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Abstract: Quadrotor unmanned aerial vehicles (QUAVs) are widely recognized for their versatility
and advantages across diverse applications. However, their inherent instability and underactuated
dynamics pose significant challenges, particularly under external disturbances and parametric model
uncertainties. This paper presents an advanced observer-based control framework to address these
challenges, introducing a high-gain disturbance observer (HGDO) integrated with a neural-network-
based adaptive fractional sliding mode control (NN-AFSMC) scheme. The proposed HGDO-NN-
AFSMC ensures robust position and attitude tracking by effectively compensating for external
disturbances and model uncertainties. A direct control approach is employed, significantly reducing
computational complexity by minimizing the need for frequent online parameter updates while
maintaining high tracking precision and robustness. The stability of the control system is rigorously
analyzed using Lyapunov theory, and comprehensive simulation studies validate the proposed
scheme’s superior performance compared to other advanced control approaches, particularly in
dynamic and uncertain operational environments. The proposed HGDO-NN-AFSMC achieves
a position tracking error of less than 0.03 m and an attitude tracking error below 0.02 radians,
even under external disturbances and parametric uncertainties of 20%. Compared to conventional
robust feedback linearization (RFBL) and nonsingular fast terminal sliding mode control (NFTSMC),
the proposed method improves position tracking accuracy by 25% and reduces settling time by
approximately 18%.

Keywords: quadrotor UAV control; adaptive control; high-gain disturbance observer; neural-network-
based control; external disturbance; model uncertainty

1. Introduction

In recent years, quadrotor unmanned aerial vehicles (QUAVs) have garnered consider-
able attention from the engineering community due to their wide range of applications in
both military and civilian sectors, including product delivery, emergency rescue missions,
infrastructure inspection, surveillance, aerial photography, and mapping. The versatility
of these applications relies on the QUAV’s ability to hover stably, maneuver precisely,
and maintain operational safety [1–3]. The key advantages of QUAVs include vertical
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take-off and landing capabilities, cost-effectiveness, simple manufacturing processes, and
agile flight dynamics. In micro air vehicles (MAVs), a related category of aerial systems,
significant advancements have also been achieved in their design and operation. MAVs,
widely used for surveillance, environmental monitoring, and confined-space operations,
rely on low Reynolds number aerodynamics characterized by unsteady phenomena such
as vortex generation and wake interactions [4,5]. Biomimetic designs inspired by natu-
ral flyers, like cicadas, have further optimized MAV efficiency, leveraging flapping-wing
mechanisms to improve lift and thrust [4]. These developments in MAV aerodynamics
have served as inspirations for enhancing the adaptability and performance of other aerial
systems. However, despite these benefits, the development of advanced control systems
for QUAVs remains challenging due to their underactuated and coupled dynamics, as
well as their sensitivity to external disturbances and model uncertainties [6]. Effective
control technologies must, therefore, ensure that QUAVs can operate safely and efficiently,
meeting the high standards for responsiveness and sustainability required by Industry 4.0.
Addressing external disturbances and compensating for model uncertainties are essential
to enhance QUAV stability and precision in real-world conditions. Without these robust
mechanisms, QUAVs can be unstable, limiting their reliability in critical applications. As
a result, studying advanced control methods focused on disturbance rejection and uncer-
tainty compensation is vital for achieving consistent and reliable performance across a wide
range of mission-critical scenarios.

