦
⎥
⎥
⎥
⎤

(I.24)

is the length between the centre of mass and the rotor.

 Friction moment :

𝑀𝑓 = ൥
𝐾4 0 0
0 𝐾5 0
0 0 𝐾6

൩ ቎
𝜑2

𝜃2

𝜓2
቏ (I.25)

 Gyroscopic Effect :

It’s a phenomenon that affects the rotating objects, the gyroscopic effect produces when

we apply a force on rotating object. There are two moments of the gyroscopic effect on the

octorotor, which is applied to the rotor and the octorotor movement .

𝑀𝑔𝑟 = ∑ Ω⋀𝐽𝑟[0 0 (−1)𝑖+1𝜔𝑖]8
1 (I.26)

𝑀𝑔𝑏 = Ω⋀𝐽Ω (I.27)

Where Jr andJis the rotor and octorotor inertia, and Ω is the angular velocity.
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I.3.2 Dynamic Model Developpment

The dynamic model developed using Newton-Euler formula.The equations is writing as

follow:

൞
𝜉̇ = 𝜈

𝑚𝜉̈ = 𝐹𝑔 + 𝐹𝐿 + 𝐹𝑣
𝐽Ω̇ = −𝑀𝑔𝑏 + 𝑀𝐿 −𝑀𝑔𝑟 −𝑀𝑓

̇
� (I.28)

Where is the octorotor mass, because we supposed that the octorotor is symmetrical

the inertia matrix is diagonal.

𝐽 = ቎
𝐼𝑥 0 0
0 𝐼𝑦 0
0 0 𝐼𝑧

቏ (I.29)

In case of small angles, we can write:

Ω = ൣ𝜑̇ 𝜃̇ 𝜓̇൧𝑇 (I.30)

The drag coefficient matrix that applied to X, Y and Z.

𝐹𝑣 = ൥
−𝐾1 0 0

0 −𝐾2 0
0 0 −𝐾3

൩ ∗ 𝜈 (I.31)

Now by applying (I.19), (I.21), (I.22) and  (I.23), (I.24), (I.25), (I.26), (I.27), (I.29),

(I.30), (I.31) in the formula (I.28) we get the final model.

⎩
⎪
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎪
⎧ 𝑥̈ = 𝑢𝑥 −

𝐾1
𝑚
𝑥̇

𝑦̈ = 𝑢𝑦 −
𝐾2
𝑚
𝑦̇

𝑧̈ = cos 𝜑 cos 𝜃
𝑚

𝑢1 −
𝐾3
𝑚
𝑧̇ − 𝑔

𝜑̈ = ൫𝐼𝑦−𝐼𝑧൯
𝐼𝑥

𝜃̇𝜓̇ − 𝐾4
𝐼𝑥
𝜑̇2 − 𝐽𝑟Ωഥ

𝐼𝑥
𝜃̇ + 1

𝐼𝑥
𝑢2

𝜃̈ = (𝐼𝑧−𝐼𝑥 )
𝐼𝑦

𝜑̇𝜓̇ − 𝐾5
𝐼𝑦
𝜃̇2 − 𝐽𝑟Ωഥ

𝐼𝑦
𝜑̇ + 1

𝐼𝑦
𝑢3

𝜓̈ = ൫𝐼𝑥−𝐼𝑦 ൯
𝐼𝑧

𝜃̇𝜑̇ − 𝐾6
𝐼𝑧
𝜓̇2 + 1

𝐼𝑧
𝑢4

� (I.32)

Where , defined as:

𝑢𝑥 = 𝑢1
𝑚
(cos𝜑 sin𝜃 cos𝜓 + sin𝜑 sin𝜓) (I.33)

𝑢𝑦 = 𝑢1
𝑚
(cos𝜑 sin𝜃 cos𝜓 − sin𝜑 sin𝜓) (I.34)
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Ωഥ = [𝜔1−𝜔2+𝜔3−𝜔4+𝜔5−𝜔6+𝜔7 − 𝜔8] (I.35)

And 𝑢1, 𝑢2, 𝑢3, 𝑢4 represent the moments.

⎩
⎨

⎧
𝑢1 = (𝐹1 + 𝐹2 + 𝐹3 + 𝐹4 + 𝐹5 + 𝐹6 + 𝐹7 + 𝐹8)

𝑢2 = 𝑐(−𝐹1 − 𝐹2 − 𝐹3 − 𝐹4 + 𝐹5 + 𝐹6 + 𝐹7 + 𝐹8)
𝑢3 = 𝑐(−𝐹1 − 𝐹2 + 𝐹3 + 𝐹4 + 𝐹5 + 𝐹6 − 𝐹7 − 𝐹8)
𝑢4 = 𝑑(−𝐹1 + 𝐹2 + 𝐹3 − 𝐹4 − 𝐹5 + 𝐹6 + 𝐹7 − 𝐹8)

� (I.36)

These moments are assembled in the vector . Which considered as system input and the

vector considered as the system output.

𝑢 = [𝑢1 𝑢2 𝑢3 𝑢4]𝑇 (I.37)

𝑦 = [𝑥 𝑦 𝑧 𝜑 𝜃 𝜓]𝑇 (I.38)

The final dynamic model of the octorotor  is nonlinear system with high coupling and its

control is a challenge.

I.3.3 State Space Model

Now we will rewrite the previous dynamic model in state space form and we chose the

state vector as follows:

𝑥̇ = [𝑥1 𝑥2 𝑥3 𝑥4 𝑥5 𝑥6̇ 𝑥7 𝑥8̇ 𝑥9 𝑥10̇ 𝑥11 𝑥12] (I.39)

𝑥̇ = [𝑥 𝑥̇ 𝑦 𝑦̇ 𝑧 𝑧̇ 𝜑 𝜑̇ 𝜃 𝜃̇ 𝜓 𝜓̇] (I.40)

⎩
⎪
⎪
⎪
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎪
⎪
⎪
⎧

𝑥̇1 = 𝑥2
𝑥̇2 = 𝑎1𝑥4𝑥6 + 𝑎2𝑥2

2 + 𝑎3Ωഥ𝑥4 + 𝑏1𝑢2
𝑥̇3 = 𝑥4

𝑥̇4 = 𝑎4𝑥2𝑥6 + 𝑎5𝑥4
2 + 𝑎6Ωഥ𝑥2 + 𝑏2𝑢3

𝑥̇5 = 𝑥6
𝑥̇6 = 𝑎7𝑥2𝑥4 + 𝑎8𝑥6

2 + 𝑏3𝑢4
𝑥̇7 = 𝑥8

𝑥̇8 = 𝑎9𝑥8 + 1
𝑚
𝑢𝑥𝑢1

𝑥̇9 = 𝑥10

𝑥̇10 = 𝑎10𝑥10 + 1
𝑚
𝑢𝑦𝑢1

𝑥̇11 = 𝑥12

𝑥̇12 = 𝑎11𝑥12 + cos 𝜃 cos 𝜑
𝑚

𝑢1 − 𝑔

� (I.41)
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With :

⎩
⎪⎪
⎨

⎪⎪
⎧𝑎1 = ൫𝐼𝑦−𝐼𝑧൯

𝐼𝑥
,𝑎2 = 𝐾4

𝐼𝑥
,𝑎3 = − 𝐽𝑟

𝐼𝑥
, 𝑏1 = 1

𝐼𝑥
,

𝑎4 = (𝐼𝑧−𝐼𝑥 )
𝐼𝑦

,𝑎5 = 𝐾5
𝐼𝑦

,𝑎6 = − 𝐽𝑟
𝐼𝑦

, 𝑏2 = 1
𝐼𝑦

𝑎7 = ൫𝐼𝑥−𝐼𝑦 ൯
𝐼𝑧

, 𝑎8 = 𝐾6
𝐼𝑧

, 𝑏3 = 1
𝐼𝑧

𝑎9 = − 𝐾1
𝑚

, 𝑎10 = − 𝐾2
𝑚

,𝑎11 = − 𝐾3
𝑚

� (I.42)

I.3.4 Rotor Dynamics

The rotor is a blade rotated by a dc motor. The dc motor is guided using the following

dynamics:

൞
𝑉 = 𝑟. 𝑖 + 𝐿 𝑑𝑖

𝑑𝑡
+ 𝐾𝑒 .𝜔𝑖

𝐾𝑚 = 𝐽𝑟 + 𝐶𝑠 + 𝐾𝑟 .𝜔𝑖
2

𝐽𝜔𝑖̇ = 𝜏𝑚 − 𝑄𝑖 − 𝐶𝑠

� (I.43)

From equations in formula (I.43) and by neglecting the inductance of the motor because

of its small size we can derive the motor dynamic equation as follow:

𝜔̇ = 𝐾𝑚
𝑟 .𝐽𝑟

.𝑉 − 𝐾𝑚 .𝐾𝑒
𝑟 .𝐽𝑟

.𝜔𝑖 −
𝐾𝑟
𝐽𝑟

.𝜔𝑖
2 − 𝐶𝑠

𝐽𝑟
(I.44)

I.4 Dynamic model evaluation
We evaluated the dynamic model of the coaxial octorotor in MATLAB/Simulink using

the simulation parameters listed in Table I.2. The results are presented in Figures I.8, I.9, and

I.10. Figure I.8 shows the pitch, roll, and yaw responses, while Figure I.9 displays the input

control signals. Figure I.10 illustrates the full trajectory followed during the simulation.Looking

at these figures, we can see that the developed dynamic model is stable and responds well to the

input control signals. However, the control signals do suffer from chattering, which affects both

performance and trajectory tracking to some extent.
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Table I.2 Simulation parameters [55]

Figure I.8 Angles response

𝑏 2.9842 × 10−5𝑁.
𝑚
𝑟𝑎𝑑

/𝑠

𝑑 2.2320 × 10−7𝑁.
𝑚
𝑟𝑎𝑑

/𝑠

𝐾1,𝐾2,𝐾3 (5.5670, 5.5670, 6.3540)
× 10−2𝑁.

𝑚
𝑟𝑎𝑑

/𝑠
𝐾4,𝐾5,𝐾6 (5.5670, 5.5670, 6.3540)

× 10−2𝑁.
𝑚
𝑟𝑎𝑑

/𝑠
𝐽𝑟 2.8385 × 10−5𝑁.

𝑚
𝑟𝑎𝑑

/𝑠2

𝐼𝑥 , 𝐼𝑦 , 𝐼𝑧 (4.2, 4.2, 7.5) × 10−2𝑁.
𝑚
𝑟𝑎𝑑

/𝑠2

𝑚 1.6 𝐾𝑔
𝑙 0.23 𝑚
𝐾𝑚 5 × 10−5

𝐾𝑟 7 × 10−7

𝐶𝑠 2.33 × 10−2

𝐾𝑒 3 × 10−5
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Figure I.9 Control signals

Figure I.10 The full simulation trajectory
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I.5 Conclusion
This chapter has provided a comprehensive introduction to Unmanned Aerial Vehicles

(UAVs), with a specific focus on multi-rotor systems and the coaxial octorotor configuration.

The classification of UAVs into fixed-wing and rotary-wing categories highlighted the distinct

advantages and limitations of each type, contextualizing the relevance of multi-rotor

UAVsparticularly octorotors for applications requiring stability, payload capacity, and fault

tolerance.The dynamic modeling of the coaxial octorotor was developed using the Newton-

Euler formalism, accounting for key physical phenomena such as lift and drag forces,

gyroscopic effects, rotor dynamics, and aerodynamic friction. A full six-degree-of-freedom

(6DOF) nonlinear model was derived, capturing the strong coupling between translational and

rotational motions. The model was further expressed in state-space form to facilitate control

design and simulation.The evaluation of the dynamic model in MATLAB/Simulink

demonstrated its validity and readiness for use in control system development. Simulation

results confirmed the expected behavior of the system under typical input signals, showing

stable responses in attitude angles (pitch, roll, yaw) and trajectory tracking.This foundational

model sets the stage for the design and implementation of advanced control strategies, which

will be addressed in subsequent chapters to enhance the performance, robustness, and

autonomy of coaxial octorotor systems in real-world applications.
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II.1 Introduction
Coaxial octorotor UAVs are increasingly being utilized in various fields such as

surveillance, defense, agriculture, and delivery services. Due to their diverse application

domains, these UAVs exist in multiple configurations, ranging from compact models to larger

platforms capable of carrying payloads, cameras, or even weapon systems. Additionally, their

design provides enhanced rotor redundancy, which improves reliability. However, these

advantages also introduce significant control challenges. The system exhibits high

nonlinearity and strong coupling between parameters, making it difficult to achieve stable and

precise control using conventional controllers.

Addressing these challenge using the fuzzy logic controllers (FLC) is a well studied

topic in many researches as [33] and [55]. The FLC give better performances and esiest

application than the conventional methods for this type of dynamic models, the  FLC don’t

need well knowed dynamic model [7] instead need the human expertise described using the

linguistic rules and membership functions which make it more suitable for addressing

nonlinearities and uncertainties [14].

In this chapter, we provide a brief overview of fuzzy logic, the mathematical

foundations of fuzzy set theory, and fuzzy inference systems. We then present the structure of

fuzzy controllers that uesd to control the coaxial cotorotor. And in the last we will evaluate

the designed controllers in path tracking task under external disturbances.

II.2 Fuzzy logic and Fuzzy sets
The fuzzy logic considred as an extension of bolean logic where he can mebershipe

values from 0 to 1 for linguistic variables which are functions of the input or output values. In

this section we introduce the fundamental properties of classical sets and fuzzy sets[56,57,58].

II.2.1 Fundamental Concept of a Fuzzy Set :

The main difference between the classical set and fuzzy set presented in figure II.1

where the classical set (Figure II.1(a)) is defined by a characteristic function, denoted as

μA(x), such that:

𝑈𝐴(𝑥) = ቄ1, 𝑥 ∈ 𝐴
0, 𝑥 ∉ 𝐴

� (II.1)
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The fundamental concept of fuzzy set theory is the notion of a fuzzy subset. This

concept arises from the observation that “very often, the classes of objects encountered in the

physical world do not possess well-defined membership criteria.”

Let U be a collection of objects (for example, U=Rn), referred to as the universe of

discourse. A fuzzy set A in U is characterized by a membership function, denoted as

μA(x):U→[0,1], which assigns to each element x ∈ U a degree of membership μA(x)

indicating the extent to which x belongs to A (see Figure II.1(b)). A fuzzy set can thus be

regarded as a generalization of a classical set. In contrast, the membership function of a

classical set can only take two values: {0, 1}.

𝐴 = {𝑥,𝑢𝐴(𝑥)/𝑥 ∈ 𝑈} (II.2)

Figure II.1 Examples of membership functions (a) classical logic (b) fuzzy logic

II.2.2 Membershipe function :

A fuzzy set A defined on a universe of discourse U (which may consist of discrete or

continuous elements) is characterized by its membership function. This function specifies the

degree of membership of an element x to the set A [59-61]. Figuer II.1 presents the different

types of the membership functions.

