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Abstract: A novel fuzzy sliding mode control (FSMC) strategy is proposed to enhance the robustness and stability
of position control for underactuated quadrotor unmanned aerial vehicles (UAVs) in the presence of external distur-
bances and model uncertainties. To realize the adaptive ability and robustness of the system in complex dynamic
environments, an intelligent two-dimensional fuzzy controller is designed based on traditional sliding mode control
(SMC) to adjust SMC parameters in real time, thereby adapting to the variable structure parameters of the system.
First, based on the designed filter variables regarding errors, traditional SMC is used to reduce tracking errors.
Then, the fuzzy logic module (FLM) combined with SMC, i.e., the self-learning module (FLM+SMC), is developed
based on the filter variables and their rate of change to adjust the two parameters of the above SMC. Subsequently,
the output signals of the FLM are fed back into the SMC module, and then a closed-loop tuning system using
FSMC is developed for the UAVs. Moreover, the stability of the FSMC is rigorously verified using the Lyapunov
theory. Finally, comprehensive simulations demonstrate that the designed FSMC not only offers accurate trajectory
precision but also has robustness and disturbance rejection, and comparative simulations using SMC and adaptive
radial basis function neural network control (RBFNNC) are used to validate the result.
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1 Introduction

In the era of rapid development of unmanned
aerial vehicle (UAV) technology, UAV technology
has demonstrated widespread potential across var-
ious sectors, including military, civil, scientific re-
search, and energy (Du et al., 2019; Li et al., 2024).
For instance, within the energy sector, there has
been a growing emphasis on enhancing efficiency
and reducing costs in recent years to better adapt
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to the evolving environmental conditions. Vehicle
technology, particularly its trajectory tracking ca-
pabilities, offers novel opportunities for the energy
sector, enabling safer and more efficient operations,
maintenance, and monitoring in areas like wind and
solar energy (Amer et al., 2023; Rahbari et al., 2024).
However, the intrinsic characteristics of UAVs, such
as strong coupling, nonlinearity, and underactuation
(Guo et al., 2022; Wang F et al., 2024), combined
with model uncertainties arising from dynamic ex-
ternal environments, result in complex nonlinear dy-
namics, presenting significant challenges for mod-
eling and control design. This study focuses on
quadrotor UAVs as the research object, and exam-
ines the position tracking problem of UAVs.

As a widely-used classic linear control algo-
rithm, the proportional–integral–derivative (PID)
controller adjusts three weight coefficients, e.g., pro-
portional, integral, and derivative, to control the
output variable and bring it closer to the setpoint
(Pounds et al., 2012; Nair et al., 2016). For exam-
ple, Ermeydan and Kiyak (2017) proposed an en-
hanced PID controller to study fault-tolerant con-
trol of quadrotors, which solves the flight stabil-
ity problem caused by one or more actuator fail-
ures. With the development of intelligent technol-
ogy, PID control is combined with other intelligent
methods. For example, Santoso et al. (2021) pro-
posed a hybrid nonlinear control system with a tradi-
tional proportional–differential (PD) controller and
PD fuzzy logic. This system combines the numer-
ical simulation with real-time flight tests to solve
the problem of insufficient control accuracy in the
trajectory tracking of quadrotor UAVs. Mendoza
and Yu (2023) proposed a new fuzzy adaptive neu-
ral PID controller, which was tested using a fuzzy
adaptive control law simulation to solve the control
accuracy and stability issues in trajectory tracking
of small-scale UAVs. However, in nonlinear sys-
tems, especially quadrotors with both nonlinear and
strong coupling characteristics, PID controllers may
not provide sufficient control accuracy within a local
operating range near nonlinear points.

