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Abstract

Quadrotors are increasingly employed in a wide range of applications, including surveying, agriculture, military op-
erations, and rescue missions, due to their superior maneuverability. However, achieving accurate and stable control
continues to pose a significant challenge. This study aims to enhance the performance of an adaptive critic-based neu-
rofuzzy controller for quadrotors by replacing the conventional proportional-derivative (PD) critics with fuzzy critics.
The control performance was quantitatively evaluated using the root mean square error (RMSE) criterion. Simula-
tion results demonstrate that incorporating fuzzy critics improves performance by more than 39% compared to the
traditional PD-based approach. To evaluate the trajectory tracking performance of the adaptive fuzzy-critic-based neu-
rofuzzy controller under disturbance, external disturbances were introduced into the quadrotor model. The controller
employing fuzzy critics exhibited strong disturbance rejection, maintaining accurate trajectory tracking despite exter-
nal interferences. These findings highlight the effectiveness of fuzzy-critic-based neurofuzzy controllers in improving
quadrotor trajectory tracking performance under dynamic and uncertain real-world conditions.
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1 Introduction

Quadrotors have garnered significant attention from researchers due to their extensive applications in diverse fields,
including surveying [5], agriculture [32], surveillance [7], and wildlife monitoring [26], as well as their advantages over
other types of unmanned aerial vehicles (UAVs) [4].

Various control strategies have been employed to regulate quadrotors. Among these, linear control methods such as
the proportional-integral-derivative (PID) controller [20] and the linear quadratic regulator (LQR) [35] are commonly
used. However, due to the poor performance of these controllers under disturbances and when operating far from
equilibrium, several studies have sought to enhance their effectiveness by integrating them with other techniques. For
instance, some approaches involve using a fuzzy logic system to adjust the PID coefficients dynamically or employing
a genetic algorithm to optimize the LQR weight matrices [6, 13, 17, 19, 21, 25, 30, 31, 34].

Nonlinear control methods represent another class of control strategies applied to quadrotors. Notable examples
of these methods include the backstepping approach [9, 16], feedback linearization [27], and sliding mode control
[2, 12, 14, 15, 22].

Nonlinear controllers typically require precise tuning of coefficients and possess complex structures. In contrast,
artificial intelligence (AI)-based control methods have significantly reduced these challenges while maintaining effective
disturbance rejection. Notable AI-based strategies for quadrotor control include fuzzy logic controllers [8, 15, 18] and
machine learning-based controllers [1, 29]. Another category of AI-based controllers is the brain emotional learning-
based intelligent controller (BELBIC), initially introduced for quadrotor control in [11].
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Although the BELBIC demonstrates strong learning capabilities, a model-free structure, and effective disturbance
handling, it is more sensitive to parameter variations than other AI-based controllers such as the adaptive critic-
based neurofuzzy controller (ACNFC). The ACNFC has been applied in various domains, including vehicle suspension
vibration control [36], unmanned bicycle control [33], milling system control [3], and quadrotor control [28].

Recent research in fuzzy and learning control supports and strengthens the foundations of our proposed ACNFC-
based quadrotor tracking system. The study [24] develops a model-free, data-driven approach to adjust fuzzy controller
parameters using closed-loop experiments, backed by rigorous stability analysis via Popov’s hyperstability theory—an
approach conceptually akin to our adaptive fuzzy critic, which also refines control policies through feedback-driven
learning. The article [10] presents a two-tiered framework, where a global planner is complemented by a local fuzzy
controller that adeptly manages dynamic obstacles—demonstrating how fuzzy inference can effectively navigate real-
time nonlinearities, much like our fuzzy critic handles aerial uncertainties. Finally, the study [37] applies a cascade of
Lyapunov, sliding mode, and PID controllers to manage a highly nonlinear electromagnetic suspension, ensuring robust
stability—mirroring our quadrotor system, where hybrid intelligent structures and cascade reasoning underpin robust
trajectory tracking under disturbances. Collectively, these studies illustrate the adaptability, stability, and resilience of
fuzzy and cascade learning-based control architectures—qualities that our ACNFC framework extends into the domain
of aerial robotics.