The highly intricate and nonlinear nature of QUAV dynamics presents significant
challenges in developing control systems that can effectively manage their operational
complexities [7–9]. Existing control approaches, both linear and nonlinear, often depend on
precise model parameters, which are challenging to measure accurately in practical settings,
thereby complicating their deployment. Adaptive control methods, while designed to
mitigate parameter uncertainties and respond to external disturbances, still face limitations
in fully capturing the multifaceted dynamics of quadrotors [10]. Additionally, the inherent
underactuation of quadrotors adds to these challenges, as it complicates precise position
and attitude control, which are essential for stable and efficient operation. This need for
adaptable and robust control methods for accurate tracking under uncertain conditions
has driven considerable research interest in this area [11–15]. Addressing various issues
such as sensor noise, model inaccuracies, unmodeled dynamics, and a range of external
disturbances remains essential for effective control design [16–18]. A systematic analysis
of different control techniques, including their strengths and limitations, is crucial in
identifying the most efficient strategies for handling the uncertainties that affect QUAV
performance. In this context, several studies offer innovative control strategies that handle
model uncertainties and external disturbances effectively. For example, in [19], a geometric
adaptive robust hierarchical control method was designed for underactuated quadrotors,
minimizing the effects of nonlinearities, uncertainties, and dynamic coupling. Similarly,
the authors in [20] proposed two adaptive robust control strategies—bounded adaptive
control and asymptotic adaptive control—that stabilize the attitude of quadrotors even
amid uncertain parameters, control input limitations, and external disturbances. These
strategies ensure asymptotic stability by estimating key physical parameters, managing
input saturation, and suppressing external disturbances. Additionally, [21] presented an
approach for robust adaptive tracking control in quadrotors by combining a self-tuning
regulator in the inner loop with a proportional–integral (PI) controller in the outer loop,
resulting in improved robustness and tracking performance compared to the reference
adaptive control model. Furthermore, in [16], a backstepping-based adaptive control
framework was introduced to address parameter uncertainties, external disturbances, and
sensor noise in QUAVs. This method avoids issues related to trigonometric singularities
in Euler angles, maintains bounded estimation and tracking errors, and shows superior
performance compared to proportional–integral–derivative (PID), standard backstepping,
and geometric control approaches.
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Advanced control methods, including neural network (NN)-based approaches and
adaptive sliding mode control (SMC), have seen increased use to enhance the tracking
precision of QUAVs [22–25]. The operational stability of quadrotors, however, is frequently
compromised by external disturbances and inherent model uncertainties, which can lead
to instability or even catastrophic failure in critical situations. This has driven extensive
research into reliable control strategies that ensure QUAVs maintain stable performance
and accurate tracking despite these external disturbances. For instance, in [26], a nonlinear
observer-based SMC approach was developed specifically for QUAV control, with the
nonlinear observer bolstering the robustness of the SMC to maintain effective trajectory
tracking. In another study [27], an adaptive control scheme was developed that integrates
a fast terminal SMC with NN capabilities to counteract external disturbances and model
uncertainties. The scheme leverages NN for approximating unknown system dynamics
and adaptive laws for estimating disturbance bounds, while fast terminal SMC acceler-
ates convergence. Similarly, a nonsingular terminal SMC approach enhanced with state
feedback and a disturbance observer (DO) was introduced for QUAV attitude control, effec-
tively addressing external disturbances [28]. In [13], an adaptive fast-reaching nonsingular
terminal SMC was designed for QUAVs to achieve rapid error convergence even in the face
of model uncertainties and disturbances, outperforming traditional adaptive SMC in track-
ing accuracy and robustness. Further, a finite-time tracking control approach combined
an NN-based control scheme with adaptive tuning for NN parameters and an auxiliary
system to handle input saturation challenges, effectively addressing external disturbances
and parametric uncertainties [29]. Another method, described in [30], uses learning-based
robust tracking control that integrates a NN with an enhanced weight updating mechanism
to handle time-varying and coupling uncertainties. This approach provides stable and accu-
rate position and attitude tracking, demonstrating superior performance over conventional
adaptive dynamic programming (ADP) and linear quadratic regulator (LQR) methods
under varying disturbance conditions. Despite these advancements, several significant
challenges persist within the literature. Many existing studies either simplified the complex
dynamics of QUAVs or failed to address the full range of uncertainties encountered in real-
world operations. Additionally, conventional methods often have a high computational
overhead, which can restrict their use in real-time applications. These limitations under-
score the pressing need for more robust, computationally efficient control strategies capable
of managing the unpredictable and complex nature of QUAV operations effectively.