As a classic nonlinear control strategy, com-
pared to PID control, sliding mode control (SMC) is
more suitable for handling nonlinear, time-varying,
and easily disturbed systems compared to PID con-
trol. It can improve the transient and steady-state
performance of the system. SMC achieves precise

trajectory tracking of UAVs by quickly converging
on a sliding mode surface, and therefore it is widely
used in various systems (Wang T et al., 2014). Mean-
while, to further enhance the robustness and other
performance of SMC, exploring its combination with
other algorithms has become an important direction
in SMC research. For example, Chen FY et al.
(2016) proposed a robust nonlinear controller with
a dual-loop structure, which combines SMC with
backstepping control to solve the control problem
of quadrotor UAVs in Cartesian position trajectory
tracking. The simulation results showed that the
method has good robustness and tracking perfor-
mance. Nguyen et al. (2021) proposed an SMC
method for quadrotor systems under external distur-
bances. This method incorporates a neural network-
adjusted time-varying sliding mode surface for dy-
namic gain adaptation via backpropagation, coupled
with a disturbance observer to estimate and com-
pensate for external disturbances. Finally, the sta-
bility of the control method is verified using the Lya-
punov theory, demonstrating superior tracking per-
formance and anti-interference ability compared to
traditional SMC. Yu et al. (2022) proposed a new
non-singular fixed-time sliding mode surface and a
continuous fast fixed-time SMC law; the robustness
and stability problems of UAVs under parameter
uncertainty and external disturbances were solved.
However, during the operation of SMC, due to the
discontinuity of its control law, oscillations are eas-
ily generated, which can have adverse effects on the
actual performance and stability of the controller
(Chen FY et al., 2016).

Neural network control (NNC) is a powerful ma-
chine learning method that can effectively learn and
model complex nonlinear relationships. This algo-
rithm has excellent adaptability and generalization
ability, thus exhibiting flexible control capability in
dynamic systems. Compared with SMC, NNC can
automatically adjust the control strategy when deal-
ing with system changes, without the need to re-
design the controller or manually adjust parameters.
This characteristic of NNCs is particularly promi-
nent in dealing with nonlinear control problems,
especially in application scenarios that face chal-
lenges such as data scarcity or frequent environmen-
tal changes (Nodland et al., 2013; Rao et al., 2022;
Yang L et al., 2023). In view of the characteristics
of self-learning and nonlinear approximation, radial
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basis function neural network control (RBFNNC) is
widely used to compensate for uncertain items to
improve the robustness and adaptability (Chen PY
et al., 2021; Shen and Xu, 2021). Chen PY et al.
(2021) introduced an RBFNNC model into S-plane
control. The S-plane module achieves a parameter
adaptive adjustment function, solving the problem
of parameter coefficient setting in fixed-wing UAV
attitude control, relying entirely on experience and
being unable to adjust adaptively. Shen and Xu
(2021) proposed an active disturbance rejection con-
troller based on RBFNNC. They established a state
observer using the modern control theory and esti-
mated the unknown total disturbance using an adap-
tive radial basis function (RBF) neural network. Fi-
nally, the simulation results showed that this method
has good anti-interference and robustness. However,
RBFNNC requires a large amount of data for train-
ing to achieve excellent generalization ability, and
the training is also time-consuming.

In summary, designing variable structure con-
trol systems for UAVs has emerged as a mainstream
trend in scientific research. While significant ad-
vancements have been made in enhancing tracking
accuracy, several critical challenges remain unad-
dressed. One major issue is the insufficient emphasis
on system robustness in some studies (Yu et al., 2022;
Mendoza and Yu, 2023). This oversight can lead to
substantial degradation in system performance un-
der practical conditions, potentially compromising
overall system stability. Moreover, the complex and
dynamic nature of wind conditions and air distur-
bances in real-world flight environments is often ei-
ther overlooked (Chen FY et al., 2016; Ermeydan
and Kiyak, 2017) or overly simplified into constant
terms (Nguyen et al., 2021). Such simplifications
limit the applicability and effectiveness of the pro-
posed control algorithms in complex and dynamic
environments.

To overcome the limitations of the aforemen-
tioned UAV control algorithms, this paper proposes
a fuzzy sliding mode control (FSMC) strategy, specif-
ically for the position tracking problem of quadrotor
UAVs with complex dynamics. A nonlinear model
that encapsulates disturbances and parameter un-
certainties is constructed in the proposed FSMC
method, and an exponential convergence-based slid-
ing mode controller is integrated, enabling nonlinear
tracking of the system. Based on this, fuzzy control

is designed for the adaptive tuning of sliding mode
parameters, which not only improves tracking accu-
racy but also enhances the corresponding dynamic
performance.

The main contributions to this work are as
follows:

1. Designing an intelligent framework using a
fuzzy logic module (FLM, two-dimensional), i.e.,
FLM+SMC, for controlling parameters, realizing
self-learning adjustment of parameters in the local
range of nonlinear operating points under the condi-
tion of unmatched external interference.