 Triangular :

The triangular membership function is defined by three parameters {a,b,c}, which

determine the coordinates of the three vertices (Figure II.2(a)):

𝑢𝐴(𝑥) = 𝑚𝑎𝑥 ቂ𝑚𝑖𝑛 ቂ𝑥−𝑎
𝑏−𝑎

, 𝑐−𝑥
𝑐−𝑏

ቃ , 0ቃ (II.3)
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 Trapezoidal :

The trapezoidal membership function is defined by four parameters {a,b,c,d},which

specify the coordinates of its vertices (Figure II.2(b)):

𝑢𝐴(𝑥) = 𝑚𝑎𝑥 ቂ𝑚𝑖𝑛 ቂ𝑥−𝑎
𝑏−𝑎

, 1, 𝑐−𝑥
𝑐−𝑑

ቃ , 0ቃ (II.4)

 Gaussian :

The Gaussian membership function is defined by two parameters {m,σ}, representing

the mean and standard deviation (Figure II.2(c)):

𝑢𝐴(𝑥) = 𝑒𝑥𝑝 ቄ− (𝑥−𝑚)2

2𝜎2 ቅ (II.5)

 Sigmoid :

A sigmoid membership function is defined by two parameters{a,c} (Figure II.2(d)):

𝑢𝐴 = 1
1+𝑒𝑥𝑝 {−𝑎(𝑥−𝑐)}

(II.6)

Figure II.2 Membershipe functions examples
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 Linguistic varibales :

The membershipe functions used to define the linguistic variables which are defined as

a set of terms that describe the same concept but at different degrees. This set may be finite or

infinite, and each linguistic variable represents a particular state of the system to be controlled

[60]. According to fuzzy set theory, a linguistic variable is expressed through linguistic terms

such as Small, Medium, Large, and each linguistic term defined using a membership function

[61] as seen in figure II.3.

Figure II.3 Linguistic variable example

II.2.3 Rule base :

In general, fuzzy rules are expressed in the form of “IF–THEN” statements. They

establish the relationship between input and output variables. A fuzzy rule can thus be written

in the following form :

IF x is A Then y is B

Fuzzy rules may be simple, with a single antecedent and a single consequent, or

compound, involving the conjunction of multiple premises. A compound rule takes the

following form:

R: IF x1 is A1 and x2 is A2 and . . . andxnisAnThen y is B

II.3 Fuzzy inference system (FIS)

A Fuzzy Inference System (FIS) aims to transform input data into output data by

evaluating a set of rules that link the two. The input variables are obtained through the process

Antecedents Conjunction Implication Conclusion
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of fuzzification, while the rule base is defined using expert knowledge. As illustrated in

Figure II.4, the FIS is composed of three main stages: (a) Fuzzification, (b) Inference Engine,

and (c) Defuzzification [62].

Figure II.4 FIS structure

II.3.1 Fuzzy inference engine

A Mamdani fuzzy rule base is composed of linguistic rules that employ membership

functions to describe the underlying concepts. The inference mechanism built upon this

structure involves the following steps [61].

 Fuzzification :

It evaluates the membership functions used in the predicates of the rules.

Example :If “pressure is high” AND “time is long” THEN “valve opening is large.”

Figure II.5 Fuzzification steps
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 Rule activation degree :

The degree of activation of a rule corresponds to the evaluation of its antecedent

(predicate). It is obtained by applying logical combination operators to the membership values

of the propositions contained in the predicate.

Figure II.6 Rule activation degree

 Aggregation :

the overall fuzzy output set is constructed by aggregating the fuzzy sets produced by

each rule that contributes to this output. When multiple rules affect the same output variable,

their effects are combined using a logical OR operator. In practice, this corresponds to taking

the maximum of the resulting membership functions from each rule:

𝑢𝐵(𝑦) = max(𝑢𝐵1(𝑦),𝑢𝐵2(𝑦), …𝑢𝐵𝑛(𝑦)) (II.7)

Figure II.7 Rule aggregation
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 Defuzzification :

Defuzzification is the final stage of the fuzzy inference process, in which the aggregated

fuzzy output set is transformed into a single crisp numerical value suitable for system control.

Since real-world actuators require precise inputs, this step ensures that the fuzzy reasoning

process produces an actionable command. Several defuzzification methods exist, the most

common being:

o Centroid (center of gravity) :

The most widely used method, which computes the center of mass of the aggregated

fuzzy set:

(II.8)

o Bisector of area :

This method finds the value y∗ such that the area under the aggregated membership

function is divided into two equal parts:

(II.9)

o Mean of Maximum (MOM) :

Takes the average of all values that reach the maximum membership degree:

(II.10)

o Smallest of Maximum (SOM) :

Selects the smallest value among those that achieve the maximum membership degree:

(II.11)

o Largest of Maximum (LOM) :

Selects the largest value among those that achieve the maximum membership degree:

(II.12)
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II.3.2 Fuzzy inference engine types

There are tow main inference models dominate fuzzy logic applications: the Mamdani

model, which uses fuzzy sets in both antecedents and consequents and requires

defuzzification, and the Takagi–Sugeno–Kang (TSK) model, where the consequents are crisp

functions of the inputs, allowing more efficient computation. While Mamdani systems are

intuitive and interpretable, TSK systems are favored for real-time control and adaptive

applications due to their accuracy and efficiency see table II.1.

Table II.1 Mamdani vs TSK(Takagi-sugeno-kang)

Aspect Mamdani Model TSK (Sugeno–Kang) Model
Rule Structure IFx is A1 AND … ANDxnisAn

THEN yisB (fuzzy set)
IF x is A1AND … ANDxn is An
THENy=f(x1,...,xn) (crisp function)

Consequent Fuzzy set described by
membership function

Crisp function (usually linear or
constant)

Output Form Aggregated fuzzy set that
requires defuzzification

Direct crisp value obtained by
weighted average of rules

Defuzzification Mandatory (e.g., Centroid,
MOM, Bisector)

Not necessary (output is already crisp)

Interpretability High – rules expressed in
linguistic terms (e.g.,
“Temperature is High”)

Lower – consequents expressed as
mathematical functions

Computational
Cost

Higher – requires fuzzification,
aggregation, and defuzzification

Lower – avoids complex
defuzzification

Accuracy Moderate – good for qualitative
reasoning

Higher – suitable for optimization,
modeling, and adaptive control

Applications Human-like reasoning, expert
systems, decision support

Real-time control, adaptive systems,
neuro-fuzzy models, optimization
problems

II.4 Type 1 mamdani fuzzy logic controller design
Fuzzy logic-based control techniques provide a robust framework for autonomous

UAVs, offering effective means to handle and mitigate motion uncertainties. This section

outlines the development process of an advanced control strategy for a coaxial octorotor

UAV, employing a fuzzy logic controller.

II.4.1 Control methodology

The octorotor model under study is decomposed into four main subsystems: altitude,

pitch, roll, and yaw. The altitude and yaw dynamics are each regulated by a dedicated fuzzy

logic controller (FLC1, FLC2, FLC3, and FLC4), following the same control structure. In
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contrast, the pitch and roll subsystems are organized into cascaded loops, where the outer loop

governs position while the inner loop regulates the angular variable. To achieve this structure,

two additional fuzzy logic controllers are employed for these subsystems (FLC5 and FLC6)

[63] see figure II.8.

Figure II.8 The control methodology

II.4.2 FLC design

Each subsystem is controlled by a Type-1 Mamdani fuzzy logic controller (FLC) with

an identical structure. For every controller, the input variables are defined as the error and its

time derivative, while the single output variable corresponds to the control moment generated

for the coaxial octorotor [63].

II.4.2.1 Fuzzification

Based on both operator expertise and insights from the literature on fuzzy logic theory,

five triangular membership functions are considered sufficient. These functions are applied
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uniformly to all input and output variables of the fuzzy inference systems with different

ranges [63] see figure II.9.

Figure II.9 Input and output variables membership functions

As in figure II.9 the membership functions named (BN): big negative, (MN): medium

negative , (NZ): near zero, (MP): medium positive and (BP): Big positive.

II.4.2.2 Rule base :
To ensure a correct inference mechanism within the fuzzy logic theory, the implication

method of the fuzzy rule base is selected according to the operator’s expertise and knowledge

of the process behavior. At each time step, the controller aims to minimize the error between

the measured variables and their corresponding reference set points. In this case study, the

adopted fuzzy rule base is formulated as follows [63]:

If e is BN and de is BN, then u is BN

The membership functions are denoted as AN, BN, and CN, where e and de represent

the input variables and u corresponds to the output variable. The complete fuzzy rule base is

summarized in Table II.2 and the rule surface in figure II.10.

Table II.2 Rule base

E            DE BN MN NZ MP BP
BN BN MN BP MN BN
MN MN MN MN NZ MN
NZ MN MN NZ MP MP
MP NZ NZ MP BP MP
BP MP MP BP BP BP
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Figure II.10 Rule surface

 Rule activation :

o AND method (minimum operator):

In fuzzy logic, the logical conjunction AND between two fuzzy sets A and B is most

commonly implemented using the minimum operator:

𝛼 = min(𝑢𝐵𝑁(𝑑𝑒),𝑢𝐵𝑁(𝑒)) (II.13)

This ensures that the combined truth degree of the antecedents is bounded by the least

confident membership.

o Implication (minimum method):

The implication step maps the degree of truth of the rule’s antecedent to its consequent.

In Mamdani inference, this is often realized by truncating the output membership function

using the minimum operator:

𝑢𝐵𝑁ሗ (𝑢) = min(𝛼, 𝑢𝐵𝑁(𝑢)) (II.14)

II.4.2.3 Aggregation

 Maximum operator :

When multiple rules contribute to the same output variable, their fuzzy outputs must be

combined into a single fuzzy set. The most widely used method is the maximum operator:
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𝑢𝐵(𝑢) = max(𝑢𝐵𝑁(𝑢),𝑢𝑀𝑁(𝑢),𝑢𝑁𝑍(𝑢),𝑢𝑀𝑃(𝑢),𝑢𝐵𝑃(𝑢)) (II.15)

This ensures that the overall fuzzy output reflects the strongest contribution among the

activated rules.

II.4.2.4 Defuzzification

 Center of gravity :

Defuzzification converts the aggregated fuzzy output into a crisp control signal. The

most common approach is the centroid (center of gravity) method, which computes the

balance point of the fuzzy set:

𝑦∗ = ∑ 𝑢𝑖𝑢𝐵 (𝑢𝑖)𝑛
𝑖=1
∑ 𝑢𝐵 (𝑢𝑖)𝑛
𝑖=1

(II.16)

II.5 Simulation and results

In this section, we present the results of the simulation of the fuzzy logic controller in

matlabsimulink. The results presents the path-tracking performance with the robustness test

under externally applied disturbances. After implementing the proposed fuzzy controller on

the four subsystems (pitch, roll, position and yaw )the following observations were presented

in figures II.11, II.12 and II.13 for the angles subsystems and figures II.14, II.15 for the

overall trajectory and the robustness test in the pitch subsystem.The measured (real) responses

closely match the desired reference values, demonstrating a high degree of tracking accuracy

across all variables. The tracking error remains near zero, which confirms the effectiveness of

the fuzzy controllers in regulating the pitch, roll, and yaw angles. This highlights the

capability of the proposed control strategy to accurately guide the UAV along the prescribed

reference trajectory. Furthermore, the position responses of the coaxial octorotor (X,Y,Z)

relative to their corresponding reference trajectories (Xd,Yd,Zd) are illustrated as two three-

dimensional paths in figure II.14.
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Figure II.11 Pitch subsystem response

Figure II.12 Roll subsystem response

Figure II.13 Yaw subsystem response



Chapter II Fuzzy Logic Controller Design for the Coaxial Octorotor

Page 36

Figure II.14 The full trajectory

Figure II.15 shows the variation of the X-position under external disturbances applied in

the pitch angle subsystem, evaluating the robustness of the proposed control strategy using

fuzzy logic controller. The disturbance was modeled as a step signal corresponding to a

0.2 rad disturbance applied for a duration of 2 seconds at the time instant t=40s. As shown in

the illustrated in figure II.15, the control system successfully compensates for the disturbance,

guiding the UAV back to its reference trajectory with minimal delay. The system achieves

recovery within approximately 5 seconds, thereby demonstrating the octorotor’s capability to

maintain stable flight and achieve accurate tracking performance despite external

perturbations.

Figure II.15 Robustness test
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II.6 Conclusion

In this chapter, the design and implementation of a Type-1 Mamdani fuzzy logic

controller for the coaxial octorotor UAV were presented. A theoretical overview of fuzzy set

theory and fuzzy inference systems was first introduced, including fuzzification, rule base

construction, aggregation, and defuzzification methods. Both Mamdani and Takagi–Sugeno–

Kang (TSK) inference models were discussed, highlighting their differences in terms of

interpretability, computational complexity, and applicability to real-time control.

The proposed control methodology was then applied to the four main subsystems of the

octorotoraltitude, pitch, roll, and yaw. Each subsystem was controlled by a fuzzy logic

controller with two input variables (error and error derivative) and one output variable

(control moment). Five triangular membership functions were adopted for both inputs and

outputs, and the fuzzy rule base was defined using operator expertise and system behavior.

The inference mechanism was based on the minimum operator for implication and the

maximum operator for aggregation, while defuzzification was performed using the centroid

method.

Simulation results demonstrated the effectiveness of the proposed fuzzy controllers in

ensuring accurate path tracking and robust performance under external disturbances. The

measured responses closely followed the reference trajectories with minimal error, and the

system exhibited rapid recovery from disturbances applied to the pitch subsystem, regaining

stability within a few seconds. These findings validate the ability of fuzzy logic controllers to

handle the nonlinearities and strong couplings inherent in the octorotor dynamics, while

providing smooth and reliable control.

This chapter establishes the fuzzy logic controller as a powerful approach for the control

of coaxial octorotor UAVs, laying the foundation for further enhancements, such as hybrid

intelligent controllers or adaptive fuzzy-neural approaches, which will be explored in

subsequent chapters.
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III.1 Introduction

Unmanned Aerial Vehicles (UAVs) have become indispensable platforms in a wide

range of civilian and industrial applications, including aerial surveillance, mapping,

environmental monitoring, and logistics operations. Among various UAV configurations,

multi-rotor systems, and particularly coaxial octorotors, offer remarkable advantages in terms

of stability, payload capacity, and maneuverability, thanks to their symmetrical thrust

distribution and compact geometry. Despite these benefits, their control remains a complex

task due to nonlinear dynamics, actuator coupling, and external disturbance sensitivity [64]

Classical linear controllers such as PID schemes can achieve acceptable performance in

near-hover or low-disturbance conditions but often fail under aggressive maneuvers or

parameter variations [22,23]. To address these challenges, nonlinear control strategies such as

Sliding Mode Control (SMC) and Fuzzy Logic Control (FLC) have gained increasing

attention in UAV research. Recent studies show that SMC provides excellent robustness

against model uncertainties and external perturbations but suffers from high-frequency

chattering [65]. Conversely, FLC offers smooth and adaptive control but may lose

performance if not properly tuned for nonlinear dynamics [66].

To exploit the strengths of both paradigms, researchers have proposed hybrid fuzzy–

sliding mode control structures that combine the robustness of SMC with the adaptability of

fuzzy inference. For instance, [67] developed an Adaptive Neuro-Fuzzy Inference System

integrated with SMC to enhance trajectory tracking under external disturbances. Similarly,

[68] introduced a global fast terminal fuzzy sliding-mode controller using a neural-network-

based structure to improve convergence speed and reduce control chattering. In related work,

[69] applied a fuzzy-logic-based adaptive control strategy to a coaxial octorotor UAV,

demonstrating improved robustness and flight stability compared to conventional methods.

Building on these advances, this research focuses on the design and comparative

analysis of three fuzzy-based nonlinear controllers for a six-degree-of-freedom (6-DOF)

coaxial octorotor UAV. The investigated controllers are the Fuzzy PD Controller (FPDC), the

Sliding-Mode PID (SMC-PID), and the Fuzzy Sliding Mode Controller (FSMC). A complete

nonlinear dynamic model of the octorotor is employed to simulate and evaluate their

performance in altitude and attitude control during rectangular and circular trajectory tracking

scenarios.
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The rest of this chapter is organized into several main sections. The second section

presents the fundamental principles of Sliding Mode Control (SMC), providing the theoretical

background necessary for understanding its application to UAV systems. The third section

describes the design procedure of the SMC-PID controller, followed by the forth section,

which details the development of the Fuzzy PD Controller (FPDC). The fivth section focuses

on the design methodology of the Fuzzy Sliding Mode Controller (FSMC), emphasizing the

integration of fuzzy inference with the sliding mode framework. The sixth section outlines the

simulation scenarios, including trajectory-tracking experiments and external disturbance tests,

followed by a comprehensive results analysis and comparative evaluation using standard error

performance indices. Finally, the last section summarizes the key findings and presents the

concluding remarks of the chapter.