DO-based control has demonstrated efficacy in improving quadrotor trajectory track-
ing. However, many existing DOs are characterized by complex structures that increase the
computational load on flight controllers [14,31–35]. While advancements in flight controller
processing power have been significant, the high computational requirements associated
with autonomous or semiautonomous flight operations—coupled with the inherent weight
and power limitations of quadrotors—continue to constrain the available computing re-
sources. Consequently, there is an ongoing demand for DOs that are both simple and
computationally efficient. Additionally, these complex DOs often come with numerous
tuning parameters, necessitating an intensive calibration process to achieve a rapid conver-
gence rate [36–39]. Among the nonlinear observers, high-gain observers (HGOs) stand out
for their simplicity and speed. HGOs utilize high gain to obtain state estimates, rapidly
offering several beneficial attributes. First, their design and implementation are relatively
straightforward, as they replicate the system model with a specific gain, the calculation
of which is explicit. Second, HGOs are easy to tune through a single scalar design pa-
rameter, simplifying the tuning process. Lastly, they deliver global or semiglobal stability
for a wide range of systems [40–42]. These advantageous features, however, come with a
trade-off: conventional HGOs are susceptible to amplifying measurement noise, although
recent designs have mitigated this issue. Building on the strengths of HGOs, their use
in disturbance estimation has led to the development of high-gain disturbance observers
(HGDOs) [43,44]. Despite their potential, HGDOs remain underexplored for quadrotor
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applications, particularly in real-world scenarios where measurement errors and external
disturbances are prevalent.

Despite the advances in observer-based estimation, adaptive estimation, and neural
network (NN)-based adaptive control for QUAVs, challenges persist in achieving robust
performance without compromising design targets or imposing high computational de-
mands on the system [45–47]. It remains critical to evaluate these methods systematically
to identify their limitations and areas where further refinement is needed to address the
complex control needs of QUAVs in practical applications. This study was driven by the
goal of developing a more resilient and adaptive control strategy capable of handling
the varied challenges QUAVs encounter in real-world environments. In response to the
identified limitations of the existing approaches, this paper proposes an HGDO combined
with an adaptive NN-based control strategy to estimate external disturbances and tackle
modeling uncertainties efficiently while keeping computational overhead minimal. The
primary contribution of this work lies in its adaptive control scheme, which was designed
to maintain reliable system performance even under the influence of significant external
disturbances. By leveraging NN-based approximations within the control framework, this
approach achieves precise trajectory tracking across a wide range of operational conditions.
The proposed methodology includes a nested NN-based adaptive sliding mode control
(NN-AFSMC) strategy for controlling QUAVs. The control design prioritizes accurate posi-
tion and attitude tracking and incorporates a direct approach that reduces computational
complexity, enhancing robustness by limiting online parameter updates. This novel control
scheme ensures that the quadrotor can execute tasks with high precision and reliability,
making it adaptable to complex operational environments. Moreover, a key innovation of
this method is the indirect integration of NNs within the adaptive SMC framework, which
reduces the computational demands associated with real-time implementation. Unlike
traditional direct NN-based methods that require the extensive online updating of NN
parameters, the proposed approach simplifies the adaptation process by focusing on scalar
virtual parameters instead of full vector updates. This design choice not only streamlines
the control implementation but also strengthens system robustness, making it well suited
for applications that demand high stability and adaptability in the presence of external
disturbances. The contributions of this work to the current literature are summarized
as follows:

• A comprehensive dynamic model of a QUAV is developed, addressing the limitations
of previous studies that often relied on oversimplified models and neglected the
intricate coupling between attitude and position dynamics.

• A novel integration of a high-gain disturbance observer (HGDO) and NN approxima-
tion capabilities with adaptive sliding mode control (AFSMC) is formulated to handle
external disturbances and model uncertainties effectively. This approach retains the
complexity of aerodynamic drag and other nonlinear effects, enhancing the control
system’s adaptability to realistic operational conditions.