2. The observation signal is obtained by using in-
terference information statistics. The control strat-
egy, using the interference feedback signal as con-
trol input information, is designed by combining the
above feedback observation with Lyapunov stabil-
ity analysis, thereby improving the robustness of the
UAV.

2 System dynamics

A quadrotor UAV can be defined as a type
of adversarial structure driven by four electric mo-
tors installed on the corresponding rotors (R1–R4).
The simplified dynamic model of a quadrotor UAV
is shown in Fig. 1, where the coordinate system
B = {xb, yb, zb} represents the body coordinate sys-
tem, and E = {xe, ye, ze} is the Earth coordinate
system. The Euclidean position angle and Euler
angle of the UAV relative to the coordinate sys-
tem E are represented by χ� [x, y, z]T ∈ R

3 and
p� [φ, θ, ψ]T ∈ R

3, respectively.

Under the assumption that the UAV to be stud-
ied in this present paper is a rigid body, the dy-
namic mathematical description can be derived via
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Fig. 1 Schematic of the quadrotor system
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the Newton–Euler formula (Song et al., 2019):

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ẍ=(cosφ sin θ cosψ+sinφ sinψ)Fat/m− ξxẋ/m,

ÿ=(cosφ sin θ sinψ−sinφ sinψ)Fat/m− ξy ẏ/m,

z̈ = (cosφ cos θ)Fat/m− g − ξz ż/m,

φ̈ = θ̇ψ̇
(Iy−Iz)
Ix

− Ir
Ix
θ̇ω̄ − ξφ

Ix
φ̇+ 1

Ix
τaφ,

θ̈ = φ̇ψ̇ (Iz−Ix)
Iy

− Ir
Iy
φ̇ω̄ − ξθ

Iy
θ̇ + 1

Iy
τaθ,

ψ̈ = φ̇θ̇
(Ix−Iy)
Iz

− ξψ
Iz
ψ̇ + 1

Iz
τaψ ,

(1)
where m is the mass of the UAV, and g is the gravi-
tational acceleration. ξx, ξy, ξz and ξφ, ξθ, ξψ are
aerodynamic damping coefficients; Ix, Iy, and Iz
are the moments of inertia; Ir is the rotor inertia;
Fat, τaφ, τaθ, and τaψ represent the control thrust
and three control torques generated by four rotors;
ω = ω4 + ω3 − ω2 − ω1 denotes the overall resid-
ual rotor angular, which is treated as an unknown
bounded disturbance frequently.
Remark 1 Based on the definition of control
thrust

Fat = κ(ω2
1 + ω2

2 + ω2
3 + ω2

4), (2)

along with the control torques

τaφ = κl(ω2
3 − ω2

1), (3a)

τaψ = b(ω2
1 + ω2

2 + ω2
3 + ω2

4), (3b)

τaθ = κl(ω2
4 − ω2

2), (3c)

where κ is the reverse moment coefficient, l is the
rotor arm length, and b is the drag torque coeffi-
cient. The quadrotor can be defined as a form of
underactuated dynamics for the four input variables
[u1, u2, u3, u4]

T = [Fat, τaφ, τaψ, τaθ]
T and six output

variables [x, y, z, φ, ψ, θ]T in the UAVs.
Considering that the noise from the sensors and

the uncertainty from the external environment can
seriously affect tracking accuracy, the corresponding
external disturbances

dext(·) = [dx(·), dy(·), dz(·)]T ∈ R
3 (4)

have been taken into account, and then the following
dynamic description

χ̈ = Aus(t) + f1(·) + dext(χ, t) (5)

is established based on Eq. (2), where us =

[Qx, Qy, Qz]
T, A and f1(·) are detailed in Eqs. (6a)

and (6b), given by

A =

⎡

⎣
a4 0 0

0 a4 0

0 0 a4

⎤

⎦ ∈ R
3×3, (6a)

f1(·) =
⎛

⎝
−a1ẋ
−a2ẏ

−a3ż − g

⎞

⎠ ∈ R
3×1, (6b)

a1 = ξx
m , a2 =

ξy
m , a3 = ξz

m , and a4 = 1
m .