III.2 Sliding mode controller

Sliding Mode Control (SMC) is a nonlinear, discontinuous control strategy that belongs

to the family of Variable Structure Control Systems (VSCS). It was pioneered in the Soviet

Union in the 1950s and formally developed by Utkin in the 1970s [64]. Its core strength lies

in robustness: once the system states are confined to a sliding surface, the resulting closed-

loop dynamics are invariant to matched disturbances and model uncertainties [65].

The principle of SMC is to design a control law that forces the system state trajectory

onto a pre-defined manifold (the sliding surface) and maintains it there despite uncertainties.

This yields a two-phase behavior:

1. Reaching phase – the trajectory is driven toward the sliding surface.

2. Sliding phase – the trajectory evolves along the surface according to reduced-order

dynamics.

III.2.1 Fundamental of SMC

Consider a nonlinear dynamic system:

ẋ(t) = f(x,t) + B(x,t)u(t) + d(t) (III.1)

where:

- x(t) ∈ ℝⁿ is the state vector,
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- f(x,t) is the known nominal dynamics,

- B(x,t) is the input distribution matrix,

- u(t) is the control input,

- d(t) is the matched disturbance.

The objective of SMC is to design u(t) such that the trajectory reaches the sliding

surface in finite time and remains on it thereafter.

III 2.2 Sliding surface

The sliding surface is a manifold in state space that encodes the desired closed-loop

dynamics. For regulation or tracking problems, a common choice is:

s(x,t) = ė(t) + λ e(t)| (III.2)

where e(t) = xd(t)- xm(t) is the tracking error and λ> 0 is a tuning parameter.

- When s=0, the system error follows:

ė(t) + λ e(t) = 0 (III.3)

ensuringexponential convergence to zero.

Figure III.1 Sliding surface diagram



Chapter III Hybrid Control Strategies for the Coaxial Octorotor

Page 42

III.2.3 Reaching surface and control law

The control law must guarantee finite-time convergence of trajectories to the sliding

surface.

A Lyapunov candidate function is chosen:

V(s) = 1/2 s² (III.4)

Its derivative:

Ṽ(s) = s ṡ (III.5)

To ensure stability, the sliding condition is imposed:

s ṡ ≤ -η |s|  withη> 0 (III.6)

A typical discontinuous control law is:

u(t) = ueq(t) – K.sign(s) (III.7)

- ueq: equivalent control, ensuring motion along the surface.

- K.sign(s): discontinuous term, forcing convergence to the surface.

Figure III.2 Reaching surface diagram
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III.2.4 Sliding dynamics

Once the system trajectory is constrained to s=0, the dynamics reduce to:

ẋ(t) = f(x,t) + B(x,t)ueq(t) (III.8)

The disturbance d(t) is canceled, yielding robustness against matched uncertainties [66].

Figure III.3 Sliding dynamics

III.2.5 Chattering effect

In practice, ideal discontinuous control is impossible due to actuator bandwidth limits

and unmodeled dynamics. This leads to chattering high-frequency oscillations around the

sliding surface [67].

 Consequences:

o Increased wear in actuators,

o Excitation of unmodeled high-frequency dynamics,

o Reduced system efficiency.

 Mitigation strategies:

o Boundary layer method: replacing sign(s) with sat(s/φ),

o Higher-Order Sliding Modes (HOSM),

o Adaptive and observer-based methods [68].
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Figure III.4 Chattering effect

Figure III.5 Classical SMC vs higher order SMC

III.3 Sliding Mode-PID controller (SMC-PID)

A first-order sliding mode controller is applied to the octorotor subsystems: altitude,

pitch, roll, and yaw. Whereas, for steering x and y subsystems, conventional PID controllers

are used to produce the desired pitch and roll. The equations (III.9) to (III.22) provide a step-

by-step description of the SMC development for each subsystem of the coaxial octorotor. The

proposed control structure that uses the SMC-PID to steer the coaxial octorotor autonomously

to accomplish the path-tracking task is presented in Figure III.6.
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III.3.1 Defining the errors and sliding surfaces for each controller

Desired states: (xd,yd,zd,ϕd,θd,ψd)

Current states : (x,y,z,ϕ,θ,ψ)

Sliding mode control parameters: (λ,K,C)

 The error for each state:

𝑒𝑥=𝑥𝑑 -𝑥𝑚 , 𝑒𝑦=𝑦𝑑 -𝑦𝑚 , 𝑒𝑧=𝑧𝑑 -𝑧𝑚 (|III.9)

𝑒𝜑=𝜑𝑑-𝜑𝑚 , 𝑒𝜃=𝜃𝑑 -𝜃𝑚 , 𝑒ψ=𝜓𝑑 -𝜓𝑚 (III.10)

 The sliding surface for each subsystem:

SZ=𝑒̇Z+λZeZ , Sϕ=𝑒̇ϕ+λϕeϕ (III.11)

Sθ=𝑒̇θ+λθeθ , Sψ=𝑒̇ψ+λψeψ (III.12)

III.3.2 Deriving the controller equation for each subsystem

 Altitude control (U1) :

- Dynamics:

z̈= cosφ cos θ
m

u1- K3
m

ż-g (III.13)

- Control input:

U1= 1
cosφ. cos θ

[K3+mg+zd̈.m+ė.c.m+sgn(s).K] (III.14)

 Pitch control (U2) :

- Dynamics:

φ̈= ൫Iy-Iz൯
Ix

θ̇ψ̇- K4
Ix
φ̇2- JrΩഥ

Iy
φ̇+ 1

Ix
u2 (|III.15)

- Control input :

U2=Ixൣėφ.c+φd̈-൫θ̇.ψ̇.A1-φ̇2.A2-A3.φ̇൯+sgn(s).K൧ (III.16)

Where

A2= K4
Ix

A1= ൫Iy-Iz൯
Ix

A3= JrΩഥ

Iy
(III.17)
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 Roll control (U3):

- Dynamics:

θ̈= ൫Iz-Ix൯
Iy

φ̇ψ̇- K5
Iy
θ̇2- JrΩഥ

Ix
θ̇+ 1

Iy
u3 (III.18)

- Control input:

U3=Iy ቂėθ.c+θd̈- ቀφ̇.ψ̇.A5-θ̇2.A6-A7.θ̇ቁ+sgn(s).Kቃ (III.19)

Where

A6= K5
Iy

A5= ൫Iz-Ix൯
Iy

A7= JrΩഥ

Ix
(III.20)

 Yaw control (U4):

- Dynamics:

ψ̈= ൫Ix-Iy൯
Iz

θ̇φ̇- K6
Iz
ψ̇2+ 1

Iz
u4 (III.21)

- Control input:

U4=Izൣėψ.c+ψd̈-൫φ̇.θ̇.A9-ψ̇2.A8൯+sgn(s).K൧ (III.22)

Where

A8= K6
Iz

A9= ൫Ix-Iy൯
Iz

(III.23)

III.3.3 PID controllers for X and Y subsystems to generate θd and ϕd:

 X position controller (Desired pitch)

θd=Kp.ey+Ki.∫ ey +Kd. dey

dt
(III.24)

 Y position controller (Desired roll)

φd=Kp.ex+Ki.∫ ex +Kd. dex
dt

(III.25)
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Figure III.6 SMC-PID control structure for the path tracking coaxial octorotor

III.4 Fuzzy Logic PD Controller (FPDC)

The second control approach proposed in this study is based on the Fuzzy Logic

Proportional Derivative Controller (FPDC), which utilizes fuzzy inference systems to enhance

the control performance of the coaxial octorotor. Fuzzy logic control has gained considerable

attention in nonlinear control applications due to its ability to handle system uncertainties and

approximate human reasoning in decision-making processes [69,70].In this control strategy,

the altitude, yaw, roll and pitch subsystems are controlled by identical fuzzy logic controllers

(FLCs), while the X and Y position subsystems are controlled using classical proportional–

derivative (PD) controllers that generate the desired pitch and roll references. These pitch and

roll references are then processed by two additional fuzzy logic controllers responsible for the

pitch and roll dynamics. Consequently, four fuzzy controllers denoted as FLC1 (altitude),

FLC2 (pitch), FLC3 (roll), and FLC4 (yaw) are implemented to achieve stable and precise
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control of the octorotor’s main dynamic loops. The overall control strategy shon in figure

III.7.

Figure III.7 FPD Ccontrol structure for the coaxial octorotor

III.4.1 Fuzzy logic controller design

III.4.1.1 Input and output variables

Each fuzzy logic controller is designed with two input variables and one output

variable. The first input variable is the error (e), representing the deviation between the

reference and actual values. It is characterized by five trapezoidal membership functions:

Negative Big (NB), Negative (N), Near Zero (NZ), Positive (P), and Positive Big (PB), as

shown in Figure III.8. The second input, the error derivative (de), captures the rate of change

of the error and is described by three Gaussian membership functions: Negative (N), Zero (Z),

and Positive (P), illustrated in Figure III.9.
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Figure III.8 The error input variable                     Figure III.9 The de input variable

The output variable corresponds to the controller’s corrective action and is defined

using five membership functions: Go Down Much (GDM), Go Down (GD), Stay (S), Go Up

(GU), and Go Up Much (GUM), as presented in Figure III.10.

Figure III.10 The output variable membership functions

III.4.1.2 Rule base and defuzzification method

The rules chosed aproprietly to approximate the humen expertise in the control of the

coaxial octorotor and the reules fired as this formula:

IF e is NB and de is N then U is GDM

The table III.1 present the rules used in the fuzzy logic controller according to the ( If

and then ) formula.

Table III.1 Fuzzy Rules

de e NB N NZ P PB

N GDM GD GD S GU

Z GUM GD S GU GUM

P GD S GU GUM GUM
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III.4.1.3 The defuzzification

The defuzzification of the output is performed using the centroid method defined by the

eqation (III.26), which provides a smooth and balanced crisp output, ensuring stable system

behavior [71,72].

𝑌∗ = ∫ 𝜇𝑢(𝑢)𝑢𝑑𝑢𝑋
∫ 𝜇𝑢 (𝑢)𝑑𝑢𝑋

(III.26)

Where 𝜇𝑢(𝑢) is the aggregated membership function of the output variable, X is the

univers of discourse and Y* is the crisp output.

III.4.2 PD controllers design

The FPDC structure integrates both fuzzy logic and classical control principles. The PD

controllersare utilized for the position (X and Y) subsystems, generating desired pitch (𝜑𝑟𝑒𝑓 )

and roll (𝜃𝑟𝑒𝑓 ) angles. These reference angles are subsequently processed by the fuzzy

controllers (FLC2 and FLC3), which adjust the actuator signals to maintain flight stability.

The PD controllers used for the X and Y are deifned in the equations III.27 and III.28.

θd=Kp.ey+Kd. dey

dt
(III.27)

φd=Kp.ex+Kd. dex
dt

(III.28)

III.5 Fuzzy sliding mode controller (FSMC)

In this section, a hybrid control approach combining Sliding Mode Control (SMC) and

Fuzzy Logic Control (FLC) is developed for the coaxial octorotor. The purpose of this

integration is to exploit the robustness of sliding mode control while mitigating its primary

drawback the chattering phenomenonthrough the adaptive and smoothing capabilities of fuzzy

logic.

Sliding Mode Control (SMC) is widely recognized for its robustness against modeling

uncertainties and external disturbances. However, the high-frequency switching characteristic

of SMC can excite unmodeled system dynamics and cause undesirable oscillations in the

actuators [73,74]. To address this limitation, fuzzy logic is introduced to generate the

switching signal in a continuous and adaptive manner, effectively reducing chattering while

preserving system robustness [75,76].
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III.5.1 The fuzzy sliding mode controller design (FSMC)

III.5.1.1 The fuzzy sliding mode concept

The design steps of the sliding controller is the same as the sliding controller design

steps defined by the equtions III.9 to III.22. for that in this subsection we will consider on the

fuzzy sliding mode concept.

The proposed controller is based on a first-order sliding mode control law, integrated

with a Type-1 Mamdani fuzzy logic controller. The fuzzy system dynamically adjusts the

switching function according to the instantaneous system states. The fuzzy logic controller

includes two sets of membership functions:

Input variable (sliding surface, Si): represented by five trapezoidal membership

functions Big Negative (BN), Negative (N), Zero (Z), Positive (P), and Big Positive (BP) as

shown in Figure III.11(a).

Output variable (control action, U): defined by five trapezoidal membership functions

Go Down Much (GDM), Go Down (GD), Stay (S), Go Up (GU), and Go Up Much (GUM)

depicted in Figure III.11(b).

The fuzzy rule base governing the relationship between Sx and U is summarized in

Table III.2. These rules are formulated to ensure smooth switching behavior near the sliding

surface, thereby reducing discontinuities in the control law.

(a)                                                (b)

Figure III.11 Input and output variables membership function
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Table III.2 Fuzzy logic rule-base

Sx BN N Z P BP

Output GDM GD S GU GUM

III.5.1.2 Fuzzy based switching generator

To reduce chattering and enhance adaptability, the discontinuous switching term of

conventional SMC is replaced by the fuzzy inference system (FIS). The fuzzy logic controller

outputs a continuous gain that modulates the switching effort depending on the magnitude of

Si. The fuzzy switching signalfor each subsystem can be expressed as:

 Altitude

USZ=Kf(SZ).K (III.29)

 Pitch

USφ=Kf(Sφ). K (III.30)

 Roll

USθ=Kf(Sθ).K (III.31)

 Yaw

USψ=Kf(Sψ). K (III.32)

Where the total control signal for each controller writon as :

 Altitude

U1=Ueq+USz (III.33)

 Pitch

U2=Ueq+USφ (III.34)

 Roll

U3=Ueq+USθ (III.35)

 Yaw

U4=Ueq+USψ (III.36)
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III.5.1.3 Controller equation for each subsystem

Substituting the equations III.28, III.29, III.30 and III.31 of the switching control action

in the total control signal equations III.32, III.33, III.34 and III.36 produces the final control

equations for each subsystem respectively as:

 Altitude subsystem:

U1= 1
cos φ. cos θ

[K3+mg+zd̈.m+ė.c.m+USZ ] (III.37)

 Pitch subsystem:

U2=Ixൣėφ.c+φd̈-൫θ̇.ψ̇.A1-φ̇2.A2൯+USφ൧ (III.38)

 Roll subsystem:

U3=Iy ቂėθ.c+θd̈- ቀφ̇.ψ̇.A5-θ̇2.A6ቁ+USθቃ (III.39)

 Yaw subsystem:

U4=Izൣėψ.c+ψd̈-൫φ̇.θ̇.A9-ψ̇2.A10൯+USψ൧ (III.40)

The X and Y position subsystems are controlled using a classical PID controller, which

generates the desired pitch and roll references. These references are subsequently used by the

FSMC to adjust the attitude and maintain spatial stability. The PID controllers defined in the

equations III.23 and III.24.

The overall control architecture is illustrated in figure III.12, showing the interaction

between the fuzzy logic units, the SMC layers, and the multirotor dynamics of the coaxial

octorotor.



Chapter III Hybrid Control Strategies for the Coaxial Octorotor

Page 54

Figure III.12 The FSMC control structure for the coaxial octorotor

This hybrid design demonstrates superior stability and robustness under uncertain

aerodynamic conditions, making it particularly suitable for multirotor UAVs like the coaxial

octorotor, where nonlinear coupling and external disturbances are dominant.