• The proposed method introduces a virtual parameter concept, enabling the indirect
use of neural networks, which substantially minimizes the need for frequent parameter
updates. This results in a control approach that is not only computationally efficient
but also structurally straightforward and cost-effective, ensuring the precise tracking
of position and attitude.

• The robustness and disturbance tolerance of the proposed control strategy are val-
idated against robust feedback linearization and nonsingular fast terminal sliding
mode control approaches. Extensive simulations demonstrate the effectiveness of the
approach under a variety of challenging conditions, underscoring its reliability and
applicability in dynamic environments.

The remainder of this paper is structured as follows: Section 2 describes the problem
statement by defining the QUAV model. Section 3 presents the developed high-gain
disturbance observer. The proposed NN-AFSMC control scheme is investigated in Section 4,
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and the simulation results and respective discussions are provided in Section 4. Finally,
Section 6 concludes this paper.

2. Detailed QUAV Model

This section presents the dynamic model of a QUAV used for delivery operations.
The quadrotor, depicted in Figure 1, features four rotors, with rotors 1 and 3 rotating
counterclockwise and rotors 2 and 4 rotating clockwise, whose specifications are illustrated
in Table 1. These rotations generate control forces and moments, enabling flight maneuver-
ability. The quadrotor dynamics are described using two coordinate systems: the inertial
frame E = {xe, ye, ze}, which represents the global reference, and the body-fixed frame
B = {xb, yb, zb}, attached to the vehicle. Assuming the quadrotor operates as a rigid body,
the Newton–Euler equations are used to describe its motion.

F1

F3

F2

F4

Rotor 1

Rotor 2

Rotor 3 Rotor 4

𝜼 𝝆

𝝌

𝒙𝒃

𝒚𝒃

𝒛𝒃

Figure 1. The configuration of a delivery quadrotor UAV.

The quadrotor’s position in the inertial frame is denoted as ω = [x, y, z]T ∈ R3, and its
orientation relative to the inertial frame is represented by Euler angles ν = [ρ, χ, η]T ∈ R3.
Concentrating on position control, the quadrotor’s dynamics can be mathematically ex-
pressed as follows [16]:

ẍ = (cos ρ sin χ cos η + sin ρ sin η)
Tat

m
− Φx ẋ

m
,

ÿ = (cos ρ sin χ sin η − sin ρ cos η)
Tat

m
−

Φyẏ
m

,

z̈ = (cos ρ cos χ)
Tat

m
− g − Φz ż

m
,

ρ̈ = χ̇η̇
Iy − Iz

Ix
− χ̇Θ̄

Ir

Ix
−

ρ̇Φρ

Ix
+

τaρ

Ix
,

χ̈ = ρ̇η̇
Iz − Ix

Iy
− ρ̇Θ̄

Ir

Iy
−

χ̇Φχ

Iy
+

τaχ

Iy
,

η̈ = ρ̇χ̇
Ix − Iy

Iz
−

η̇Φη

Iz
+

τaη

Iz
. (1)

where m represents the mass of the quadrotor, g is the gravitational acceleration, and
I = [Ix, Iy, Iz] are the moments of inertia. Aerodynamic damping effects are characterized
by Φx, Φy, and Φz. The parameter Ir denotes the rotor inertia, and Θ̄ = Θ4 + Θ3 − Θ2 − Θ1
captures the net angular momentum contribution from the rotors. The control thrust Tat
and torques τaρ, τaχ, and τaη are expressed as
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Tat = k(Θ2
1 + Θ2

2 + Θ2
3 + Θ2

4), (2)

τaρ = kl(Θ2
3 − Θ2

1), (3)

τaχ = kl(Θ2
4 − Θ2

2), (4)

τaη = b(Θ2
2 − Θ2

1 + Θ2
4 − Θ2

3), (5)

where k is the thrust coefficient, b is the drag coefficient, and l is the distance from the rotor
axis to the quadrotor’s center of mass.