For the convenience of the subsequent controller
design, Qx, Qy, and Qz are designed in Eq. (7),
which represent virtual control inputs for longitu-
dinal, transverse, and altitude channels, respectively
(Jiang, 2021):

⎧
⎪⎪⎨

⎪⎪⎩

Qx = (cosφ sin θ cosψ + sinψ sinφ)u1,

Qy = (cosφ sin θ sinψ − sinφ cosψ)u1,

Qz = (cosφ cos θ)u1,

(7)

where u1 = Fat denotes the total thrust, which is
introduced here to simplify the subsequent control
design formulation.
Assumption 1 The parameters a1–a4 in Eq. (6)
are unknown but bounded.
Assumption 2 The external disturbance dext(·)
is bounded, satisfying |dx(·)| ≤ d̄x, |dy(·)| ≤ d̄y, and
|dz(·)| ≤ d̄z , where d̄x, d̄y, and d̄z are the elements
of the unknown constant vector d̄ext = [d̄x, d̄y, d̄z ]

T.

3 Controller design and stability
analysis

Given that the main task of this research is UAV
tracking in complex variable environments, the core
problem involves designing a variable-structure non-
linear controller. Above all, a suitable SMC mod-
ule is designed as the core framework of the system.
Subsequently, a fuzzy control module is further in-
tegrated based on the SMC design framework and
fuzzy logic reasoning. Thus, the stability of the pro-
posed FSMC is rigorously verified using the Lya-
punov function. The control structure principle for
the designed FSMC strategy for position tracking
accuracy is shown in Fig. 2.

The so-called FSMC strategy integrates the
fuzzy logic unit (13) into SMC submodel (14) under
the external disturbances dext(χ, t). For achieving
accurate tracking effect, the actual output χ, track-
ing error eχ, and their rates of change (χ̇, ėχ), along
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Fig. 2 Structural diagram of the UAV system

with the upper bound of external disturbances d̄ext,
are designed as the inputs of the submodel of the
fuzzy logic. Then, the logic unit is used to update
the self-learning parameters, i.e., εχF and kχF . Fi-
nally, the proposed FSMC, a strategy that combines
the characteristics of parameter adaptive control and
variable-structure sliding mode nonlinear control, is
developed. The corresponding stability of the FSMC
system is rigorously verified through the application
of theoretical analysis methods.

3.1 Intelligent controller design for FSMC

Based on the defined tracking error

eχ = χ− χd (8)

and the sliding mode surface

sχ = cχeχ + ėχ, (9)

the nonlinear controller is designed with the environ-
ment adaptive capability. Herein, χd is the expected
tracking trajectory of the UAVs, and cχ > 0 is a
user-defined parameter for the SMC module within
the FSMC system. Thus, the exponential approach
law

ṡχ = −εχFsat(sχ)− kχFsχ + d̄ext (10)

can be developed. The other two input parameters
of the SMC module are εχF = εχFuzzy(e,ė)

> 0 and
kχF = kχFuzzy(e,ė)

> 0, which are directly generated
by the fuzzy control module through fuzzy rule in-
ference based on the position error eχ and its rate of
change ėχ of the UAV. The specific formula for the
saturation function sat(sχ) can be chosen as

sat(sχ) =

⎧
⎪⎪⎨

⎪⎪⎩

1, sχ >Δχ,

sχ/Δχ, |sχ| ≤Δχ,

−1, sχ < −Δχ,

(11)

where the bounded saturation function parameters
satisfy 0 < Δχ ≤ supΔ, and “sup” denotes the
supremum operator.

Remark 2 A novel FLM is developed based on
the tracking error eχ and its rate of change ėχ for
tuning εχF and kχF , which can achieve self-learning
for UAVs in complex and uncertain circumstances.