Moreover, recent advances in fuzzy-control research underscore the critical importance of rigorous stability analysis
for adaptive systems. The study [23] offers a comprehensive survey of fuzzy controllers applied in mechatronics—covering
Takagi–Sugeno (TS) model-based, data-driven, and evolving systems—with a strong emphasis on stability methods.
They highlight how TS controllers benefit from less conservative Lyapunov- and LMI-based analyses, and point out
the lack of formal stability guarantees in evolving fuzzy architectures, despite their flexibility. By contextualizing our
adaptive critic neurofuzzy controller within this framework—especially given its evolving, data-adaptive nature—we
align with current literature that considers stability a central challenge in fuzzy-learning controllers.

Typically, two types of critics are employed in the ACNFC: the PD critic and the fuzzy critic. While PD critics are
commonly used in ACNFC frameworks, they inherently provide linear evaluations of system errors and lack the flexibility
to adapt under complex nonlinear and uncertain dynamics. Fuzzy critics, by contrast, offer a richer inference mechanism
that can model nonlinear error dynamics and improve learning-based adaptation. Despite this potential, to the best of
our knowledge, fuzzy critics have not yet been employed within ACNFC architectures for quadrotor control. Therefore,
this study aims to address this gap by designing a novel fuzzy critic for the ACNFC and evaluating its impact on
quadrotor trajectory tracking performance, particularly under external disturbances. The proposed approach replaces
the conventional PD critic used in [28] with a Mamdani-type fuzzy critic, and demonstrates significant improvements
in accuracy, thereby advancing the capabilities of learning-based control in aerial robotics.

2 Materials and methods

2.1 Quadrotor dynamics

A quadrotor is an aircraft equipped with four rotors, each mounted on one of its four arms along with its corresponding
propellers. The propellers are designed to generate upward thrust during rotation. Since opposing pairs of propellers
rotate in the same direction, the drag torques produced by each pair cancel out when the rotor speeds are equal, thereby
preventing the quadrotor from rotating.

To describe the dynamics of a quadrotor, two coordinate systems are employed: the body coordinate system (moving)
and the inertial coordinate system (fixed). The relationship between these two coordinate systems is established using
ZYX Euler angles. This means the body coordinate system is first rotated by an angle ϕ around its x-axis, then by an
angle θ around the new y-axis, and finally by an angle ψ around the new z-axis to align with the inertial coordinate
system. The resulting transformation is represented by a rotation matrix. This rotation matrix, which converts the
body coordinate system to the inertial coordinate system, is given by equation (1). Here, c and s denote the cosine and
sine functions, respectively. The Euler angles ϕ, θ, and ψ represent roll, pitch, and yaw, respectively.

Ri
b =

cθcψ sϕsθcψ − cϕsψ cϕsθcψ + sϕsψ
cθsψ sϕsθsψ + cϕcψ cϕsθsψ − sϕcψ
−sθ sϕcθ cϕcθ

 . (1)

This rotation matrix is used to transform vectors from the body coordinate system to the inertial coordinate system.
For instance, the thrust force generated by the rotation of the propellers in the body coordinate system is represented
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as Tb =
[
0 0 T

]T
. To express this force in the inertial coordinate system, it can be written as:

Ti = Ri
bT

b =

T (cϕsθcψ + sϕsψ)

T (cϕsθsψ − sϕcψ)

T (cϕcθ)

 . (2)

Thus, by applying Newton’s second law along the three axes of the inertial coordinate system, the equations governing
the translational motion of the quadrotor can be expressed as follows:

ẍ =
T

m
(cϕsθcψ + sϕsψ) +

fx
m

ÿ =
T

m
(cϕsθsψ − sϕcψ) +

fy
m

z̈ = −g + T

m
(cϕcθ) +

fz
m

(3)

In these equations, T represents the total thrust generated by the rotation of the propellers, m is the mass of the

quadrotor, and g denotes gravitational acceleration. The term
[
fx fy fz

]T
corresponds to the vector of external

forces, including air drag, turbulence, and other environmental disturbances. The air drag forces can be modeled using
the following equations: 

Fdx = −1

2
ρCdAxVx|Vx|

Fdy = −1

2
ρCdAyVy|Vy|

Fdz = −1

2
ρCdAzVz|Vz|

(4)

where ρ represents the air density, Cd is the air drag coefficient, Ai denotes the projected area of the quadrotor along
the axis i, and Vi is the velocity of the quadrotor along the axis i in the inertial coordinate system.