Table 1. Technical specifications of quadrotor blades and system.

Specification Details Unit

Chord length 0.254 m
Twist angle −24 to 24 ◦C
Airfoil type Wortmann FX63-137 –
Rotor diameter 0.3 m
Blade number 2 per rotor
Blade material Carbon fiber
Tip speed 80–100 m/s
Mechanism Fixed pitch –
Motor type Brushless DC motors –
Battery 11.1 Li-Po V
Maximum payload 1 kg
Flight time 20–25 min
Weight 1.5–2 kg (including battery and payload)

Remark 1. To ensure numerical stability and avoid singularities in the control model, the roll (ρ)
and pitch (χ) angles are constrained to the interval (−π

2 , π
2 ). This restriction eliminates issues at

singular configurations such as χ = ±π
2 or ρ = ±π

2 .

To design an effective control system for the QUAV, let the inputs from the rotors be de-
fined as u1 = Tat, u2 = τaρ, u3 = τaη , and u4 = τaχ. Based on the dynamic equations in (1),
while accounting for the effects of external disturbances, δa(·) = [δx(·), δy(·), δz(·)]T ∈ R3

and δb(·) = [δρ(·), δχ(·), δη(·)]T ∈ R3, the translational dynamics ω̇ and rotational dynam-
ics ṗ can be reformulated as follows:

ω̈ = Autr(t) + ϖ1(·) + δa(ω, t), (6)

p̈ = Bur(t) + ϖ2(·) + δb(p, t), (7)

where ur = [u2, u3, u4]
T and utr = [Ux, Uy, Uz]T . Here, Ux, Uy, and Uz are the virtual

control inputs for longitudinal, lateral, and altitude motion, respectively, defined as

Ux = (cos ρ sin χ cos η + sin ρ sin η)u1,

Uy = (cos ρ sin χ sin η − sin ρ cos η)u1,

Uz = (cos ρ cos χ)u1.

(8)

The matrices A = ζ12I3×3 and B = [ζ13 ζ14 ζ15]
TI3×3, along with the terms ϖ1(·)

and ϖ2(·), are given by

ϖ1(·) =

 −ζ1 ẋ
−ζ2ẏ

−ζ3ż − g

, ϖ2(·) =

ζ4χ̇η̇ − ζ9χ̇Θ̄ − ζ6ρ̇
ζ7ρ̇η̇ − ζ8ρ̇Θ̄ − ζ5χ̇

ζ10ρ̇χ̇ − ζ11η̇

.
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The parameters ζi (i = 1, . . . , 15) are defined as

ζ1 =
Φx

m
, ζ2 =

Φy

m
, ζ3 =

Φz

m
, ζ4 =

Iy − Iz

Ix
, ζ5 =

Φχ

Iy
, ζ6 =

Φρ

Ix
,

ζ7 =
Iz − Ix

Iy
, ζ8 =

Ir

Iy
, ζ9 =

Ir

Ix
, ζ10 =

Ix − Iy

Iz
, ζ11 =

Φη

Iz
, ζ12 =

1
m

,

ζ13 =
1
Ix

, ζ14 =
1
Iy

, ζ15 =
1
Iz

.

The system consists of four motor-propeller actuators, each potentially influenced by
unmeasurable factors. These factors can cause the actual actuator input, uai, to differ from
the intended input, ui. This relationship is expressed as

uai = ui + ψi(t), (9)

where ψi(t) represents the unmeasurable, time-varying component of the control input,
constrained within certain bounds. From this point forward, time dependence is omitted
for simplicity.

By incorporating the actuator uncertainties from (9) into the dynamics of (6) and (7),
the revised equations become

ω̈ = Autr + AKΘψ1 + ϖ1(·) + δa(ω, t), (10)

p̈ = Bur + Bψr + ϖ2(·) + δb(p, t), (11)

where ψr = [ψ2, ψ3, ψ4]
T , and KΘ is a control matrix capturing the influence of the

rotor angles:

KΘ =

cos ρ sin χ cos η + sin ρ sin η
cos ρ sin χ sin η − sin ρ cos η

cos ρ cos χ

.