To overcome the trade-off between anti-
interference and high-frequency flutter in the tradi-
tional SMC control strategy, fuzzy logic with self-
learning ability is adopted to upgrade the tradi-
tional SMC, meanwhile, enhancing the uncertainty
processing ability, self-adaptability, and system ro-
bustness. Thus, in the proposed FSMC strategy,
the system position error eχ and its rate of change
ėχ are selected as input parameters for fuzzy con-
trol, while the key tuning parameters εχF and kχF

in FSMC are used as output targets for fuzzy con-
trol. Subsequently, using the abundant database and
knowledge-base resources, combined with expert ex-
perience and a deep understanding of the dynamic
characteristics of the system, fuzzy logic rules are
formulated within the SMC framework. Based on
Fig. 2, the designed rule establishes a fuzzy rela-
tionship between the inputs eχ, ėχ and the outputs
εχF , kχF . This process realizes the intelligent tuning
of SMC parameters, enabling the control system to
adjust the control strategy more flexibly and accu-
rately in the face of modeling uncertainty and exter-
nal disturbances.
Remark 3 Based on the basic physical character-
istics of these two input parameters eχ and ėχ, the
corresponding fuzzy domains in fuzzy logic are de-
termined, and appropriate fuzzification with a fuzzy
quantization factor

ki =
imax − imin

i∗max − i∗min

(12)

is selected to reflect the mapping relationship be-
tween the fundamental domain [i∗min, i

∗
max] and the

fuzzy domain [imin, imax], where i ∈ {eχ, ėχ}.
During the process of fuzzy parameters in the

proposed FSMC, the error of position tracking eχ
along with the rate of its change ėχ are set as
the input of the designed FSMC, and the param-
eters εχF and kχF , which need to be adjusted us-
ing the self-learning module, i.e., FLM+SMC, are
used as the output of the FSMC. To solve the fuzzy
processing in the FLM mechanism, the Mamdani
fuzzy reasoning method and the centroid method are
adopted in the FSMC. Moreover, for ensuring that
the fuzzy controller can accurately and effectively
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capture the dynamic characteristics of the system,
the fuzzy subset of the input variables is described
as {NB, NS, Z, PS, PB}, representing negative big,
negative small, zero, positive small, and positive big,
respectively. Similarly, the fuzzy subset of the output
variables is described as {VL, L, M, H, VH}, which
specifically refers to the five levels of very low, low,
medium, high, and very high, respectively. The pa-
rameters of the fuzzy control input and output are
shown in Table 1. Taking the position control x di-
rection as an example, the membership function of
the designed position input and output is shown in
Fig. 3.

Table 1 Parameter domain selection for the input
and output of the FSMC

Variable Input or output

ex [−0.02, 0.02]
ėx [−0.013, 0.013]
ey [−0.02, 0.02]
ėy [−0.013, 0.013]
ez [−0.013, 0.013]
ėz [−0.05, 0.05]
εχF [0.1, 3.9]
kχF [20, 40]

Considering that when the UAV is subjected to
a large interference, the system state will deviate
significantly from the designed sliding mode surface,
a situation that severely degrades control accuracy.
Therefore, a controller with self-learning ability is
designed based on fuzzy logic, and the formation of
fuzzy logic rules is the core problem of the FSMC. To
solve interference in the tracking process, the param-
eters can be self-adjusted based on the tracking error.
For example, in the case of large interference, the ad-
justment parameters are increased to strengthen the
control effect; on the contrary, in the case of small
interference, the control parameters are reduced to
achieve accurate tracking (Yang CY et al., 2018).

In addition, the analysis of the error eχ and
its rate of change ėχ can be developed as the self-
learning rule in the proposed FSMC. When eχėχ >

0, the error is rapidly moving away from the tar-
get eχ = 0. To tackle this problem, the values of
parameters εχF and kχF in the FSMC should be
increased. On the contrary, the parameters that re-
quire self-learning should be reduced when the sit-
uation is eχėχ < 0, which indicates that the error
is approaching the target. It should be noted that
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when eχ = 0 and ėχ = 0, the error has reached its
expected state, and the parameters do not need to
be changed at this time. Then, based on the afore-
mentioned analysis, through manual design based on
model analysis, the fuzzy reasoning rules are shown
in Table 2, and some fuzzy reasoning rules are ex-
tracted as

IF eχ is PB and ėχ is PB,

THEN εχF is VH and kχF is VH;

IF eχ is PB and ėχ is NB,

THEN εχF is H and kχF is H;

IF eχ is Z and ėχ is Z,

THEN εχF is M and kχF is M.