III.6 The simulation results and discussions

In this section, we will present some simulation results for the evaluation of the

proposed controllers FPDC, SMC-PID and FSMC using a MATLAB/Simulink simulation of

a 6 DOF coaxial octorotor described by the  dynamic model in chapter 1. Table III.3 shows

the parameters of the dynamic drone model. The proposed controllers are evaluated regarding

path tracking performance,the ability of each controller to steer the octorotor drone towards

the desired trajectory and to keep it near its reference coordinates.
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TableIII.3 Dynamic model parameters [55]

Parameter Simulated Value

B 2.9842×10-5N.
m
rad

/s

d 2.2320×10-7N.
m
rad

/s

K1, K2, K3 (5.5670, 5.5670, 6.3540)×10-2N.
m
rad

/s

K4, K5, K6 (5.5670, 5.5670, 6.3540)×10-2N.
m
rad

/s

Jr 2.8385×10-5N.
m
rad

/s2

Ix, Iy, Iz (4.2, 4.2, 7.5)×10-2N.
m
rad

/s2

m 1.6 Kg

l 0.23 m

III.6.1 Simulations scenarios

Two types of path tracking tasks and a robustness testapplied to evaluate the controllers

performance.

III.6.1.1 Rectangular path

This reference path starts from the origin point to reach a maximum height of 2 meters.

After that, the coaxial octorotor should move a maximum of 2 meters along the X-axis, and

then it will reach a maximum of 2 meters along the Y-axis. While the yaw angle of the coaxial

octorotor starts at 0 radians, it reaches 0.25 radians during the time range [20s, 30s] and 0.35

radians during the time range [30s, 80s]. On the other hand, the rotation finishes at 1 radian.

These movements are described using step functions for the three coordinates (x, y, z, and ψ)

Xd= ൝
1; t<20
2; 20<t<60

0.5; t>60
� (III.41)

Yd= ൝
1; t<30
2; 30<t<80

0.5; t>80
� (III.42)
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Zd= ൜2; t<80
1; t>80

� (III.43)

ψd=൞

0; t<20
0.25; 20< t<30
0.35; 30<t<80

1; t>80

� (III.44)

Where Xd,Yd,Zd and ψd are the references for the rectangular trajectory

III.6.1.2 Circular path

This reference path will force the coaxial octorotor to start from the origin point,

reaching a height of 3 meters and a maximum of 2 meters along the X-axis. At this point, the

coaxial octorotor will start rotating, forming a circular path with a diameter of 2 meters. The

coaxial octorotor will then return to its starting point of rotation and descend straight to the

origin. These movements are performed by specifying the following references

Xd=4. cos ൬൫t.0.24-1൯. π
10
൰ (III.45)

Yd=4. sin ൬൫t.0.24-1൯. π
10
൰ (III.46)

Zd= ൝
1; t<10
3; t>10
0; t>110

� (III.47)

Where Xd,Yd,and Zd are the references for the circular trajectory.

III.6.1.3 Robustness test

Additionally, to the test the robustness of the controllers, an external wind disturbance

in the pitch angle was applied on the coaxial octorotor model for each controller defined as

follows:

extd= ൝
0; t<40
0.2; 40<t<42

1; t>40
� (III.48)

Where extd is the external disturbance
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III.6.2 The results analysis

This section presents the simulation results in Figures III.13 to III.18 obtained from

applying the proposed control strategies to the coaxial octorotor model. While figures III.13

to III.15 illustrate the behavior of the pitch, roll, yaw, and altitude subsystems when

controlledby the SMC-PID, Fuzzy PD, and FSMC controllers under a rectangular trajectory

tracking scenario.

Figure III.13 SMC-PID subsystems responses
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Figure III.14 Fuzzy PID subsystems responses

Figure III.15 FSMC subsystems responses
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Figures III.13 to III.15 compare the dynamic responses of the coaxial octorotor under

SMC-PID, Fuzzy PD, and FSMC controllers. The SMC-PID provides fast convergence and

good robustness but suffers from strong chattering, causing oscillations in the control signals.

The Fuzzy PD controller improves smoothness and reduces chattering but shows slightly

slower response and minor steady-state errors. In contrast, the FSMC achieves the best overall

performance by combining the robustness of sliding-mode control with the adaptability of

fuzzy logic, resulting in smooth, accurate, and stable trajectory tracking with minimal

overshoot and negligible steady-state error across all subsystems.

As depicted in Figure III.16 using the SMC controller, the generated action signals are

affected by high chattering phenomena. Figure III.17 shows the chattering effect elimination

by the means of the fuzzy logic interface.

Figure III.16 SMC control signals with chattering

Figures III.18 (a) and III.18 (b) present the overall path-tracking performance of the

three controllers for circular and rectangular trajectories, respectively. The simulation results

confirm that all controllers maintain system stability and achieve acceptable tracking
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performance across the UAV’s angular (pitch, roll, yaw) and positional (x, y, z) subsystems.

Nevertheless, distinct differences in precision and robustness are evident among them.

The FSMC controller exhibits the best overall performance in terms of tracking

accuracy, robustness, and adaptability to trajectory variations. The SMC-PID controller

demonstrates strong control capability but suffers from significant chattering in the actuation

signals, as shown earlier. Meanwhile, the Fuzzy PD controller performs moderately well, but

its efficiency tends to decrease under complex or highly disturbed conditions. Importantly, the

fuzzy-based enhancement within the FSMC effectively suppresses the chattering problem,

which otherwise could lead to actuator wear or instability in practical applications.

Figure III.17 FSMC control signals chattering elimination
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(a)

(b)

Figure III.18 Obtained results of the tracking tasks (a) circular (b) rectangular
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III.6.2.1 Robustness to the external disturbances

To assess the robustness of the proposed control schemes, a wind disturbance equivalent

to a pitch deviation of 0.2 radians was introduced to the octorotor model. This disturbance

primarily affects the x-position subsystem. Figure III.19 illustrates the controllers’ responses

to this perturbation, while Table III.4 summarizes the corresponding error performance

indices Integral of Time-weighted Absolute Error (ITAE) and Integral of Absolute Error

(IAE).

Table III.4 X position ITAE and IAE under external disturbance

SMC-PID FPDC FSMC

ITAE 3,8136E+05 5,1022E+05 2,7272E+05

IAE 7,3467E+01 1,1709E+02 5,1090E+01

Figure III.19 Controller’s responses under pitch external disturbance

All controllers successfully maintained stable flight and recovered from the disturbance,

demonstrating satisfactory disturbance rejection capabilities. However, quantitative analysis

of the performance indices reveals that the FSMC achieved the lowest IAE and ITAE values,

indicating faster convergence and smaller deviation from the desired trajectory compared to

the SMC-PID and Fuzzy PD controllers.

These findings confirm that the hybrid FSMC approach provides superior robustness

and adaptability to external disturbances while ensuring precise trajectory tracking. This

performance advantage stems from the synergy between fuzzy inference mechanisms and

Disturbance
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sliding-mode control principles, which collectively enhance the system’s resilience and

smoothness under uncertain or dynamic flight conditions.

III.6.3 Comparative study

To comprehensively assess the effectiveness of the proposed control strategies, several

error performance indices and the control effort metric were employed. These quantitative

indicators provide a robust means of evaluating tracking precision, transient response, and

energy efficiency across different flight scenarios. Such indices are widely used in control

system performance assessment because they offer measurable insights into how well a

controller minimizes steady-state and transient errors [77,78].

The calculated indices namely the Integral of Time-weighted Absolute Error (ITAE),

Integral of Absolute Error (IAE), and Control Effort (CE) serve to compare the performance

of the three proposed controllers: the Sliding Mode PID (SMC-PID), the Fuzzy PD (FPDC),

and the Fuzzy Sliding Mode Controller (FSMC). These parameters capture the system’s

ability to accurately follow reference trajectories while maintaining energy-efficient actuation.

The obtained simulation results confirm that all controllers exhibit satisfactory tracking

capabilities under both circular and rectangular trajectory scenarios. However, the FSMC

demonstrates a clear superiority in minimizing tracking errors and improving dynamic

response. This advantage arises from its hybrid structure, which combines the robustness of

sliding-mode control with the adaptability and smooth decision-making of fuzzy inference

[79,80]. Consequently, the FSMC achieves lower error indices and reduced control effort,

confirming its enhanced stability and performance efficiency compared to the other two

approaches.

- ITAE (integral time absolute error)

ITAE= ∑ kTs.|e(k.Ts)|N
k=0 (III.49)

- IAE (integral absolute error)

IAE= ∑ |e(k.Ts)|N
k=0 (III.50)

Where k is discrete time step Ts is the sampling time

- CE (The control effort)

CE=∑ Ui
2N

i=1 (III.51)

Where i= [1, 2, 3, 4] is the control input number, U is the control input.
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We have calculated these performance indices and the control effort for all controllers

on both trajectories (circular and rectangular).

III.6.3.1 Performances indices results analysis

Figures III.20 to III.25 illustrate the performance indices obtained for both rectangular

and circular trajectory-tracking experiments. These figures provide a visual comparison of the

cumulative tracking errors across all subsystems (X, Y, Z, and Yaw) for each controller.

 ITAE Analysis

The ITAE index, which measures the cumulative tracking error over time with a time-

weighted factor, serves as an indicator of long-term tracking precision. As seen in Figures

III.20 and III.23, the FSMC consistently achieves the lowest ITAE values across all

subsystems in both trajectories. This highlights its superior ability to suppress persistent

tracking errors and maintain accurate trajectory following. The SMC-PID controller performs

better than the Fuzzy PD controller, particularly in the Z-axis and yaw subsystems, owing to

its robust sliding-mode dynamics. However, its performance is slightly degraded by the

chattering effect that causes small fluctuations in the tracking error. The FPDC exhibits the

highest ITAE values among the three, suggesting weaker long-term tracking performance and

slower convergence to the desired paths.

 IAE Analysis

The IAE index measures the total absolute error over time without weighting by time,

providing insight into overall tracking precision. As shown in Figures III.21 and III.24, the

FSMC once again achieves the lowest IAE values across all subsystems, confirming its

excellent short-term and steady-state accuracy. Although the SMC-PID offers better

performance than the FPDC, it is still outperformed by the FSMC, which efficiently combines

the robustness of SMC with the adaptability of fuzzy inference. The FPDC shows higher IAE

values, especially in the X and Y subsystems, indicating less effective compensation of

accumulated errors.

Overall, the FSMC demonstrates the best performance indices for both circular and

rectangular paths. Its hybrid design enables it to reduce both transient and steady-state errors,

offering smooth and precise tracking behavior even under dynamic disturbances.
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Figure III.20 ITAE values under a rectangular tracking reference

Figure III.21 IAE values under a rectangular tracking reference

Figure III.22 ITAE values under a circular tracking reference
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Figure III.23 IAE values under a circular tracking reference

III.6.3.2 Control effort results analysis

The control effort (CE) index reflects the total energy or actuation power required to

maintain trajectory tracking. Lower CE values indicate higher energy efficiency and smoother

actuator behavior, which are crucial in UAV applications to prevent actuator wear and reduce

power consumption.

As depicted in Figures III.24 (rectangular) and III.25 (circular), the FSMC requires the

smallest control effort among the three controllers, confirming its ability to achieve accurate

control with minimal energy usage. The SMC-PID demonstrates moderate control effort

lower than the FPDC but higher than the FSMC reflecting the energy cost associated with its

chattering behavior. Meanwhile, the FPDC exhibits the highest control effort values,

suggesting that it requires more energy to achieve comparable tracking results, which can

negatively affect flight endurance and actuator stability.

For instance, in the circular trajectory, FSMC recorded a CE of approximately 1.88 ×

10⁵, compared to 1.91 × 10⁵ for SMC-PID and 2.01 × 10⁵ for FPDC. This confirms that

FSMC not only ensures precise tracking but also operates with greater efficiency and

smoother actuation an essential advantage for real-world UAV implementation.
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Figure III.24 The control effort using a rectangular tracking reference

Figure III.25 The control effort using a circular tracking reference

III.6.3.3 Numerical comparison

The numerical results summarized in Tables III.5 (circular trajectory) and III.6

(rectangular trajectory) further support the observations drawn from the performance figures.

The FSMC consistently outperforms the other controllers across all subsystems and trajectory

types.

In the rectangular trajectory, the Z-axis ITAE achieved by FSMC is 6.78 × 10³,

significantly smaller than 9.98 × 10⁵ for the FPDC and 1.23 × 10⁶ for the SMC-PID.

Similarly, for the Y-axis, the FSMC produced an IAE of 11.35, while the FPDC and SMC-

PID registered 99.41 and 14.20, respectively. These values demonstrate FSMC’s superior

error correction and long-term stability.
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In the circular trajectory, FSMC once again exhibited superior tracking precision and

dynamic stability. The controller achieved the lowest ITAE and IAE values for all

subsystems, confirming its excellent ability to handle nonlinear coupling and maintain

trajectory accuracy throughout continuous curvilinear motion. Particularly for the yaw

andaltitude (Z-axis) subsystems, the FSMC showed faster convergence and reduced steady-

state deviation compared to both the SMC-PID and FPDC controllers. This demonstrates its

robustness under persistent external effects such as aerodynamic coupling and centrifugal

forces, which are typically more pronounced in circular motion. The results highlight the

FSMC’s adaptability to continuous path variations, providing a smoother and more stable

trajectory tracking response.

TableIII.5 Error performance indices in the circular trajectory

SMC-PID FPDC FSMC

ITAE

X 1,6761E+05 2,0651E+05 1,3745E+05

Y 5,8172E+04 7,1072E+04 5,4822E+04

Z 1,2945E+06 9,8957E+05 8,1376E+03

yaw 5,8206E+04 1,0055E+06 6,3881E+01

IAE

X 3,4232E+01 2,2016E+02 2,4583E+01

Y 8,3743E+00 2,7325E+01 7,7265E+00

Z 2,0292E+02 1,6488E+02 1,2371E+00

Yaw 9,7511E+00 1,6639E+02 1,7965E-02

Control effort 1,9120E+05 2,0174E+05 1,8844E+05
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Table III.6 Error performance indices in the rectangular trajectory

SMC-PID FPDC FSMC

ITAE

X 1,7030E+05 2,8192E+05 1,3672E+05

Y 6,5648E+04 9,4839E+04 5,1676E+04

Z 1,2315E+06 9,8957E+05 6,7874E+03

yaw 5,8206E+04 1,0055E+06 6,3881E+01

IAE

X 3,3416E+01 7,6065E+01 2,6215E+01

Y 1,4202E+01 3,0249E+01 1,1355E+01

Z 2,0004E+02 1,6487E+02 1,1841E+00

Yaw 9,7511E+00 1,6639E+02 1,7965E-02

Control effort 1,9119E+05 2,0054E+05 1,8852E+05
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III.7 Conclusion

This chapter presented a comparative investigation of three fuzzy-based nonlinear

control approaches Fuzzy PD Controller (FPDC), Sliding Mode PID (SMC-PID), and Fuzzy

Sliding Mode Controller (FSMC)for the altitude and attitude control of a 6-DOF coaxial

octorotor UAV. The primary objective was to evaluate their effectiveness in terms of

trajectory tracking accuracy, disturbance rejection, and control efficiency using a detailed

nonlinear model of the aerial system.

The FSMC controller integrates a Type-1 Mamdani fuzzy inference system into the

switching component of the sliding-mode framework. This fuzzy mechanism generates a

continuous control signal that replaces the discontinuous sign function, thereby eliminating

chattering while preserving the robustness and finite-time convergence properties of SMC.

Through careful tuning of fuzzy rules and membership functions, the FSMC achieved smooth

transient responses, rapid error convergence, and stable control actions across all tested flight

scenarios.