The three equations governing the rotational motion of the quadrotor are derived by applying Euler’s equations of
motion around the three axes of the body coordinate system, which are expressed as follows:

ṗ =
Iy − Iz
Ix

qr − Jp
Ix

Ωq +
τx
Ix

+
mx

Ix

q̇ =
Iz − Ix
Iy

pr +
Jp
Iy

Ωp+
τy
Iy

+
my

Iy

ṗ =
Ix − Iy
Iz

pq − Jp
Iz

Ω̇ +
τz
Iz

+
mz

Iz

(5)

In these equations, ωb =
[
p q r

]T
represents the angular velocity vector of the quadrotor in the body coordinate

system. The terms Ix, Iy, and Iz denote the moments of inertia of the quadrotor about the three principal axes in
the body coordinate system, centered at the quadrotor’s center of mass. The parameter Jp corresponds to the polar
moment of inertia of the propellers, while Ω represents the algebraic sum of the rotational speeds of the motors. The

torque vector generated by the rotation of the propellers is given by τb =
[
τx τy τz

]T
, where the x and y components

arise from the thrust forces of the propellers, and the z component results from the net drag torque of the rotating

propellers. Additionally, mb =
[
τx τy τz

]T
represents the vector of external torques, including disturbances acting

on the system.
To transform the angular velocity from the body coordinate system to the inertial coordinate system, in terms of

the time derivatives of the Euler angles, the following relationship can be written:

ωi = Ti
bω

b; Ti
b =

1 sϕtθ cϕtθ
0 cϕ −sϕ
0

sϕ
cθ

cϕ
cθ

 , (6)

where ωi =
[
ϕ̇ θ̇ ψ̇

]T
represents the angular velocity vector of the quadrotor in the inertial coordinate system, while

t denotes the tangent function.
Given that the thrust force and drag torque generated by the rotation of each propeller are expressed as Ti = bΩ2

i

and τzi = −sign(Ωi)dΩ2
i , where Ωi represents the rotational speed of the motor i, b and d are the thrust and drag
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coefficient of the propellers, respectively, and considering Figure 1, along with the definition of control inputs as U1 = T ,
U2 = τx, U3 = τy, and U4 = τz, the control inputs can be expressed as follows:

U1 = b(Ω2
1 +Ω2

2 +Ω2
3 +Ω2

4)

U2 = bl(−Ω2
1 − Ω2

2 +Ω2
3 +Ω2

4)

U3 = bl(Ω2
1 − Ω2

2 +Ω2
3 − Ω2

4)

U4 = d(−Ω2
1 +Ω2

2 +Ω2
3 − Ω2

4)

(7)

Figure 1: The quadrotor model and the propulsive forces acting on it

The model parameters analyzed in this study are presented in Table 1. These parameters were selected in accordance
with the research [28] to enable a comparison with its results.

Table 1: The quadrotor model parameters

Parameter Value Parameter Value

b 2.9× 10−8 N.s2

rad2 m 40 gr

d 8.8× 10−10 N.m.s2

rad2 Ix 2.093× 10−5 kg.m2

ρ 1.2 kg
m3 Iy 2.093× 10−5 kg.m2

Cd 0.5 Iz 4.122× 10−5 kg.m2

Ax 25× 10−4 m2 l 2
√
2 cm

Ay 25× 10−4 m2 Jp 5.036× 10−8 kg.m2

Az 70× 10−4 m2 Ωmax 31000 rpm

2.2 Control

Figure 2 illustrates the control structure implemented for the quadrotor in this study. As shown in the figure, the roll
and pitch degrees of freedom are controlled through the y-axis and x-axis control loops, respectively.
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Figure 2: The control structure used for quadrotor

The overall structure of the ACNFC, comprising three main components—a neurofuzzy network, a critic agent, and
a learning process—is depicted in Figure 3.

Figure 3: The structure of an ACNFC in a control loop

Neurofuzzy network: This section is based on the implementation of a Takagi-Sugeno-Kang (TSK) fuzzy logic
system within a neural network framework. A schematic representation of this system, with two inputs, one output,
and two membership functions (MFs) per input, is illustrated in Figure 4.