(13)

Table 2 Antecedent matrix for adaptive fuzzy adjust-
ment of parameters εχF

and kχF

eχ
ėχ

NB NS Z PS PB

NB VH VH VL H H
NS VH VH L H H
Z VH VH M VH VH
PS H H L VH VH
PB H H VL VH VH

Then, based on the defined parameters, e.g.,
sliding mode surface (9), saturation function (11),
and the self-learning parameters εχF and kχF , the
intelligent control method using FSMC for the UAVs
described by Eq. (5) can be described as

us(t) = A
−1

[
−εχFsat(sχ)− kχFsχ + F + d̂ext

]
,

(14)
where F = χ̈d − cχėχ − f1(·) and d̂ext = d̄ext −
dext(χ, t).

3.2 Stability analysis

In this subsection, the study of the system sta-
bility based on external uncertainty is proved, which
is crucial for the process of parameter self-learning.
Theorem 1 Under the assumption that the
proposed control strategy described by Eq. (14) is
adopted for the underactuated dynamic UAVs, the
Lyapunov candidate function

V =
1

2
s2χ (15)

is adopted to validate the stability under Assump-
tions 1 and 2. If the parameters are adjusted in the

designed FSMC self-learning control algorithm, i.e.,
εχF and kχF satisfying

εχF ≤ sχkχF − d̄ext, (16)

then the tracking error eχ is ensured to be ulti-
mately uniformly bounded (UUB) in a complex flight
environment.
Proof Please refer to the supplementary ma-
terials. The Lyapunov-based analysis establishes
that regardless of the selected sliding mode surface
type, the system state converges to a bounded region
within a finite time. This guarantees that the track-
ing error remains within a fixed boundary for all sub-
sequent time, satisfying the UUB stability criterion.

4 Simulations

To verify the control effect of the proposed
FSMC strategy, simulations are conducted on the
position of the quadrotor with interference using
MATLAB/Simulink. The corresponding UAV pa-
rameters involved in the simulations are shown in
Table 3 (Song et al., 2019).

Table 3 Corresponding parameters of the UAV used
in the simulations

Variable Value Unit

m 2.00 kg
l 0.20 m
b 1.14 10−7 N·s2/rad2
κ 2.98 10−6 N·s2/rad2

ξx, ξy, ξz 1.20 10−2 N·s2/rad2
ξφ, ξθ , ξψ 1.20 10−2 N·s2/rad2

Ix 1.25 N·s2/rad2
Iy 1.25 N·s2/rad2
Iz 2.50 N·s2/rad2

The UAV position reference trajectory is de-
signed as

χd(t)=
[
5
(
1−cos

( π

10
t
))

, 5 sin
( π

10
t
)
, 5
(
1−e−0.3t)]T

,

where χd = [xd(t), yd(t), zd(t)]
T and the yaw angle

reference track is set to ψd = 0. Based on the set
trajectory, the terminal time of the simulations is set
to 60 s, and the step size is 0.001. In the follow-
ing content, control strategies, i.e., SMC, adaptive
RBFNNC, and the proposed FSMC, are designed,
and the corresponding comparative simulation re-
sults of the tracking accuracy and analysis are also
demonstrated.
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4.1 Tracking effect of SMC

Based on the selected Lyapunov function (15)
and the designed parameters shown in Eqs. (9)–(11),
the controller using SMC is designed:

us(t) =
−εχsat(sχ)− kχsχ + F + d̂ext

A
(17)

as a comparative control algorithm for FSMC, where
F = χ̈d−cχėχ−f1(·). After multiple rounds of sim-
ulation debugging, the parameters εχ = [2, 2, 2]T,
kχ = [30, 30, 30]T, cχ = [20, 20, 20]T, and Δχ =

[1, 1, 1]T are selected.

4.2 Tracking effect of adaptive RBFNNC

An adaptive RBFNNC algorithm, which com-
bines the adaptive fault-tolerant NNC method with
the RBFNNC algorithm, is also adopted to contrast
simulations with the proposed FSMC for the UAVs.
Taking xi =

[
χdi, χi

]
as the input of RBF, where xi

is the ith input vector and the output f(xi) of the
RBF acts on the sum of uncertainties L1(·) in the
adaptive fault-tolerant NNC, then the control law
can be described as (Song et al., 2019)

us = −
(

k1 +
1

2

)

s1 − c1α̂1s1θ
2
1 , (18)

where k1 and c1 are the positive constant gains, α̂1

is the estimate of a virtual parameter, s1 is a filtered
variable, and θ1 is the Gaussian basis function of the
RBF neural network.