Simulation experiments were conducted under both rectangular and circular trajectory-

tracking tasks, including the presence of external wind disturbances. The obtained results

consistently showed that the FSMC achieved the lowest Integral of Absolute Error (IAE) and

Integral of Time-weighted Absolute Error (ITAE) values, confirming its superior tracking

accuracy and robustness. Additionally, it demonstrated the lowest control effort, reflecting its

energy-efficient behavior and suitability for long-duration flights. In contrast, while the FPDC

offered simpler implementation and satisfactory performance, it lacked the precision and

adaptability required for highly nonlinear or disturbed conditions. The SMC-PID maintained

strong disturbance rejection but suffered from chattering and higher energy consumption,

limiting its applicability in real UAV systems.

Overall, the FSMC provided the most balanced and reliable performance, combining the

robustness of sliding-mode control with the adaptive reasoning of fuzzy logic. Its ability to

suppress chattering, reduce energy usage, and maintain accurate trajectory tracking under

varying conditions confirms its potential for real-time autonomous UAV applications.

Looking forward, future chapter will explore adaptive and learning-based tuning

techniquesincluding optimization algorithms and neural network-based adaptive fuzzy

systems combined with FSMC to enhance the control performance of the coaxial octortor.
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IV.1 Introduction
The rapid evolution of robotic and unmanned aerial systems has reshaped modern

control design, placing strong emphasis on autonomy, robustness, and adaptability.

Authoritative references in robotics and UAV theory highlight that advanced aerial platforms-

such as coaxial octorotor UAVs exhibit highly nonlinear, underactuated, and strongly coupled

dynamics, while being continuously exposed to modeling uncertainties and external

disturbances [1,2]. These intrinsic characteristics make conventional linear control strategies

insufficient for achieving high-performance autonomous operation. Addressing this challenge

has been the central motivation of the preceding chapters of this thesis, which progressed

from a rigorous first-principles dynamic modeling framework (Chapter I) to the design and

evaluation of intelligent control strategies based on fuzzy logic (Chapter II) and hybrid

fuzzysliding mode control (Chapter III).

The results obtained in these chapters demonstrated that intelligent and hybrid control

paradigms offer clear advantages over classical approaches. In particular, sliding mode

control is well recognized for its robustness against parametric uncertainties and disturbances

[8,9]. However, its practical implementation is often limited by the chattering phenomenon

caused by the discontinuous switching function. The investigations conducted in Chapter III

confirmed that the integration of fuzzy inference within the sliding mode framework resulting

in the Fuzzy Sliding Mode Controller (FSMC) successfully alleviates chattering while

preserving stability and robustness. Nevertheless, the application of a single control strategy

uniformly across all degrees of freedom does not fully exploit the heterogeneous dynamic

characteristics of a coaxial octorotor.

Motivated by this observation, this chapter presents a hierarchically structured hybrid

control architecture that constitutes the culmination of the proposed control design

methodology. The architecture relies on a subsystem-oriented integration of three

complementary computational intelligence and optimization techniques, each selected

according to the dynamic nature and control requirements of the corresponding subsystem.

First, an Adaptive Neuro-Fuzzy Inference System (ANFIS), originally introduced by

Jang [6], is employed for the control of the highly coupled and fast inner-loop attitude

dynamics (pitch and roll). By combining fuzzy inference with neural learning capabilities,

ANFIS enables adaptive adjustment of control rules based on data, offering superior

compensation for unmodeled nonlinearities compared to fixed-rule fuzzy controllers [81,82].
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Second, the FSMC developed and refined in the previous chapter is adopted for altitude

and yaw control. By embedding fuzzy reasoning within the sliding mode framework, this

controller generates a smooth switching signal that suppresses chattering while retaining the

inherent robustness of sliding mode control under disturbances and uncertainties [8,9].

Finally, for outer-loop planar position control, the classical PID structure is preserved

due to its simplicity and reliability, but its parameters are optimally tuned using Particle

Swarm Optimization (PSO). PSO, inspired by collective social behavior, is a powerful global

optimization technique that has proven effective for controller tuning in nonlinear and

multivariable systems [10,11].

The central premise of this chapter is that a deliberate, subsystem-specific synthesis of

ANFIS, FSMC, and PSO-optimized PID controllers can outperform any single intelligent

control strategy. This hypothesis is evaluated through high-fidelity MATLAB/Simulink

simulations, including a realistic solar farm surveillance scenario and comprehensive

disturbance tests. Performance is assessed in terms of tracking accuracy, robustness, and

control effort, with quantitative comparisons against a conventional Type-1 Fuzzy Logic

Controller, thereby demonstrating the effectiveness and practical relevance of the proposed

hybrid control framework.

IV.2 Adaptive Neuro Fuzzy Inference System (ANFIS)
Fuzzy Inference Systems (FIS) and Artificial Neural Networks (ANNs) each possess

distinct advantages. Hybrid neuro-fuzzy approaches combine the strengths of both techniques

integrating the learning and adaptation capabilities of neural networks with the interpretability

and flexibility of fuzzy inference systems. The most common form of integration involves

representing a fuzzy inference system as a multilayer neural network, where the connection

weights correspond to the parameters of the fuzzy system. This structure enables the hybrid

model to benefit from neural learning while preserving the reasoning transparency inherent to

fuzzy logic.

IV.2.1 The ANFIS structure

The combined use of neural networks and fuzzy logic makes it possible to exploit the

strengths of both approaches the learning and adaptation capabilities of the former and the

transparency and flexibility of the latter. Since the late 1980s, several forms of integration

between these two paradigms have been developed, leading to the emergence of neuro-

fuzzysystems. These systems are primarily designed for the control of complex nonlinear
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processes and for tackling pattern recognition and classification problems, where both

learning efficiency and interpretability are essential.

Figure IV.1  ANFIS scheme

A hybrid neuro-fuzzy system can be viewed as an intelligent framework that integrates

the learning capability of artificial neural networks with the linguistic reasoning and

interpretability of fuzzy logic. In such systems, fuzzy sets, membership functions, and

inference rules are embedded within a neural network structure, while adaptive learning

mechanisms are employed to tune the parameters automatically using available data [6]. This

synergy allows the model to exploit data-driven learning while preserving the flexibility and

transparency of fuzzy inference, making neuro-fuzzy approaches particularly effective for the

modeling, identification, and control of complex nonlinear systems characterized by

uncertainty and imprecision.

IV.2.2 Neuro fuzzy combination methods

In the literature, the integration of neural networks and fuzzy logic has been realized

through several conceptual frameworks. Broadly, four principal approaches are commonly

identified, each representing a distinct strategy for merging the learning and adaptation

capabilities of neural networks with the interpretability and approximate reasoning

mechanisms of fuzzy logic systems [12]. These integration paradigms differ in terms of

system structure, learning methodology, and the degree of interaction between neural and

fuzzy components, but all aim to enhance system intelligence and adaptability.

 Neural Fuzzy Networks

In this configuration, fuzzy concepts are embedded directly into neural network

architectures to enhance their learning and performance. Fuzziness can be introduced into

neurons, connection weights, or activation functions to improve adaptability, robustness, and

generalization during training. As a result, the network can better handle uncertain or

imprecise data, making it more flexible in real-world applications.

Fuzzy logic

Neuro-fuzzy

ANN

Linguistic data

Numerical data

Linguistic expressions

learning
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 Simultaneous Neural/Fuzzy Systems

In this method, the neural network and the fuzzy logic system operate side by side on

the same problem but without tightly coupling their internal processes. Neither system

modifies or controls the parameters of the other. Typically, the neural network handles pre-

processing by transforming input signals before they reach the fuzzy inference stage, or it

performs post-processing to refine the fuzzy system’s output. This cooperative structure

allows both components to contribute to decision-making while maintaining their distinct

functions.

 Cooperative Neuro-Fuzzy Models

In this category, the neural network plays a supportive role by tuning or determining the

parameters of the fuzzy inference system such as fuzzy rules, membership functions, or rule

weights. Once the learning or training phase is complete, the fuzzy system can function

independently of the neural network. This approach strikes a balance between learning

efficiency and interpretability, as the resulting fuzzy system remains transparent and easily

understandable [12].

 Hybrid Neuro-Fuzzy Models

Most modern neuro-fuzzy systems fall into this integrated category. In hybrid models,

neural and fuzzy components are combined into a single, cohesive framework. The system

can be viewed either as a neural network with fuzzy parameters or as a fuzzy inference system

implemented in a distributed, parallel fashion. This hybrid structure merges the adaptive

learning capabilities of neural networks with the explainable, rule-based reasoning of fuzzy

logic. It is particularly effective for complex control, pattern recognition, and decision-making

applications, where adaptability and interpretability are equally important[81,12].

IV.2.3 Integrated Hybrid Neuro-Fuzzy Systems

IV.2.3.1 Mamdani-Type Neuro-Fuzzy Systems

The Mamdani-type neuro-fuzzy system employs the backpropagation learning

algorithm to adjust the parameters of the membership functions. It consists of five distinct

layers:
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 Input layer: receives and distributes input variables to the next layer.

 Fuzzification layer: transforms crisp input values into fuzzy linguistic terms using
predefined membership functions.

 Antecedent rule layer: represents the if-part of fuzzy rules, computing the degree of
activation for each rule.

 Consequent rule layer: represents the then-part of the rules, where the fuzzy
conclusions are formed.

 Defuzzification layer: converts the aggregated fuzzy output into a crisp control action
or numerical value.

This structure allows the system to learn and adapt fuzzy membership parameters

through iterative training. Several Mamdani-type neuro-fuzzy models have been proposed in

the literature, including FALCON (Fuzzy Adaptive Learning Control Network) and GARIC

(Generalized Approximate Reasoning-Based Intelligent Control), which have demonstrated

strong performance in control and decision-making tasks[12,6].

IV.2.3.2 Takagi–Sugeno-Type Neuro-Fuzzy Systems

Takagi–Sugeno neuro-fuzzy systems combine the backpropagation algorithm for

learning the parameters of the membership functions with the least-squares estimation method

for determining the coefficients of the linear combinations in the rule consequents.

This hybrid learning strategy enables the system to efficiently identify nonlinear relationships

between inputs and outputs, providing faster convergence and improved numerical stability

compared to purely gradient-based learning. The resulting model is particularly effective for

system identification, adaptive control, and prediction tasks, where accuracy and

computational efficiency are essential.

IV.2.3.3 ANFIS (Adaptive Neuro-Fuzzy Inference System)

The Adaptive Neuro-Fuzzy Inference System (ANFIS) is a specific class of adaptive

network architecture proposed by [6]. ANFIS can be viewed as a feedforward neural network,

where each layer represents a component of a Takagi–Sugeno fuzzy inference system. It is

among the most widely used neuro-fuzzy models in practice, with successful applications in

signal processing, adaptive filtering, and control engineering. Several studies have

demonstrated that ANFIS provides superior performance in control and estimation tasks,

particularly when applied to motor control and nonlinear dynamic systems.
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The ANFIS architecture refines fuzzy rules initially defined by human experts to

describe the input–output behavior of complex systems. A modified version of the ANFIS can

also implement Tsukamoto-type fuzzy inference, while the original formulation is based on

the first-order Sugeno model. In the Tsukamoto variant, the global output is computed as a

weighted average of each rule’s individual output, where the weights correspond to the degree

of rule activation (calculated as the product or minimum of the antecedent membership

values) and the output membership functions.

IV.3 ANFIS fundamentales
The ANFIS model consists of five layers, each performing a specific computational

role. The learning process focuses exclusively on parameter adaptation within a fixed

structure, where each linguistic term corresponds to a single fuzzy set. Parameter updates are

carried out using a hybrid learning approach that combines backpropagation for the

antecedent parameters and least-squares estimation for the consequent parameters. This

approach provides a good trade-off between interpretability and learning efficiency.

IV.3.1 Structure of the ANFIS Model

In this work, the Adaptive Neuro-Fuzzy Inference System (ANFIS) is adopted as an

automatic fuzzy rule generation framework based on a first-order Takagi–Sugeno fuzzy

inference model. This structure, originally introduced by J.-S. R. Jang, enables the systematic

construction and tuning of fuzzy rules through learning from data [6]. The ANFIS architecture

is organized into five successive layers, where each layer is responsible for a distinct stage of

the fuzzy inference process, including fuzzification, rule evaluation, normalization,

consequent computation, and output aggregation [13]. This layered organization facilitates

both interpretability and efficient parameter adaptation.

To illustrate the basic architecture of the adaptive neuro-fuzzy system, consider a first

order Sugeno fuzzy model with two input variables, x1 and x2, and one output y. Suppose the

rule base consists of two fuzzy rules:

Rule 1:If x1 is A1 and x2 is B1, Then y1=p1x1+q1x2+r1

Rule 2:If x1 is A2 and x2 is B2, Then y2=p2x1+q2x2+r2
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Where x1 and x2 are the input variables, A1, A2, B1, B2 are fuzzy sets associated with

the input linguistic terms, yi are the outputs of the defuzzification layer, and pi,qi,ri are the

consequent parameters of rule i, determined during the training process.

The overall ANFIS network structure representing this model is illustrated in Figure

IV.2, showing the five computational layers that define the flow of information from inputs to

the final output through fuzzification, rule evaluation, normalization, and defuzzification.

Figure IV.2 ANFIS structure

The ANFIS network Jang, 1993 is a multilayer feedforward structure in which the

connections are either unweighted or assigned unit weights. The network nodes are divided

into two categories based on their functionality:

o Square nodes:

which contain adaptable parameters subject to training, and

o Circular nodes:

which perform fixed operations without parameters.

The output of node i in layer k, denoted as 𝑂𝑖
𝑘 , depends on the signals received from the

preceding layer (k−1) and on the specific parameters associated with node (i,k).

Mathematically, this relationship can be expressed as:

𝑂𝑖
𝑘 = 𝑓(𝑥𝑖𝑘−1,𝜃𝑖 ,𝑘) (IV.1)
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Where 𝑥𝑖𝑘−1represents the input signals from layer (k−1), and𝜃𝑖 ,𝑘denotes the set of

adjustable parameters linked to the node (i,k).

IV.3.1.1 Layer (1): Fuzzification

Each node in the first layer (Layer 1) of the ANFIS architecture performs a fuzzification

operation, converting the crisp input values into corresponding degrees of membership. The

function of each node can be defined as follows:

𝑂𝑖
1 = ቊ

𝜇𝐴𝑖(𝑥1),𝑓𝑜𝑟𝑖 = 1,2
𝜇𝐵𝑖(𝑥2),𝑓𝑜𝑟𝑖 = 3,4

� (IV.2)

where x1 and x2 are the input variables associated with nodes {1,2}and {3,4}

respectively.

The terms Ai and Bi-2 denote the linguistic labels corresponding to the membership

functions𝜇𝐴𝑖 and 𝜇𝐵𝑖 .

Hence, the outputs 𝑂𝑖
1of the first layer represent the membership degrees of the input

variables x1 and x2 with respect to the fuzzy sets Ai and Bi-2.

In Jang’s original ANFIS model, the membership functions are typically chosen to be

Generalized bell functions, expressed as IV.3 and showed in figure IV.3.

𝜇𝐴𝑖(𝑥1) 𝑜𝑢 𝜇𝐵𝑖(𝑥1) = 1

1+ቈ൬
𝑥𝑖−𝑐𝑖
𝑎𝑖

൰
2
቉
𝑏𝑖

(IV.3)

where 𝑐𝑖 ,ai and bi are the center and width (spread) parameters of the Generalized bell

function, respectively. These parameters are adjusted during the learning phase to best

represent the fuzzy partitions of the input space.