Figure 4: The schematic of a neurofuzzy network with two inputs, one output, and two MFs for each input

Fuzzification is carried out in the first layer by assigning membership degrees to the inputs based on their correspond-
ing MFs. In other words, each node in this layer acts as a fuzzifier, mapping the inputs to their respective fuzzy sets.
For two inputs, x1 and x2, with n and m MFs, respectively, the fuzzy sets are represented as µj(x1) for j = 1, 2, . . . , n
and µk(x2) for k = 1, 2, . . . ,m. Consequently, the total number of fuzzy rules in the system is N = n × m. In the
second layer, the AND operation in fuzzy rules is applied. In this study, this operation is implemented by multiplying
the corresponding membership values. Consequently, the output of each node in this layer can be expressed as follows:

ui = µj(x1)× µk(x2); i = 1, 2, ..., N, (8)

which ui is referred to as the activation rate of the ith rule. In the third layer, the activation rates are normalized using
the following equation:

ūi =
ui∑N
j=1 uj

. (9)

The output of the fourth layer is expressed as a linear combination of the inputs of the neurofuzzy system, with the
addition of a constant term, given by aix1 + bix2 + ci. The coefficients ai, bi, and ci are derived from the TSK rules
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and are updated throughout the learning process. In the fifth layer, defuzzification is carried out using the following
equation:

f =

N∑
i=1

ūi(aix1 + bix2 + ci). (10)

In this study, the neurofuzzy network used for controlling all variables has two inputs: the controller error (x1 = e)
and its derivative (x2 = ė). For all controllers, except for the ϕ and θ controllers with respect to the error input, three
MFs are considered for each input. However, for the error input of the ϕ and θ controllers, five MFs are used. Among
these MFs, the first and last are sigmoid functions, while the remaining ones are Gaussian functions. The general
equations for these two functions are provided in equations (11) and (12).

µSigmoid(x) =
1

1 + e−σ(x−c)
. (11)

µGauss(x) = e−
(x−c)2

2σ2 . (12)

In the above equations, the shape of these two functions varies based on the parameters σ and c. The values of these
parameters for all MFs are summarized in Table 2. In this table, the symbols N, NB, NS, Z, P, PB, and PS represent
negative, negative big, negative small, zero, positive, positive big, and positive small, respectively. Additionally, the
symbols S and G denote the sigmoid and Gaussian membership functions, respectively. Figure 5, Figure 6, and Figure 7
illustrate the MF diagrams of the neurofuzzy networks corresponding to the x and y controllers, the ϕ and θ controllers,
and the ψ controller, respectively.

Table 2: The specifications of the membership functions used in the neurofuzzy networks

Controller
e ė

MF Title MF Type c σ MF Title MF Type c σ

x, y, and z

N S −0.5 −8 N S −1 −5

Z G 0 0.5 Z G 0 1

P S 0.5 8 P S 1 5

θ and ϕ

NB S −π/4 −10
N S −π/5 −6

NS G −3π/20 −π/10

Z G 0 π/20 Z G 0 π/5

PS G 3π/20 π/10
P S π/5 6

PB S π/4 10

ψ

N S −π/4 −4 N S −π/2 −2

Z G 0 π/4 Z G 0 π/2

P S π/4 4 P S π/2 2
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Figure 5: The membership functions of the neurofuzzy networks for the x, y, and z controllers

Figure 6: The membership functions of the neurofuzzy networks for the ϕ and θ controllers

Figure 7: The membership functions of the neurofuzzy networks for the ψ controller

Critic: The role of the critic agent is to generate a reinforcement signal (r) based on the controller error and its
derivative. The objective of this signal is to optimize the neurofuzzy network parameters (ai, bi, and ci) through the
learning process such that its value is minimized. Consequently, the cost function for this optimization problem is
defined as follows:

E =
1

2
r2. (13)

As previously mentioned, two common methods are used to generate the reinforcement signal: the PD method,
defined as r = k1e+ k2ė, and the fuzzy method. The gains of the PD critics are chosen according to [28] (Table 3).