Corresponding tracking simulations are imple-
mented under the setting of n = 50 neurons, Gaus-
sian parameters μ = 0 and ι = 3, and controller
gains k1 = 2 and k2 = 50.

4.3 Tracking effect of the FSMC

4.3.1 Evaluation of the self-learning parameters

Specifically, the reason for the effectiveness of
the proposed FSMC method in tracking accuracy
compared with traditional SMC algorithms can be
understood as that the system parameters εχF and
kχF have intelligent characteristics of self-learning
control under complex working environments. The
corresponding adjustment of the relevant parame-
ters in the control process is shown in Fig. 4. To
sum up, in the process of parameters’ self-learning of
the fuzzy module of the proposed FSMC, the curves

of parameters εxF and εyF exhibit an overall stable
trend due to the small external disturbances of the
UAVs. However, due to the presence of nonlinear
elements, these parameters experience brief fluctua-
tions during specific time periods.

For example, the εxF curve exhibits an approx-
imate 3-s fluctuation, with an amplitude of approx-
imately 0.2, during the time periods of 10–20 s, 30–
40 s, and 50–60 s. The εyF curve also exhibits sim-
ilar fluctuations during the time periods of 0–10 s,
20–30 s, and 40–50 s. The amplitude of εzF curve
is around 3.6, accompanied by a significantly small
fluctuation with an amplitude of about 0.4 through-
out the entire process, indicating that the nonlinear
component has a more significant impact on εzF pa-
rameters. Similarly, Fig. 4b shows that the kxF and
kyF curves exhibit similar trends to the εxF and εyF
curves in Fig. 4a, but with an increase in the fluc-
tuation amplitude. During the corresponding time
period, the short-term fluctuation amplitudes of kxF

and kyF curves are about 1.2. At the same time, the
kzF curve is the most significantly affected by non-
linearity, with amplitude fluctuations ranging from
approximately 35 to 38 throughout the entire pro-
cess, which are significant and frequent.

According to the above conclusions combined
with the designed FSMC designed by Eq. (14), the
parameter k related to the sliding mode surface needs
to be adjusted in a large range within the nonlinear
local range to achieve high-precision tracking effect.
In contrast, the saturation function of the sliding
mode surface ε only needs to be adjusted in a small
range to realize this target due to the most demand-
ing situations, i.e., step-driven signal on the z axis.

4.3.2 Evaluation of the accuracy of FSMC

In the simulations using the FSMC strategy, the
parameters are set as cχ = 20 and Δχ = 1. Addi-
tionally, two other parameters, εχF and kχF , are
dynamically tuned by the designed FLM, and their
value ranges are detailed in Table 1.

To validate the superiority of the proposed
FSMC in achieving high tracking accuracy and en-
hanced disturbance rejection in the UAV position-
ing system, comparative simulations are conducted
against the adaptive RBFNNC strategies and con-
ventional SMC. It should be noted that in ac-
tual flight, external disturbances cannot be ignored.
To further validate the robustness of the proposed
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method, random disturbances are introduced into
the simulation environment. The simulation results
of the UAV position tracking curves and their track-
ing errors are shown in Fig. 5, with Fig. 5b derived
based on Eq. (8). The tracking curves in Fig. 5a show

that the designed FSMC is closest to the reference
curves in the three positional trajectories compared
with other control methods, confirming its superior
trajectory tracking accuracy. In Fig. 5b, due to the
function approximation characteristics of the neu-
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ral network, the error curve of RBFNNC exhibits
fluctuation patterns similar to the rate of change
in the reference trajectory. The traditional SMC
and FSMC exhibit zero-baseline band oscillation er-
rors due to the boundary layer effect of SMC. How-
ever, FSMC effectively suppresses oscillation ampli-
tudes across all position control directions through
the fuzzy adaptive mechanism, achieving a maximum
reduction of 67.97% (see quantitative analysis below
for details).