Figure IV.3 Generalized bell membershipe function
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IV.3.1.2 Layer (2): Fuzzy Rule Layer

The second layer of the ANFIS structure corresponds to the fuzzy rule layer. In this

layer, each neuron is associated with a single fuzzy rule and is responsible for calculating the

rule’s activation level, commonly referred to as its firing strength or synaptic weight. The

nodes in this layer are of fixed type and are typically represented by the multiplication

operator (Π), as they compute the product of the input membership degrees. This operation

effectively realizes the fuzzy logical AND, allowing the simultaneous satisfaction of multiple

antecedent conditions within a rule [6]. Consequently, the output of each node in this layer is

given by:

𝑂𝑖
2 = 𝑤𝑖 = 𝜇𝐴𝑖(𝑥1) × 𝜇𝐵𝑖(𝑥2), 𝑓𝑜𝑟𝑖 = 1,3 (IV.4)

Here, wi represents the firing strength of the ith fuzzy rule, corresponding to the degree

of activation of that rule’s antecedent part. The higher the value of wi, the more strongly the

corresponding rule contributes to the final system output.

IV.3.1.3 Layer (3): Normalization Layer

The third layer of the ANFIS architecture performs the normalization of the fuzzy rule

firing strengths computed in the previous layer. The nodes in this layer are also fixed-type

circular nodes, denoted by N. Each node calculates the normalized firing strength of a

corresponding fuzzy rule according to the following relation:

𝑂𝐼
3 = 𝑤𝑖തതത = 𝑤𝑖

𝑤1+𝑤2
,𝑓𝑜𝑟𝑖 = 1,2 (IV.5)

Here, 𝑤𝑖തതത represents the normalized activation degree of the ith rule. This process

ensures that the sum of all normalized firing strengths equals one, thereby defining the

relative contribution of each fuzzy rule to the final output.

IV.3.1.4 Layer (4): Consequent (Defuzzification) Layer

The fourth layer of the ANFIS structure corresponds to the consequent, or

defuzzification, layer. Each node in this layer is adaptive and computes the output

contribution of its corresponding fuzzy rule based on the normalized firing strength obtained

from the previous layer. The operation performed by each node is defined as:

𝑂𝑖
4 = 𝑤𝑖തതത𝑓𝑖 = 𝑤𝑖തതത(𝑝𝑖𝑥1 + 𝑞𝑖𝑥2 + 𝑟𝑖)𝑓𝑜𝑟𝑖 = 1,2 (IV.6)
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Here, pi, qi and ri are the consequent parameters of the ith fuzzy rule. These parameters

are determined during the learning process and represent the coefficients of the linear function

defining the rule’s output. Thus, this layer computes the weighted output of each rule by

combining the normalized activation level with the corresponding linear consequent

expression.

IV.3.1.5 Layer (5): Summation (Output) Layer

The fifth layer of the ANFIS architecture, known as the summation or output layer,

consists of a single neuron that generates the overall output of the network. This node

performs a weighted summation of all the outputs produced by the previous (consequent)

layer. The final network output is computed using the following relation:

𝑂𝑖
5 = 𝑦 = ∑ 𝑤𝑖തതത𝑓𝑖2

𝑖=1 = ∑ 𝑤𝑖𝑓𝑖𝑛
𝑖
∑ 𝑤𝑖
𝑛
𝑖

, 𝑓𝑜𝑟 𝑖 = 1,2 (IV.7)

Here, y represents the final output of the ANFIS network, which is obtained as the

normalized weighted average of all rule outputs. This operation effectively combines the

contributions of each fuzzy rule according to their activation strengths, resulting in a smooth

and continuous mapping from the input space to the output space. As remarks :

o The ANFIS architecture includes two adaptive layersthe first and the

fourtheach responsible for learning different sets of parameters during the

training process.

o The first layer contains three adjustable parameters, {ai,bi,ci}, which define the

shapes of the input membership functions. These parameters are referred to as

the premise parameters.

o The fourth layer also includes three adjustable parameters, {pi,qi,ri}, known as

the consequent parameters. These coefficients determine the linear functions in

the rule consequents and are updated during the learning phase to optimize the

network’s overall performance [6].

IV.3.2 ANFIS Learning Algorithm

The learning mechanism of ANFIS is designed to adjust both the antecedent (premise)

parameters and the consequent parameters while maintaining a fixed network topology. This

training process relies on a set of input–output data and seeks to minimize the discrepancy
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between the system’s predicted output and the corresponding target values through iterative

parameter tuning [14]. By optimizing these parameters, ANFIS is able to capture nonlinear

relationships and improve its approximation and control performance.

The algorithm begins by constructing an initial network, after which a backpropagation-

based learning method is applied. To improve convergence and accuracy, [6] proposed a

hybrid learning rule that combines the gradient descent algorithm with the least-squares

estimation (LSE) method. The overall ANFIS output can be expressed as:

𝑓 = 𝑤1തതതത𝑓1𝑤2തതതത𝑓2 (IV.8)

Substituting the expressions for f1 and f2, we obtain:

𝑓 = 𝑤1തതതത(𝑝1𝑥1 + 𝑞1𝑥2 + 𝑟1) + 𝑤2തതതത(𝑝2𝑥1 + 𝑞2𝑥2 + 𝑟2) (IV.9)

or equivalently,

𝑓 = (𝑤1തതതത𝑥1)𝑞1 + (𝑤1തതതത𝑥2)𝑝1 + 𝑤1തതതത𝑟1 + (𝑤2തതതത𝑥1)𝑞2 + (𝑤2തതതത𝑥2)𝑝2 + 𝑤2തതതത𝑟2 (IV.10)

This expression represents a linear combination of the adjustable consequent

parameters{p1,q1,r1,p2,q2,r2}

In this hybrid learning algorithm, both sets of parameters the premise and the

consequentare optimized alternately during training:

- In the forward pass, the consequent parameters are identified using the least-

squares estimation method, while the premise parameters are kept constant.

- In the backward pass, the premise parameters are updated using the gradient

descent method, with the consequent parameters held fixed.

This alternating optimization process enables ANFIS to achieve fast convergence and

improved generalization performance (as illustrated in Figure IV.4).
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Figure IV.4 ANFIS learningalgorithm

In the Forward and Backward Passes in ANFIS Learning. The ANFIS learning process

employs two distinct passesa forward pass and a backward pass to update its parameters

efficiently. Eachpassplays a complementary role in optimizing the premise and consequent

parameters of the network.

IV.3.2.1 Forward Pass

During the forward pass Figure IV.4, the network computes the output values based on

the current parameter estimates. The least-squares estimation (LSE) method is then applied to

identify the consequent (linear) parameters [6]. For the set of premise (nonlinear) parameters,

the training data are used to construct a system of equations expressed as:

𝐴𝑋 = 𝐵 (IV.11)

where X represents the matrix containing the unknown consequent parameters. This

constitutes a linear optimization problem, where the goal is to minimize the squared error

∥AX−B∥2. The optimal solution is given by:

𝑋∗ = ቀ𝐴𝑇𝐴ቁ
−1
𝐴𝑇𝐵 (IV.12)

In thisstep:

o S1 represents the premise parameters, which are kept fixed,

o S2 represents the consequent parameters, which are computed using the

least-squares estimate (LSE) method.
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IV.3.2.2 Backward Pass

During the backward pass Figure IV.4, the error signals are propagated backward

through the network. In this phase, the premise parameters are updated using the gradient

descent algorithm, while the consequent parameters remain fixed [6].

Thus:

• S1 (premise parameters) are adapted using backpropagation,

• S2 (consequent parameters) are held constant during this stage.

Table IV.1 ANFIS parameters during the learning process.

Learning Phase Premise Parameters Consequent Parameters

Forward Pass Fixed Updated using least squre

Backward Pass Updated using back propagation fixed

IV.4 Particle Swarm Optimization (PSO)
Particle Swarm Optimization (PSO) is a population-based optimization algorithm

inspired by the collective behavior of social organisms such as bird flocks, fish schools, and

insect swarms. It was first introduced by Kennedy and Eberhart (1995) as part of the

emerging field of swarm intelligence, which studies how simple agents interacting locally can

collectively exhibit complex global behavior.

PSO is particularly valued for its simplicity, robustness, and effectiveness in handling

nonlinear, multidimensional, and non-differentiable optimization problems. Over the years, it

has been successfully applied in areas such as control system design, neural network training,

and fuzzy logic optimization.

IV.4.2 The algorithm principle

In PSO, a population of candidate solutions called particles explores the search space to

locate the global optimum. Each particle represents a potential solution and is characterized

by two main parameters:

- Position (xi), which represents the current solution;

- Velocity (vi), which determines the particle’s movement through the search

space.
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Each particle adjusts its trajectory based on both individual experience (the best solution

it has found so far, called personal best pi) and social experience (the best solution found by

the entire swarm, called global best g). This combination enables a balance between

exploration (searching new regions) and exploitation (refining known good regions).

IV.4.3 Mathematical Model

The position and velocity of each particle are updated iteratively according to the

following equations:

𝑣𝑖(𝑡 + 1) = 𝑤𝑖𝑣𝑖(𝑡) + [𝑝𝑖 − 𝑥𝑖(𝑡)]𝑐1𝑟1 + [𝑔 − 𝑥𝑖(𝑡)]𝑐2𝑟2 (IV.13)

𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡 + 1) (IV.14)

where:

 vi(t) is the velocity of particle i at iteration t;

 xi(t) is its position;

 pi is the particle’s best-known position;

 gis the global best position found by the swarm;

 wis the inertia weight controlling the trade-off between exploration and exploitation;

 c1 and c2 are the cognitive and social acceleration coefficients;

 r1 and r2 are random numbers uniformly distributed in the interval [0, 1].

The algorithm continues updating these parameters until a stopping criterion such as a

maximum number of iterations or convergence threshold is met.

IV.5 The Hybrid Control Strategy Design
The coaxial octorotor model is divided into four main subsystems: altitude, yaw, pitch,

and roll. These subsystems operate within a coupled, multi-loop control structure, where the x

and y axes form the outer loops and the pitch and roll dynamics act as the inner loops.The

control strategy adopted in this work combines FSMC and ANFIS to handle the different

subsystems. FSMC is applied to the altitude and yaw channels, while ANFIS is responsible

for controlling pitch and roll. The outer-loop position controllers for the x and y axes use

standard PID control.Figure IV.5 provides an overview of the complete control architecture,

and each component of the controller is detailed in the following subsections.
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Figure IV.5 Overall control methodology.

IV.5.1 The FSMC controller

The fuzzy sliding mode controller is implemented for both the altitude and yaw

subsystems. In this approach, a conventional sliding mode controller is combined with a

Type-1 Mamdani fuzzy logic controller, which acts as the switching signal generator. The

fuzzy component replaces the traditional discontinuous switching action with a smoother,

more adaptive signal, reducing chattering while preserving the robustness of sliding mode

control. This integration allows the controller to better handle nonlinearities and external

disturbances, which are particularly significant in coaxial octorotor dynamics.

IV.5.1.1 Sliding surface

For the altitude (z) and yaw (ψ) dynamics of the coaxial octorotor, the sliding surface is

defined as:

𝑒𝑧 = 𝑍𝑑 − 𝑍𝑚 (IV.15)

𝑆𝑍 = 𝑒˙𝑍 + 𝜆𝑍𝑒𝑍 (IV.16)

𝑒𝜓 = 𝜓𝑑 − 𝜓𝑚 (IV.17)
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𝑆𝜓 = 𝑒˙𝜓 + 𝜆𝜓𝑒𝜓 (IV.18)

The control objective is to drive s(t) → 0, ensuring error convergence.

IV.5.1.2 Control law

The standard SMC control law is:

𝑢(𝑡) = 𝑢𝑒𝑞 (𝑡) + 𝑢𝑠𝑤(𝑡) (IV.19)

With

- Equivalent control:

𝑢𝑒𝑞 (𝑡) = 𝑓(𝑥) + 1
𝑔(𝑥)

(𝑟(𝑡) + 𝜆𝑒(𝑡)̇ ) (IV.20)

- Switching control:

𝑢𝑠𝑤(𝑡) = −𝐾. 𝑠𝑖𝑔𝑛(𝑠(𝑡)) (IV.21)

Where K > 0, ensures robustness.

The discontinuous term sign(s) may cause the chattering effect that cause actuators saturation

or damage which an important part in the coaxial octorotor.

IV.5.1.3 Fuzzy logic for chattering reduction

The type 1 mamdani FLC (fuzzy logic controller) which is used as switching signal

generator to eliminate the chattering effect is a SISO (single input single output ) controller,

where the surface S is the input and the switching signal Usw is the output. Figures IV.6 and

IV.7 presents the input / output membership functions where table 1 shows the rule base.

Figure IV.6 Input membership functions                Figure IV.7 Output membership functions
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Table IV.2 FLC rule base

Input BN N Z P BP

Output GDM GD S GU GUM

This produces continuous approximation for switching control as:

𝑢𝑠𝑤(𝑡) = −𝐾. 𝜇(𝑠) (IV.22)

Where 𝜇(𝑠) is the fuzzy output.

IV.5.1.4 FSMC controller design

Assumption that: − 𝝅
𝟐

< 𝜑 ≤ 𝝅
𝟐
, − 𝝅

𝟐
< 𝜃 ≤ 𝝅

𝟐
, −𝜋 < 𝜓 ≤ 𝜋

The altitude and yaw subsystems dynamics defined as:

𝑧̈ = 𝑐𝑜𝑠 𝜑 𝑐𝑜𝑠 𝜃
𝑚

𝑢1 −
𝐾3
𝑚
𝑧̇ − 𝑔 (IV.23)

𝜓̈ = ൫𝐼𝑥−𝐼𝑦 ൯
𝐼𝑧

𝜃̇𝜑̇ − 𝐾6
𝐼𝑧
𝜓̇2 + 1

𝐼𝑧
𝑢4 (IV.24)

Defining the state variables as:

𝑥1 = 𝑧 (Altitude position)

𝑥2 = 𝑧̇ (Velocity)

𝑥3 = 𝜓 (Yaw angle)

𝑥4 = 𝜓̇ (Yaw angular Velocity)

The dynamic model becomes as:

𝑥1̇ = 𝑥2 (IV.25)

𝑥2̇ = 𝑐𝑜𝑠 𝜑 𝑐𝑜𝑠 𝜃
𝑚

𝑢1 −
𝐾3
𝑚
𝑥2 − 𝑔 (IV.26)

𝑥3̇ = 𝑥4 (IV.27)

𝑥4̇ = ൫𝐼𝑥−𝐼𝑦 ൯
𝐼𝑧

𝜃̇𝜑̇ − 𝐾6
𝐼𝑧
𝑥3

2 + 1
𝐼𝑧
𝑢4 (IV.28)

Applying error and sliding surface defined in (IV.12), (IV.13), (IV.14) and (IV.15):

𝑠𝑧 = 𝑒𝑧̇ + 𝜆𝑧𝑒𝑧 = (𝑧̇𝑑 − 𝑥2) + 𝜆(𝑧𝑑 − 𝑥1) (IV.29)

𝑠𝜓 = 𝑒𝜓̇ + 𝜆𝜓𝑒𝜓 = ൫𝜓̇𝑑 − 𝑥4൯ + 𝜆(𝜓𝑑 − 𝑥3) (IV.30)

𝜆𝜓 , 𝜆𝑧>0 designer parameters
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IV.5.1.5 Lyapunov function

The Lyapunov candidateis :

𝑉 = 1
2
𝑠2 (IV.31)

This guarantees that V > 0 for s ≠ 0 and V=0 for s = 0.