In this study, the Mamdani fuzzy logic system has been employed to design fuzzy critics. The inputs of these fuzzy
systems are the controller error (e) and its derivative (ė), while the output is the reinforcement signal (r). Three MFs
have been assigned to the inputs, and five MFs have been assigned to the output of each fuzzy critic, all of which
are either sigmoid or Gaussian functions. The specifications of the MFs for the critic inputs are presented in Table 4.
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Table 3: The gains of the PD critics

Controller k1 k2

x and y 0.1 0.05

z 1 0.3

ϕ and θ 0.5 0.1

ψ 0.05 0.02

Likewise, the specifications of the MFs for the critic outputs are provided in Table 5. The graphical representations of
these MFs are illustrated in Figure 8 to Figure 13. Since three membership functions are assigned to the inputs of the
critics, each critic contains a total of nine fuzzy rules. These fuzzy rules, which are identical for all critics, are presented
in Table 6. The fuzzy critics membership functions and rules were selected empirically using a trial-and-error approach,
aiming to achieve accurate and reliable controller performance through iterative simulation.

Learning process: By defining w as the vector of TSK parameters and η as the learning rate, the formulation of
the learning process begins with the following equation, which implies that the TSK parameters must be updated in
the opposite direction to the gradient of E at a step size determined by η.

∆w = −η ∂E
∂w

. (14)

By applying the chain rule to the derivative, equation (14) can be rewritten as follows:

∆w = −η ∂E
∂r

× ∂r

∂e
× ∂e

∂O
× ∂O

∂f
× ∂f

∂w
, (15)

which, f represents the control effort (controller output), O is the output of the plant, ∂O∂f denotes the Jacobian of the
plant, and e is the controller error. Therefore,

e = Oref −O ⇒ ∂e

∂O
= −1. (16)

The term ∂E
∂r = r is derived from equation (13). Additionally, to simplify the expression, the Jacobian sign is replaced

with ∂O
∂f , and it is assumed that ∂r

∂e = 1. As a result, the simplified form of equation (15) is given as:

∆w = ±ηr ∂f
∂w

. (17)

In equation (17) the positive sign is applied when the Jacobian is positive, while the negative sign is used when the
Jacobian is negative. The Jacobian is positive for all degrees of freedom except for the y direction, where it is negative
(Figure 1). By substituting the TSK parameters for w in the above equation and considering equation (10), the update
relations for the TSK parameters are obtained as follows.

ai := ai ± ηrx1ūi

bi := bi ± ηrx2ūi

ci := ci ± ηrūi

(18)
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Table 4: The specifications of the membership functions assigned to the inputs of fuzzy critics

Controller
e ė

MF Title MF Type c σ MF Title MF Type c σ

x

N S −0.5 −6 N S −1 −3

Z G 0 0.5 Z G 0 1

P S 0.5 6 P S 1 3

y

N S −1 −3 N S −1.5 −2

Z G 0 1 Z G 0 1.5

P S 1 3 P S 1.5 2

z

N S −0.25 −12 N S −0.25 −12

Z G 0 0.25 Z G 0 0.25

P S 0.25 12 P S 0.25 12

ϕ

N S −2.5 −1.2 N S −5 −0.6

Z G 0 2.5 Z G 0 5

P S 2.5 1.2 P S 5 0.6

θ

N S −2 −1.5 N S −4 −0.75

Z G 0 2 Z G 0 4

P S 2 1.5 P S 4 0.75

ψ

N S −0.05 −60 N S −0.5 −6

Z G 0 0.05 Z G 0 0.5

P S 0.05 60 P S 0.5 6

Table 5: The specifications of the membership functions assigned to the output of fuzzy critics

Controller
r

MF Title MF Type c σ

x, y, z, ϕ, and θ

NB S −0.45 −20

NS G −0.3 0.15

Z G 0 0.15

PS G 0.3 0.15

PB S 0.45 20

ψ

NB S −0.1 −90

NS G −2/30 1/30

Z G 0 1/30

PS G 2/30 1/30

PB S 0.1 90
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Figure 8: The membership functions of the x controller fuzzy critic

Figure 9: The membership functions of the y controller fuzzy critic

Figure 10: The membership functions of the z controller fuzzy critic
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Figure 11: The membership functions of the ϕ controller fuzzy critic

Figure 12: The membership functions of the θ controller fuzzy critic

Figure 13: The membership functions of the ψ controller fuzzy critic
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Table 6: Fuzzy rules of the fuzzy critics

e

ė
N Z P

N NB NS Z

Z NS Z PS

P Z PS PB

The learning rates assigned to the controllers are presented in Table 7, and are defined based on the findings of [28].
Notably, for the controllers corresponding to x and y, the learning rate is set to 0.1 during the first 10 seconds. Between
10 and 20 seconds, this rate increases to 0.25, and from the 20th second onward, it is further increased to 1.