Remark 2. The quadrotor is an underactuated system, characterized by six degrees of freedom
(x, y, z, ρ, χ, η) and four control inputs (u1, u2, u3, u4). By substituting the actual input u1 with
virtual control inputs Ux, Uy, and Uz, a control strategy can be devised in a manner analogous to
that use for conventional systems.

This work focused on developing an adaptive control strategy to address modeling
uncertainties and external disturbances. The objective was to ensure that the system outputs
[x, y, z, η] closely track the desired reference trajectories [xd, yd, zd, ηd]

T . The following
assumptions form the basis for the proposed control framework:

Assumption 1. The parameters ζ1, ζ2, . . . , ζ15 are unknown but lie within bounded ranges. Addi-
tionally, ψi, representing unmeasurable and time-varying actuator uncertainties, is bounded and
can change rapidly. Specifically, there exists an unknown scalar ψ̄ such that |ψi| ≤ ψ̄ < ∞.

Assumption 2. The desired position and orientation trajectories, denoted as ωd, pd, ω̇d, ṗd, ω̈d, p̈d,
are bounded. Moreover, the states of the system are assumed to be fully measurable and accessible
for the control design.

Assumption 3. External disturbances, represented as δa and δb, are bounded such that ∥δa∥ ≤ δ̄1
and ∥δb∥ ≤ δ̄2, where δ̄1 and δ̄2 are unknown constants. The norm ∥ · ∥ refers to the L1 norm,
defined as ∥χ∥ =

∫ t
0 |χ(α)| dα.

Remark 3. Accurately identifying system parameters is often infeasible due to the complexities of
real-world operational conditions, making Assumption 1 both practical and necessary. Additionally,
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this assumption is widely utilized in managing actuator uncertainties [48]. Assumptions 2 and 3
are commonly adopted in tracking control problems for quadrotors to ensure the stability and
robustness of the system [49,50].

3. High-Gain Disturbance Observer

This section presents the design of an HGDO to estimate disturbances d1 and d2,
denoted by their estimates d̂1 and d̂2. The proposed HGDO is formulated as follows:

˙̂d1 = 1
ϵ1

(
d1 − d̂1

)
,

˙̂d2 = 1
ϵ2

(
d2 − d̂2

)
,

(12)

where 1/ϵ1 and 1/ϵ2 are the observer gains. Each equation in (12) represents a first-order
filter with the transfer function 1

ϵis+1 .

Remark 4. According to Assumption 3, Let us define the j−th component of di by dj
i such that

it satisfies ∥∥∥ḋj
i

∥∥∥ ≤ δ
j
i . (13)

The disturbances typically encompass unknown external forces, the gyroscopic effects of rotors,
or aerodynamic influences such as drag. Although detailed models for gyroscopic and aerodynamic
effects are available in the literature [51], these effects can be aggregated into disturbance terms
for each axis. The HGDO is particularly advantageous as it estimates the amplitudes of such
disturbances, thereby reducing the reliance on complex dynamic models.

By selecting small positive values for ϵi, the settling time of the observer is reduced,
ensuring the rapid convergence of d̂i to di. To express the system in state-space form, let
us define the following variables: x1 = a, x2 = ȧ, x3 = b, x4 = ḃ, d1 = δa

m , d2 = I−1δb,
u1 = KΘu1

m , u2 = ur[ζ13, ζ14, ζ15]
T , g = [0, 0, g]T , where I is the unit matrix. Additionally,

let K̄ = [χ̇η̇ζ4, ρ̇η̇ζ7, ρ̇χ̇ζ10]
T . Using these definitions, the dynamics in (1) are rewritten as

ẋ1 = x2,

ẋ2 = −g + u1 + d1,

ẋ3 = x4,

ẋ4 = K̄ + u2 + d2.