The time derivative of V:

𝑣̇ = 𝑠𝑠̇ (IV.32)

Finding 𝑠̇ surface time derivative using (IV.29) and (IV.30)

𝑠𝑧̇ = 𝑒𝑧̈ + 𝜆𝑧𝑒𝑧̇ = (𝑧̇𝑑 − 𝑥̇2) + 𝜆(𝑧̇𝑑 − 𝑥̇1) (IV.33)

𝑠𝜓̇ = 𝑒̈𝜓 + 𝜆𝜓𝑒̇𝜓 = ൫𝜓̈𝑑 − 𝑥̇4൯ + 𝜆൫𝜓̇𝑑 − 𝑥̇3൯ (IV.34)

Substitute 𝑥̇2 and 𝑥̇4from dynamic models (IV.26) and (IV.28)

𝑠𝑧̇ = 𝑒𝑧̈ + 𝜆𝑧𝑒𝑧̇ = ቀ𝑧̇𝑑 −
𝑐𝑜𝑠 𝜑 𝑐𝑜𝑠 𝜃

𝑚
𝑢1 + 𝐾3

𝑚
𝑥2 + 𝑔ቁ + 𝜆𝑧(𝑧̇𝑑 − 𝑥̇1) (IV.35)

𝑠𝜓̇ = 𝑒̈𝜓 + 𝜆𝜓𝑒̇𝜓 = ቀ𝜓̈𝑑 −
൫𝐼𝑥−𝐼𝑦 ൯

𝐼𝑧
𝜃̇𝜑̇ + 𝐾6

𝐼𝑧
𝑥3

2 − 1
𝐼𝑧
𝑢4ቁ + 𝜆𝜓൫𝜓̇𝑑 − 𝑥̇3൯ (IV.36)

IV.5.1.6 Control law

The control law is divided into two parts equivalent and switching control as (IV.16).

The 𝑢𝑒𝑞 it would maintain the 𝑠̇ = 0 in the ideal state, so we will set 𝑠̇ = 0 to derive the 𝑢𝑒𝑞
as:

0 = ቀ𝑧̇𝑑 −
𝑐𝑜𝑠 𝜑 𝑐𝑜𝑠 𝜃

𝑚
𝑢𝑒𝑞𝑧 + 𝐾3

𝑚
𝑥2 + 𝑔ቁ + 𝜆𝑧(𝑧̇𝑑 − 𝑥̇1) (IV.37)

𝑢𝑒𝑞𝑧 = 𝑚
cos 𝜑 cos 𝜃

ቂ𝑧̇𝑑 + 𝐾3
𝑚
𝑥2 + 𝑔 + 𝜆𝑧(𝑧̇𝑑 − 𝑥̇1)ቃ (IV.38)

0 = ቀ𝜓̈𝑑 −
൫𝐼𝑥−𝐼𝑦 ൯

𝐼𝑧
𝜃̇𝜑̇ + 𝐾6

𝐼𝑧
𝑥3

2 − 1
𝐼𝑧
𝑢𝑒𝑞𝜓ቁ + 𝜆𝜓൫𝜓̇𝑑 − 𝑥̇3൯ (IV.39)

𝑢𝑒𝑞𝜓 = 𝐼𝑧 ቂ𝜓̈𝑑 −
൫𝐼𝑥−𝐼𝑦 ൯

𝐼𝑧
𝜃̇𝜑̇ + 𝐾6

𝐼𝑧
𝑥3

2 + 𝜆𝜓൫𝜓̇𝑑 − 𝑥̇3൯ቃ (IV.40)

The switching control law which the part that drives the system into the sliding surface

and rejects the disturbances.
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𝑢𝑠𝑤𝑧 = 𝑚
cos 𝜑 cos 𝜃

.𝐾𝑧 . 𝜇(𝑠𝑧) (IV.41)

𝑢𝑠𝑤𝜓 = 𝐼𝑍 .𝐾𝜓 . 𝜇(𝑠𝜓) (IV.42)

The 𝐾𝜓 ,𝐾𝑧> 0 are the switching gains.

The total control laws U1 and U4 derived using (IV.38), (IV.40), (IV.41) and (IV.42) as:

𝑢1 = 𝑚
cos 𝜑 cos 𝜃

ቂ𝑧̇𝑑 + 𝐾3
𝑚
𝑥2 + 𝑔 + 𝜆𝑧(𝑧̇𝑑 − 𝑥̇1) + 𝐾𝑧 .𝜇(𝑠𝑧)ቃ (IV.43)

𝑢4 = 𝐼𝑧 ቂ𝜓̈𝑑 −
൫𝐼𝑥−𝐼𝑦 ൯

𝐼𝑧
𝜃̇𝜑̇ + 𝐾6

𝐼𝑧
𝑥3

2 + 𝜆𝜓൫𝜓̇𝑑 − 𝑥̇3൯ + 𝐾𝜓 . 𝜇(𝑠𝜓)ቃ (IV.44)

IV.5.1.7 Stability analysis using lyapunov

Reforming the equation (IV.35) and (IV.36) using (IV.41) and (IV.42) we can have

lyapunov function time derivative as:

𝑠𝑧̇ = 𝑧̇𝑑 −
𝑐𝑜𝑠 𝜑 𝑐𝑜𝑠 𝜃

𝑚
( 𝑚

cos 𝜑 cos 𝜃
ቂ𝑧̇𝑑 + 𝐾3

𝑚
𝑥2 + 𝑔 + 𝜆𝑧(𝑧̇𝑑 − 𝑥̇1) + 𝐾𝑧 .𝑢(𝑠)ቃ) + 𝐾3

𝑚
𝑥2 + 𝑔 +

𝜆𝑧(𝑧̇𝑑 − 𝑥̇1) (IV.42)

𝑠𝜓̇ = 𝜓̈𝑑 −
൫𝐼𝑥−𝐼𝑦 ൯

𝐼𝑧
𝜃̇𝜑̇ + 𝐾6

𝐼𝑧
𝑥3

2 − 1
𝐼𝑧
𝐼𝑧 ቂ𝜓̈𝑑 −

൫𝐼𝑥−𝐼𝑦 ൯
𝐼𝑧

𝜃̇𝜑̇ + 𝐾6
𝐼𝑧
𝑥3

2 + 𝜆𝜓൫𝜓̇𝑑 − 𝑥̇3൯ +

𝐾𝜓 .𝑢(𝑠)ቃ + 𝜆𝜓൫𝜓̇𝑑 − 𝑥̇3൯(IV.43)

After simplifying we have 𝑠̇ as.

𝑠𝑧̇ = −𝐾𝑧 .𝜇(𝑠𝑧) (IV.45)

𝑠̇𝜓 = −𝐾𝜓 . 𝜇(𝑠𝜓) (IV.46)

Reforming (IV.29) using (IV.44) and (IV.45) we get.

𝑉̇𝑧 = 𝑠𝑧 . ൫−𝐾𝑧 .𝑢(𝑠𝑧)൯ = −𝐾𝑧 . 𝑠𝑧 .𝜇(𝑠𝑧) (IV.47)

𝑉𝜓̇ = 𝑠𝜓 . ቀ−𝐾𝜓 .𝑢൫𝑠𝜓൯ቁ = −𝐾𝜓 . 𝑠𝜓 . 𝜇(𝑠𝜓) (IV.48)

Now we have 𝑠.𝑢(𝑠) > 0 for 𝑠 ≠ 0 and this because of the range of the fuzzy logic is [-1 1].

When s is positive large the fuzzy output is positive large +1
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When s is negative large the fuzzy output is negative large -1

Therefore 𝑉̇ = 𝑠. ൫−𝐾.𝑢(𝑠)൯ < 0 for all 𝑠 ≠ 0 and 𝑉̇ = 0 when 𝑠 = 0.

This proofs that the tow systems are stable globally asymptotically

IV. 5.2 Position controllers

Conventional PID controllers are used as position controllers for x and y, which are the

outer control loops for the φ and θ subsystems. The PID controllers wildly used to their

implementation simplicity but they need well tuned parameters KP, KI and KD. Manual

tuning or classical tuning for the PID parameters often fail in nonlinear systems and to

overcome this limitation we used PSO algorithm to tune the PID parameters for its fast

convergence. The PID controllers used to generate the desired φ and θ for the ANFIS

controllers. The x and y errors are defined as in the equations (IV.49) and (IV.50).

IV.5.2.1 PID controller :

𝑒𝑥 = 𝑥𝑑 − 𝑥𝑚 (IV.49)

𝑒𝑦 = 𝑦𝑑 − 𝑦𝑚 (IV.50)

The final control equations for the outer control loops x and y derived as in (IV.51) and

(IV.52).

𝜃𝑑 = 𝐾𝑝 . 𝑒𝑦 + 𝐾𝑖 .∫ 𝑒𝑦 + 𝐾𝑑 . 𝑑𝑒𝑦
𝑑𝑡

(IV.51)

𝜑𝑑 = 𝐾𝑝 . 𝑒𝑥 + 𝐾𝑖 .∫ 𝑒𝑥 + 𝐾𝑑 . 𝑑𝑒𝑥
𝑑𝑡

(IV.52)

IV.5.2.2 Particle swarm optimization algorithm

Each particle represents a candidate PID parameter set (Kp, Ki, Kd).

-Initialization: random swarm within bounds.

- Velocity & position update:

𝑣𝑖 (𝑘+1) = 𝑤𝑣𝑖𝑘 + 𝑐1𝑟1(𝑃𝑏𝑒𝑠𝑡𝑖 − 𝑥𝑖𝑘) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖𝑘) (IV.53)

𝑥𝑖 (𝑘+1) = 𝑥𝑖𝑘 + 𝑣𝑖 (𝑘+1) (IV.54)
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 Fitness function

The used fitness function based on the MSE (mean square error) and overshot penality

𝑀𝑆𝐸 = (𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑜𝑢𝑡𝑝𝑢𝑡)2 (IV.55)

𝑜𝑣𝑒𝑟𝑠ℎ𝑜𝑜𝑡 = max⁡(0, (max(𝑡𝑎𝑟𝑔𝑒𝑡)− max(𝑜𝑢𝑡𝑝𝑢𝑡)) (IV.56)

𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 𝑀𝑆𝐸 + 10 ∗ 𝑜𝑣𝑒𝑟𝑠ℎ𝑜𝑜𝑡2 (IV.57)

 Particle swarm parameters:

Particle number: 30.

Inertia weight ω: 0.729.

Acceleration coefficients: c1 = c2 = 1.49445.

Iterations: 100.

Bounds: Kp[0.1,5], Ki E [0.01,2], Kd E [0.001,1].

 Offline training data

The data that used to tune PID controllers using PSO is generated from a Mamdani

fuzzy logic controller e controller in [63]. The data generated under circular path tracking task

with number of samples 12001.Table IV.3 presents the resulted PID parameters for each

controller. While Figures 8 and 9 shows the tuning MSE for tow PIDs.

Figure IV.8 Y position PID tuning MSE Figure IV.9 X position PID tuning MSE

Table IV.3 The best PID gains

Gains Kp Ki Kd

Y controller 1.7 0.010 1

X controller 1.29 0.010 1
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IV.5.3 ANFIS Controller Design

Pitch and roll subsystems of the coaxial octorotor exhibit the strongest nonlinear

coupling and the fastest dynamics. An Adaptive Neuro-Fuzzy Inference System (ANFIS) is a

good choice here because it combines the interpretability and rule structure of fuzzy systems

with the learning and approximation capability of neural networks. Thus ANFIS provides an

adaptive nonlinear compensator for the inner loops, improving tracking and disturbance

rejection while remaining computationally light.

The adaptive neuro-fuzzy inference system designed basing on a Takagi-sugeno fuzzy

logic controller with tow inputs the error and its time derivative. Each input has three

Gaussian membership functions where the output considered as linear function.

IV.5.3.1 Training data

The training data generated from a smiluation of coaxial octorotor in circular path

tracking task with 12001 samples. Where the controller used in this task is type 1 mamdani

fuzzy logic controller applied to all subsystems, this FLC proofed its stability and robustness

under external disturbances in paper [63]. Figure IV.10 presents the training data.

Figure IV.10 Training data
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IV.5.3.2 Takagi sugeno generation using grid partion

Figures IV.11, IV.12, IV.13 and IV.14 show the input membership functions for both

input variables for the subsystems φ and θ while figures IV.15 and IV.16 show the training

error for both subsystems. Figures IV.17 and IV.18 shows the output error for both

subsystems φ and θ.

Figure IV.11 Pitch controller input error MFs Figure IV.12 Pitch controller error time

derivative MFs

Figure IV.13 Roll controller input error MFs Figure IV.14 Roll controller error time

derivative Mfs

Figure IV.15 Pitch subsystem ANFIS

training error

Figure IV.16 Roll subsystem ANFIS training

error
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Figure IV.17 Pitch subsystem ANFIS output

error

Figure IV.18 Roll subsystem ANFIS output

error

From figures IV.15 to IV.18 we can see that the ANFIS controller has been trained well

and it give a remarkable training error as figure IV.15 and IV.16 for both subsystems. Also

the ANFIS controller give small error compared to the target data for both subsystems as

figures IV.17 and IV.18. The resulted rules surface for the trained sugeno FLCs for both φ

and θ shown in figures IV.19 and IV.20 respectively.

Figure IV.19 Pitch ANFIS controller surface Figure IV.20 Roll ANFIS controller surface

IV.6 Simulation results and discussion
The proposed control approach is evaluated in a 6 DOF coaxial octorotor dynamic

model designed in MATLAB/Simulink. A solar farm surveillance trajectory scenario was

applied to the controller. Also a robustness test is done to the controllers and a comparison

using performance indices between the proposed controller and the FLC controller in [63].

Table IV.4 shows the simulation parameters.
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Table IV.4 Dynamic model parameters [55]

Parameter Simulated Value

𝑏 2.9842 × 10−5N.
m

rad
/s

𝑑 2.2320 × 10−7N.
m

rad
/s

𝐾1,𝐾2,𝐾3 (5.5670, 5.5670, 6.3540) × 10−2N.
m

rad
/s

𝐾4,𝐾5,𝐾6 (5.5670, 5.5670, 6.3540) × 10−2N.
m

rad
/s

𝐽𝑟 2.8385 × 10−5N.
m

rad
/s2

𝐼𝑥 , 𝐼𝑦 , 𝐼𝑧 (4.2, 4.2, 7.5) × 10−2N.
m

rad
/s2

𝑚 1.6 Kg

𝑙 0.23 m

IV.6.1 Solar farm surveillance task

Monitoring and inspecting solar farms is one of the key applications where UAVs prove

highly valuable. For this task, a solar-farm surveillance trajectory was generated in

MATLAB, set at an altitude of 18 meters and covering a farm area 50 meters wide and 100

meters long. This path represents a typical inspection route that a UAV would follow during

real operational conditions. Figures IV.21, IV.22, and IV.23 illustrate how effectively the

proposed controllers guide the coaxial octorotor along this trajectory, demonstrating their

capability to handle the surveillance mission

Figure IV.21 Pitch ANFIS controller response
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Figure IV.22 Roll ANFIS controller response

Figure IV.23 Yaw FSMC controller response

The full trajectory tracking task is shown in the figure IV.24 which proofs the efficiency

of the proposed controllers in term of error tracking.



Chapitre IV Hybrid Control Strategy using ANFIS, FSMC and PSO Optimized PID

Page 96

Figure IV.24 Solar farm surveillance task trajectory

IV.6.2 Robustness test

As robustness test in order to verify the effectiveness of the proposed control strategy, a

wind simulation effects are applied on the proposed control scheme. The wind applied to

angles φ, θ and Ψ and to the position as a trajectory drift for the x, y and z. Figures IV.25 to

IV.26 shows response of the controller to the wind disturbances which the ANFIS controller

responded well to the deviation of 0.2 rad in the angles pitch and roll in figures IV.27 and

IV.28, also the FSMC responded well to a deviation of 0.2 turn in figure IV.28.

In figures IV.25 and IV.26 we can remark that the controller recovers the tracking of the

desired trajectory  after a time period of 90 second and that returns to the disturbance applied

to position subsystems x and y. This high coupling between the angle and position parameters

because that the x and y subsystems are outer loops and the angles φ and θ are the inner loops.
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Figure IV.25 Disturbance Pitch ANFIS response

Figure IV.26 Disturbance Roll ANFIS response

Figure IV.27 Disturbane yaw FSMC response
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The external disturbances in position subsystems x, y and z is shown in figure IV.28

which is a full trajectory under disturbances. We can remark that the controller responded

well to the disturbances where its keep tracking the desired trajectory.