Table 7: The learning rates assigned to the controllers

Controller
Learning rate (η)

t < 10 10 ≤ t < 20 t ≥ 20

x and y 0.1 0.25 1

z 0.5

ϕ and θ 0.005

ψ 0.05

3 Results and discussion

To evaluate the performance of the ACNFC with fuzzy critics in quadrotor control and compare it with the ACNFC
utilizing PD critics, simulations were conducted in the Simulink environment of MATLAB R2021b with fixed step size of
0.01 seconds. The simulation is configured such that a spiral trajectory is defined as the desired path for the quadrotor,
and the accuracy of the controllers in tracking this path is assessed. The performance evaluation in this study is based
on the root mean square error (RMSE), which is calculated using the following equation:

RMSE =

√√√√ 1

N

N∑
i=1

(xi − xd,i)2. (19)

which xi represents the i-th component of the signal being evaluated, xd,i is its desired value, and N denotes the total
number of components. The desired trajectory defined in this study follows the same pattern as in [28] and is expressed
as a function of time in equation (20). The corresponding diagram is illustrated in Figure 14.

xd = 10(cos(0.5t)− 1)

yd = 10sin(0.5t)

zd = t

(20)

Table 8 presents the tracking errors of the ACNFCs with PD and fuzzy critics for the desired values of x, y, and
z. Additionally, the graphs illustrating the tracking performance of these controllers are shown in figures 15 to 17.
According to Table 8, although the fuzzy critic improved trajectory tracking in the horizontal directions (x and y), an
increase of 11.25% in the z-axis RMSE (height tracking error) was observed compared to the PD critic. This rise can be
attributed to several interconnected factors. First, the vertical motion of the quadrotor is highly sensitive to variations
in thrust force due to its direct opposition to gravity. Small inconsistencies in the output of the fuzzy critic-especially
during rapid vertical changes-can lead to amplified deviations in altitude. Another contributing factor is the smoother
behavior of PD critics in low-error regimes, which may have provided slightly better fine control for maintaining altitude.
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Figure 14: The desired trajectory

Table 8: The tracking error of the two ACNFCs, one utilizing PD critics and the other employing fuzzy critics

Critic Type x-RMSE y-RMSE z-RMSE

PD 0.0974 m 0.1573 m 0.0024 m

Fuzzy 0.0287 m 0.0948 m 0.0026 m

Change −70.59% −39.78% 11.25%

To evaluate the performance of the ACNFC with the newly designed fuzzy critic under external disturbances, a
disturbance in the form of white noise (Figure 18) was applied as an external moment about the x-axis of the quadrotor
model (mx). Table 9 presents the tracking errors of the ACNFCs with PD and fuzzy critics for the desired values of x,
y, and z in the presence of disturbance. The simulation graphs are presented in figures 19 through 21.

Figure 15: Plot of x tracking (top) and its error (bottom) using ACNFCs with PD and fuzzy critics
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Figure 16: Plot of y tracking (top) and its error (bottom) using ACNFCs with PD and fuzzy critics

Figure 17: Plot of z tracking (top) and its error (bottom) using ACNFCs with PD and fuzzy critics

Figure 18: The disturbance applied to the quadrotor model as an external moment about the x-axis (mx)
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Table 9: The tracking error of the two ACNFCs, one utilizing PD critics and the other employing fuzzy critics in the
presence of disturbance

Critic Type x-RMSE y-RMSE z-RMSE

PD 0.0980 m 0.1540 m 0.0023 m

Fuzzy 0.0274 m 0.1358 m 0.0025 m

Change −72.01% −11.82% 7.71%

Figure 19: Plot of x tracking and its error using the ACNFC with fuzzy critics in the presence and absence of disturbance

Figure 20: Plot of y tracking and its error using the ACNFC with fuzzy critics in the presence and absence of disturbance
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Figure 21: Plot of z tracking and its error using the ACNFC with fuzzy critics in the presence and absence of disturbance

To facilitate a comprehensive performance comparison, Table 10 consolidates the RMSE values of the ACNFC under
both nominal and disturbed conditions for PD and fuzzy critics.