To accurately capture the maximum deviation
between the actual and reference trajectories in
Fig. 5, the maximum absolute error (MaxAE) is used
as the primary key metric. In contrast, error fluctu-
ation (EF) is used to reflect the range of error vari-
ation across controllers. The results are shown in
Table 4. The MaxAE values for FSMC in the x,
y, and z directions are 10.497, 13.666, and 24.092
mm, respectively, which are all lower than those of
SMC (14.369, 14.222, and 26.312 mm) and RBFNNC
(32.768, 16.223, and 40.147 mm). Similarly, the EF
values for FSMC in the x, y, and z directions are
10.497, 14.162, and 24.092 mm, respectively, smaller
than those of the other controllers. This demon-
strates that FSMC not only minimizes trajectory er-
rors but also effectively suppresses EFs, thereby sig-
nificantly improving the tracking accuracy and sys-
tem stability.

Given the complexity of the UAV motion in a
three-dimensional (3D) space, Fig. 6 provides a 3D
trajectory tracking plot, offering a more intuitive de-
piction of the UAV’s flight path. To further quan-
tify differences throughout the control process, error
evaluation metrics such as mean square error (MSE)
and mean absolute error (MAE) are introduced, as
summarized in Table 5. These metrics capture the
cumulative impact of small deviations over the con-
trol cycle, providing a more comprehensive analysis
of the system accuracy and stability (Bodmann and
Singh, 2011).

Fig. 6 illustrates that the actual trajectory un-
der the FSMC strategy closely aligns with the ref-
erence trajectory, and its MSE and MAE are the
lowest among all strategies, as shown in Table 5,
demonstrating its trajectory tracking robustness in
multi-degree-of-freedom coordinated control. Specif-
ically, FSMC achieves an MSE of 4.04×10−4 m2 and
an MAE of 3.4105× 10−2 m, which are significantly
lower than those of the other control methods. This
reflects the high efficiency and accuracy of FSMC in
minimizing error. Compared to SMC, FSMC reduces
MSE by 9.21% and MAE by 1.90%. When com-
pared to the adaptive RBFNNC, FSMC achieves a
substantial reduction of 65.88% in MSE and 34.55%
in MAE. These precisely quantified results indicate
FSMC’s superior performance in enhancing tracking
accuracy, system stability, and robustness, provid-
ing a more reliable and efficient control scheme for
practical applications.
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Table 5 MSE and MAE values for trajectory tracking
under different control strategies

Control strategy MSE (×10−4 m2) MAE (×10−2 m)

Adaptive RBFNNC 11.84 5.2106
SMC 4.45 3.4764
FSMC 4.04 3.4105

Table 4 MaxAE and EF values for trajectory tracking in the x, y, and z directions under different control
strategies

Control strategy
x direction y direction z direction

MaxAE (mm) EF (mm) MaxAE (mm) EF (mm) MaxAE (mm) EF (mm)

Adaptive RBFNNC 32.768 32.768 16.223 32.283 40.147 44.091
SMC 14.369 14.369 14.222 14.716 26.312 26.312
FSMC 10.497 10.497 13.666 14.162 24.092 24.092
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5 Conclusions

A novel intelligent FSMC strategy with self-
learning and self-adapting abilities for UAV posi-
tioning and tracking is addressed. To improve the ro-
bustness and stability of the system in the presence of
external disturbances and model uncertainties, fuzzy
logic is adopted to tune the parameters of the tradi-
tional SMC. Moreover, using filter variables and their
rates of change as the input of the fuzzy submodel of
FSMC, adaptive tuning of SMC parameters to envi-
ronmental changes is achieved through FLM+SMC,
which also effectively mitigates the chattering phe-
nomenon commonly observed in conventional SMC
during control processes. The stability of the FSMC
system is validated using the Lyapunov theory, and
simulation results confirm significant improvements
in the trajectory tracking accuracy and error robust-
ness when compared to conventional SMC and adap-
tive RBFNNC strategies. The technical features of
the FSMC demonstrate its significant potential for
UAV systems where high precision and reliability are
critical.

Despite demonstrating notable advantages and
potential, the proposed FSMC strategy still has cer-
tain limitations. Its effectiveness has been validated
solely through numerical simulations, without simu-
lation verification on a physical UAV platform. As a
result, its practical feasibility and robustness under
real-world uncertainties and hardware constraints re-
main unproven. A promising direction for future
research is the integration of fault-tolerant control
mechanisms, which could enhance the system re-
silience to actuator and sensor failures, thereby im-
proving the overall reliability and applicability of the
strategy to real-world applications.
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