Figure IV.28 Disturbances in the trajectory

IV.6.3 Comparisonof Performances

A comparison study is investigated to this proposed hybrid control approach. The

objective is show the effctivemess of this control strategy with the standard fuzzy logic

controller proposed in paper [63]. The comparison tets is realized using the usually known

creterians as error performance indices: IAE (integral absolute error ), ITSE ( integral time

squre error ) and the control effort (CE) under rectangular path tracking task. The following

equations: (IV.58),(IV.59),(IV.60) describes these indices and the control effort.

IAE= ∑ |e(k.Ts)|N
k=0 (IV.58)

𝐼𝑇𝑆𝐸 = ∑ 𝑘𝑇𝑠 . (𝑒(𝑘.𝑇𝑠))2𝑁
𝐾=0 (IV.59)

CE=∑ Ui
2N

i=1 (IV.60)

where:

e: Error between the two responses

K: discrete time step
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Ts: sampling time

The  comparison results are presented in tables IV.5 and IV.6, while the results in the

table IV.5 prsentes the IAE and ITSE comparision between the FLC and the proposed  hybrid

approach, the results shows that the hybrid aproach has the superioir performance than the

FLC  in the subsystems Z, yaw, pitch and roll and that returns to the use of FSMC controllers

in the z and yaw and the ANFIS controllers in the subsystems angles φ and θ, in the other

hand the PID used in the x and y subsytems give a lower performance than the FLC. As an

overal result the  FSMC ANFIS hybride appproache has the superior performance than the

FLC in the error performance indices.

The results in table IV.6 gives the comparision in the control effort parameter and we

can remark easily that the proposed hybrid approach had the superior performance than the

FLC, this superiority make the coaxial octorotor that controlled using this hybrid

approacheflys longer distance and more time than the FLC. Figure IV.29 shows the

superiority of the proposed hybrid appraoche than the FLC controller in a rectangular

trajectory we can remark that the green line which for the hybrid approach is the nearest

trajectory to the reference trajectory in red.

Table IV.5 IAE and ITSE comparision

The hybrid approach FLC

IAE ITSE IAE ITSE

X 0.41247 0.20507 0.24007 0.060747

Y 0.15391 0.015028 0.11169 0.0089207

Z 0.011738 6.75e-05 4.6739 11

Pitch 0.24974 0.032777 0.34995 0.093469

Roll 0.22554 0.026065 0.2303 0.037977

Yaw 0.00014652 3.8467e-0 2.0116 2.062

Table IV.6 Control effort comparison

FSMC_ANFIS FLC

U1 29,570 29,569.84

U2 0.0011678 4,449.50

U3 7.3699e-05 4,490.38

U4 2.9036e-06 332.10

Total Control effort 29570.4566 38838.6581
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Figure IV.29 FLC vs the hybrid approach under rectangular path
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IV.7 Conclusion

This chapter was dedicated to presenting, analyzing, and validating a sophisticated

hybrid control strategy for a coaxial octorotor UAV. The core objective was to address the

complex, nonlinear, and coupled dynamics of the system by intelligently combining several

advanced control techniques.

We began by laying the theoretical groundwork for the main components: the Adaptive

Neuro-Fuzzy Inference System (ANFIS), which merges the learning power of neural

networks with the interpretability of fuzzy logic; the Fuzzy Sliding Mode Control (FSMC),

which enhances robust sliding mode control by using a fuzzy system to suppress harmful

chattering; and Particle Swarm Optimization (PSO), used to automatically and efficiently tune

the parameters of conventional PID controllers.

The heart of the chapter was the design of the hybrid control architecture itself.

Recognizing the different characteristics of the octorotor's subsystems, we allocated the most

suitable controller to each technique such as :

- FSMC was deployed for the altitude and yaw channels, leveraging its inherent

robustness to handle uncertainties and external disturbances effectively while

eliminating chattering.

- ANFIS was chosen to control the pitch and roll anglesthe fastest and most

tightly coupled dynamics. Its ability to learn and adapt from data made it ideal

for compensating for nonlinearities and providing precise, adaptive inner-loop

control.

- PSO-optimized PID controllers were used for the outer position (x, y) loops,

where PSO ensured an optimal set of gains that would be difficult to find

manually, improving the overall tracking performance.

The proposed strategy was then put to the test through comprehensive

MATLAB/Simulink simulations. First, in a realistic solar farm surveillance scenario, the

controllers demonstrated excellent trajectory tracking capabilities. More importantly, a

dedicated robustness test under simulated wind disturbances proved that the hybrid system

could recover stable flight and continue tracking after significant perturbations, a critical

requirement for real-world UAV operation.

Finally, a quantitative performance comparison against a standard Fuzzy Logic

Controller (FLC) benchmark underscored the superiority of our approach. The hybrid FSMC-
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ANFIS-PID strategy achieved lower tracking errors (IAE, ITSE) in most subsystems and,

crucially, a significantly reduced control effort. This latter point is not just a numerical

advantage; it translates directly into practical benefits like longer flight times and reduced

actuator wear for the octorotor.

In summary, this chapter successfully demonstrated that by synergistically combining

ANFIS, FSMC, and PSO-optimized PID into a single, cohesive framework, we can create a

control system that is not only highly performant and robust but also intelligently adapted to

the distinct challenges posed by each axis of a complex aerial vehicle.
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This thesis has contributed to the advancement of autonomous aerial robotics by

proposing a coherent and comprehensive framework for the modeling and intelligent control

of a coaxial octorotor unmanned aerial vehicle (UAV). By following a structured progression

from rigorous dynamic modeling to the development of advanced hybrid control architectures

this work demonstrates that the integration of computational intelligence techniques is

essential for effectively addressing the complex, nonlinear, and strongly coupled dynamics

characteristic of modern multirotor platforms.

The research began in Chapter I with the systematic derivation of a complete six-

degree-of-freedom (6-DOF) nonlinear dynamic model based on the Newton–Euler

formulation. The proposed model explicitly incorporates key physical phenomena, including

gyroscopic effects, aerodynamic drag, and rotor dynamics. Its implementation and validation

in the MATLAB/Simulink environment provided a high-fidelity representation of the

octorotor behavior, forming a reliable foundation for the design, simulation, and evaluation of

all subsequent control strategies developed in this thesis.

Building on this foundation, Chapter II addressed the control challenges arising from

the system’s pronounced nonlinearities and underactuated nature. A Type-1 Mamdani fuzzy

logic controller (FLC) was designed and evaluated, demonstrating the effectiveness of rule-

based and expert-inspired control approaches for aerial systems. The obtained results

confirmed that fuzzy control can achieve stable hovering and satisfactory trajectory tracking

without requiring precise linearization, highlighting its suitability for UAV applications that

demand adaptability, smooth control action, and robustness to modeling uncertainties.

In Chapter III, the study progressed toward more advanced nonlinear control solutions

through a comparative analysis of three hybrid controllers: a Sliding Mode PID (SMC-PID), a

Fuzzy PD controller (FPDC), and a Fuzzy Sliding Mode Controller (FSMC). This analysis

revealed the inherent trade-offs of each approach. While the SMC-PID exhibited strong

robustness at the expense of chattering, and the FPDC ensured smooth control with reduced

robustness under disturbances, the FSMC successfully reconciled these limitations. By

embedding fuzzy inference within the sliding mode framework, the FSMC effectively

suppressed chattering while maintaining robustness and finite-time convergence. Its superior

performance across multiple tracking and error-based performance indices, as well as its

enhanced disturbance rejection capability, established it as the most effective controller

among the evaluated strategies.
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The research reached its culmination in Chapter IV with the development of an

optimized, multi-layered hybrid control architecture integrating FSMC, ANFIS, PSO, and

PID controllers. This architecture represents the most advanced contribution of the thesis,

employing a task-oriented allocation of control techniques: FSMC for robust altitude and yaw

regulation, ANFIS for adaptive and data-driven control of the highly coupled roll and pitch

dynamics, and PSO-optimized PID controllers for the outer position control loops. When

evaluated in a realistic solar farm inspection scenario and subjected to sustained wind

disturbances, this hybrid strategy significantly outperformed the baseline fuzzy controller. It

achieved high-precision trajectory tracking, rapid disturbance recovery, and notably reduced

overall control effort an important factor for extending flight endurance and minimizing

actuator wear in practical UAV deployments.

In summary, this thesis demonstrates that the evolution from classical modeling

techniques toward intelligent and hybrid control architectures is a fundamental requirement

for achieving reliable autonomy in next-generation UAV systems. The principal contribution

lies in establishing that hybrid control paradigms combining the robustness of variable

structure control [8], the interpretability of fuzzy logic [7], and the adaptability of neuro-

learning systems [6] offer a powerful and generalizable solution for controlling coaxial

octorotors in uncertain and dynamic environments [27]. The proposed FSMC and the final

FSMC–ANFIS–PSO–PID architecture provide a solid foundation for future research,

particularly in the areas of adaptive learning-based control and experimental validation on real

aerial platforms.

The proposed FSMC and the final FSMC–ANFIS–PSO–PID architecture provide a

solid foundation for future research where the future work will focus on Hardware-in-the-

Loop (HIL) validation and experimental flight testing on a physical coaxial octorotor platform

to further assess the practical feasibility and real-time performance of the proposed

controllers. Additional research directions include the development of fault-tolerant and

vision-based autonomous inspection systems to enhance operational reliability and

autonomous mission capabilities, as well as the investigation of advanced artificial

intelligence techniques, such as deep reinforcement learning and transformer-based intelligent

control, to further improve adaptability, robustness, and decision-making in complex and

dynamic environments.
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صخلم

لكشب ةبترم حوارم ةینامثبرایط نودب ةرئاط يف يكذلا مكحتلاو ةجذمنل لاًماكتم ارًاطإ ةحورطلأا هذھ مدقت

،رلیوأ–نتوین ةغایص مادختساب ةیرح تاجرد تسب يطخ ریغ يكیمانید جذومن ریوطتمت.ایاوز عبرا ىلع يروحملا

مت ،جذومنلا اذھ ىلع دامتعلااب.مكحتلا ةمظنأ ریوطتل اًقوثوم اسًاسأ رفوی امم ،ةاكاحملا قیرط نع ھتحص نم ققحتلاو

ةیطخلا ریغ تایكیمانیدلا عم لماعتلا يف اھتیلاعف ترھظأ ثیح ،يبابضلا قطنملا ىلع ةمئاق ةیكذ مكحت تایجیتارتسا میمصت

قطنملا نیب عمجت ةنیجھ مكحت تاینقت ةسارد مت ،ةناتملا زیزعتلو.حوارملاةددعتم ةیوجلا تابكرملل ةوقب ةلخادتملاو

لیلقت ىلع رداق يبابضمكحتمبززعم يقلازنا طمنب مكحتم ریوطت ىلإ ىدأ امم ،ةیقلازنلاا طامنلأاب مكحتلاو يبابضلا

ةساردلا هذھ جَّوتُتو.ةقیقد ریغلا جذومنلا تادادعاو تابارطضلاا ةھجاوم يف ةناتملا ىلع ظافحلا عمزازتھلاا ةرھاظ

ایاوز يف مكحتلل يبصعلا ملعتلا تاكبشب ززعملا يبابضلا مكحتلاةمظنأ جمدت ةنَّسحمُ ةنیجھ مكحت ةیجیتارتسا ةسدنھب

PIDتامكحتم ىلإ ةفاضإ ،فارحنلااو عافترلاا يف مكحتلليبابضلامكحتملاب ززعملاةیقلازنلاا مكحتلاو ،هاجتلاا

،عبتتلا ةقد نسحت ةاكاحملا جئاتن دكؤتو.عضوملا عبتت نیسحتل تامیسجلا بارسأ ةیمزراوخ مادختساب تادادعلاا ةطوبضم

قیقحت يف يعانطصلااءاكذلا تاینقت جمد ایازم زربی امم ،مكحتلا دھج لیلقتو ،تابارطضلاا ىلع قوفتلاةردق ةدایزو

.لقتسملامكحتلا تاذ تامھملا للاخ رایط نودب تارئاطلا يف دیجلا مكحتلا

يروحملا لكشب ةبترم حوارم ةینامثبرایط نودب ةرئاط ،مكحتلا ةیتاذةلوھأم ریغ ةرئاط ةبكرم:ةیحاتفملا تاملكلا
قطنملاب مكحتلا،يبصعلا ملعتلا تاكبشب ززعم يبابضنیجھماظن،قلازنلاا طمنب مكحتلا،ایاوز عبرأ ىلع ةعزوم
.ةناتملا،راسملاعبتت،تامیسجلا بارسأ نیسحت ةیمزراوخ،يبابضلا

Abstract:

This thesis presents a comprehensive framework for the modeling and intelligent
control of a coaxial octorotor UAV. A nonlinear six-degree-of-freedom dynamic model is
derived using the Newton–Euler formalism and validated through simulation, providing a
reliable basis for control design. On this foundation, intelligent control strategies based on
fuzzy logic are developed, demonstrating the effectiveness of rule-based approaches for
handling nonlinear and coupled UAV dynamics. To enhance robustness, hybrid control
techniques combining fuzzy logic and sliding mode control are investigated, leading to a
Fuzzy Sliding Mode Controller that effectively suppresses chattering while preserving
robustness against disturbances and model uncertainties.The study culminates in an optimized
hybrid control architecture that integrates Adaptive Neuro-Fuzzy Inference Systems for
adaptive attitude control, Fuzzy Sliding Mode Control for robust altitude and yaw regulation,
and Particle Swarm Optimization–tuned PID controllers for efficient position tracking.
Simulation results confirm improved tracking accuracy, disturbance rejection, and reduced
control effort,highlighting the benefits of integrated computational intelligence for
autonomous UAV operation.

Keywords :Unmanned areil vehicle, Coaxial octorotor, Sliding mode control, adaptive neuro
fuzzy inference system, Fuzzy logic control, Particle swarm optimiziation, path tracking,
robustness



Résumé:

Cette thèse présente la modélisation et le contrôle intelligent d’un drone octorotor
coaxial. Un modèle dynamique non linéaire à six degrés de liberté est établi à l’aide du
formalisme de Newton–Euler et validé par simulation, constituant ainsi une base fiable pour
la conception des lois de commande. Sur la base de ce modèle, des stratégies de contrôle
intelligent fondées sur la logique floue sont développées, démontrant l’efficacité des
approches à base de règles pour traiter les dynamiques non linéaires et fortement couplées des
véhicules aériens multi-rotors. Afin d’améliorer la robustesse, des techniques de commande
hybrides combinant la logique floue et la commande en mode glissant sont étudiées,
conduisant à un contrôleur flou en mode glissant capable de supprimer le phénomène de
chattering tout en conservant une forte robustesse face aux perturbations et aux incertitudes de
modélisation.Ce travail aboutit à une architecture de commande hybride optimisée intégrant
des systèmes neuro-flous adaptatifs pour la régulation de l’attitude, une commande floue en
mode glissant pour le contrôle robuste de l’altitude et du lacet, ainsi que des régulateurs PID
optimisée par l’algorithme d’optimisation par essaim de particules pour un suivi de position
efficace. Les résultats de simulation confirment une amélioration significative de la précision
de suivi, de la capacité de rejet des perturbations et une réduction de l’effort de commande,
mettant en évidence l’intérêt de l’intégration des techniques de l’intelligence
computationnelle pour l’autonomie avancée des drones.

Mots-clés: Drone autonoume, Octorotor coaxial, Commande en mode glissant, Système
d’inférence neuro-flou adaptatif, Commande par logique floue, Optimisation par essaim de
particules, Suivi de trajectoire, Robustesse.