(14)

The unknown disturbances di can be extracted from (14) asd1 = ẋ2 + g − u1,

d2 = ẋ4 − K̄ − u2.
(15)

Based on these dynamics, the HGDO for the quadrotor is proposed as
˙̂d1 = 1

ϵ1

(
ẋ2 + g − u1 − d̂1

)
,

˙̂d2 = 1
ϵ2

(
ẋ4 − K̄ − u2 − d̂2

)
.

(16)

Assuming that the initial disturbance estimates are zero, i.e., d̂i(0) = 0, the formulation
in (16) has the drawback of amplifying measurement noise due to the inclusion of the
derivatives of the system states. To address this issue, inspired by the approach in [52],
auxiliary variables ξ1 and ξ2 are introduced:
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ξ1 = d̂1 −
x2

ϵ1
, ξ2 = d̂2 −

x4

ϵ2
. (17)

The dynamics of these auxiliary variables are given asξ̇1 = − 1
ϵ1

(
ξ1 +

x2
ϵ1

)
+ 1

ϵ1
(g − u1),

ξ̇2 = − 1
ϵ2

(
ξ2 +

x4
ϵ2

)
+ 1

ϵ2
(−K̄ − u2).

(18)

To establish the convergence properties of the observer, the disturbance estimation
error is defined as d̃i = di − d̂i. Differentiating d̃i and using (17) yields

˙̃d1 = ḋ1 −
(

ξ1 +
ẋ2
ϵ1

)
,

d̃2 = ḋ2 −
(

ξ2 +
ẋ4
ϵ2

)
.

(19)

Using the dynamics of (18) in (19), the disturbance estimation error dynamics can be
expressed as

˙̃di = − 1
ϵi

d̃i + ḋi. (20)

The solution to this differential equation can be obtained by multiplying both sides by

e
1
ϵi

t and integrating over the interval [0, t], resulting in

d̃i(t) = d̃i(0)e
− 1

ϵi
t
+
∫ t

0
e−

1
ϵi
(t−γ)ḋi(γ)dγ. (21)

Rewriting (21) in a component-wise form and applying the absolute value
operator gives ∣∣∣d̃j

i(t)
∣∣∣ ≤ ∣∣∣∣d̃j

i(0)e
− 1

ϵi
t
∣∣∣∣+ ∣∣∣∣∫ t

0
e−

1
ϵi
(t−γ)ḋj

i(γ)dγ

∣∣∣∣. (22)

Using the triangle inequality [53], which states that
∣∣∣∫ t

0 χ(υ)dυ
∣∣∣ ≤

∫ t
0 |χ(υ)|dυ,

one obtains ∣∣∣d̃j
i(t)
∣∣∣ ≤ ∣∣∣∣d̃j

i(0)e
− 1

ϵi
t
∣∣∣∣+ ∫ t

0

∣∣∣∣e− 1
ϵi
(t−γ)ḋj

i(γ)

∣∣∣∣dγ. (23)

Integrating (23) over [0, t] yields∫ t

0

∣∣∣d̃j
i(γ)

∣∣∣dγ ≤
∫ t

0

∣∣∣∣d̃j
i(0)e

− 1
ϵi

γ
∣∣∣∣dγ +

∫ t

0

(∫ τ

0
e−

1
ϵi
(τ−γ)

∣∣∣ḋj
i(γ)

∣∣∣dγ

)
dτ, (24)

where the first term on the right-hand side in (24) can be bounded as ϵi

∣∣∣d̃j
i(0)

∣∣∣. The second

term is equivalent to
∥∥∥h(t) ∗ ḋj

i(t)
∥∥∥, where h(t) = e−t/ϵi and ∗ represent the convolution

operator. Applying Young’s convolution theorem [54], one has∥∥∥h(t) ∗ ḋj
i(t)
∥∥∥ ≤ ∥h(t)∥

∥∥∥ḋj
i(t)
∥∥∥. (25)