Table 10: Summary of RMSE performance for ACNFCs under nominal and disturbed conditions

Condition Nominal Disturbed

RMSE (m) x-RMSE y-RMSE z-RMSE x-RMSE y-RMSE z-RMSE

PD Critic 0.0974 0.1573 0.0024 0.0980 0.1540 0.0023

Fuzzy Critic 0.0287 0.0948 0.0026 0.0274 0.1358 0.0025

Change (%) −70.59 −39.78 11.25 −72.01 −11.82 7.71

4 Conclusion

This study aimed to enhance the performance of an ACNFC in tracking a spiral path by designing a fuzzy critic and
replacing the PD critic with a fuzzy one.

As shown in Table 8, it can be concluded that replacing the PD critic with a fuzzy critic improved the ACNFC’s
performance in tracking the x and y of the trajectory by 70.59% and 39.78%, respectively. However, it resulted in an
11.25% increase in the height tracking error. Despite this increase in height error, the controller still demonstrated a
relatively low error rate in height tracking. Therefore, it can be concluded that changing the critic type from PD to
fuzzy improved the overall performance of the controller in following the path. This conclusion is further supported by
the graphs presented in figures 15 through 17.

Next, to evaluate the performance of the ACNFC with a fuzzy critic in the presence of external disturbances, white
noise was introduced as an external disturbance into the system. The results demonstrate the controller’s effective
performance in trajectory tracking even in the presence of this disturbance and in mitigating its effects. This is further
illustrated by the graphs in figures 19 through 21.

This improvement in performance is accompanied by an increase in computational complexity. The added complexity
primarily stems from the inherent structure of the Mamdani fuzzy logic system, which involves the use of multiple
membership functions and the formulation of fuzzy inference rules that are customized for each critic.

4.1 Limitations and future work

Despite the performance improvements demonstrated by the proposed ACNFC with fuzzy critics, several limitations
remain in the current methodology. First, the study compares the fuzzy critic only against a PD critic within the ACNFC
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framework, without benchmarking against other advanced control strategies such as Model Predictive Control (MPC)
or Reinforcement Learning (RL). This narrow comparison limits the generalizability of the performance claims. Second,
all experiments were conducted in a simulation environment, and no hardware-in-the-loop or real-world flight tests were
performed. As a result, the controller’s robustness to real-world uncertainties such as sensor noise, communication
delays, or actuator saturation remains unverified. Third, the fuzzy critic’s design—including the choice of membership
functions, rules, and parameters—is based on expert knowledge and heuristics rather than a systematic optimization
process. While effective in this case, such hand-crafted tuning may not generalize to more complex or dynamic flight
scenarios.

To address these limitations, future work may explore integrating more sophisticated control paradigms. RL offers
a promising direction by enabling the automatic learning of control policies through interaction with the environ-
ment. Unlike fuzzy systems that rely on predefined rules, RL can discover optimal policies even in high-dimensional
and stochastic settings. Moreover, RL can inherently learn from disturbance-rich environments, potentially improv-
ing generalization and robustness. However, RL-based controllers often lack interpretability and require significant
computational resources for training, which may pose challenges for deployment.

MPC, on the other hand, provides a model-based framework that optimizes control actions over a prediction horizon
while enforcing system constraints. MPC is particularly effective at handling multi-variable systems and state/input
constraints, and could offer better performance guarantees in structured environments. Additionally, MPC naturally
incorporates disturbance rejection and trajectory tracking into its optimization. Nevertheless, MPC’s reliance on
accurate system models and its computational complexity may limit real-time applicability, especially in highly dynamic
or uncertain conditions. Therefore, hybrid approaches-such as fuzzy-tuned MPC or RL-enhanced ACNFC-could be
explored in future studies to combine the adaptability of learning-based methods with the predictability of model-based
control.
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