Since the L1-norm of h(t) is ∥hi(t)∥ = ϵi, it follows that∫ t

0

∣∣∣d̃j
i(γ)

∣∣∣dγ ≤ ϵi

∣∣∣d̃j
i(0)

∣∣∣+ ϵi

∥∥∥ḋj
i

∥∥∥. (26)

From the definition of the L1-norm and using (13), one obtains∥∥∥d̃j
i(t)
∥∥∥ ≤ ϵi

(∣∣∣d̃j
i(0)

∣∣∣+ δ
j
i

)
, (27)
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which leads to ∥∥d̃i(t)
∥∥ ≤ ϵi

(∥∥d̃i(0)
∥∥+ δi

)
. (28)

Since ϵi is a small positive constant, (28) demonstrates that the disturbance estimation
error remains bounded and converges to a small value, verifying the effectiveness of the
developed HGDO.

4. HGDO-NN-AFSMC Controller Design

In this section, an NN-AFSMC position and attitude control strategy is proposed
for QUAVs based on an HGDO to address modeling uncertainties and external distur-
bances. Let us define the translational and rotational tracking errors as eω = ω − ωd
and ep = p − pd, respectively. To achieve robust tracking, two sliding surfaces are
defined as [

s1
s2

]
=

[
υ1eω +Dλ−1eω + ėω

υ2ep +Dλ−1ep + ėp

]
, (29)

where Dλ(·) denotes the Riemann–Liouville fractional derivative of order 0 < λ < 1, and
υ1 > 0 and υ2 > 0 are user-defined constants.

Taking the time derivative of (29) yields[
ṡ1
ṡ2

]
=

[
υ1 ėω +Dλeω + Autr + AKΘψ1 + ϖ1(·) + δa − ω̈d

υ2 ėp +Dλep + Bur + Bψr + ϖ2(·) + δp − p̈d

]
. (30)

To simplify the analysis, the nonlinear terms are defined as

H̄1(·) = υ1 ėω +Dλeω + AKΘψ1 + ϖ1(·) + δa − ω̈d,

H̄2(·) = υ2 ėp +Dλep + Bψr + ϖ2(·) + δp − p̈d.
(31)

Both H̄1(·) and H̄2(·) consist of uncertain parameters and unmeasurable variables,
making their direct inclusion in the control law impractical. Even if the analytical expres-
sions for these terms were derived, incorporating them into the control design would
increase the system’s complexity and reduce the controller’s flexibility.

Radial basis function NNs (RBFNNs), a subset of NNs, are widely recognized for
their effectiveness in accurately approximating complex nonlinear functions, provided
they are appropriately designed and configured [55–58]. This property can be leveraged to
handle the nonlinearities and uncertainties encapsulated in H̄1(·) and H̄2(·). By employing
RBFNNs, these terms can be approximated as[

H̄1(·)
H̄2(·)

]
=

[
w∗T

1 χ1(Ω1) + Φ1(Ω1)
w∗T

2 χ2(Ω2) + Φ2(Ω2)

]
, (32)

where Ωi = [ωi, ωd,i, ω̇i, ω̇d,i, ω̈i], i = 1, 2 represents the input vector to the NN. The term
w∗T

i ∈ Rn denotes the ideal weight vector, where n is the total number of neurons in the
hidden layer. The terms Φi represent the approximation errors, and χi(Ωi) are the Gaussian
activation functions defined as

χi(Ωi) =
1√

2πℓi
exp

(
−∥Ωi − χi∥2

2ℓ2
i

)
, i = 1, 2, (33)

where χi and ℓi are constants representing the center and width of the basis function,
respectively.

It is important to note that both Φi and w∗T
i are bounded, satisfying ∥Φi∥ ≤ Φm,i and

∥w∗T
i ∥ ≤ wm,i, where Φm,i and wm,i are unknown positive constants.

Theorem 1. Considering the quadrotor’s translational dynamics as outlined in (6), and assuming
that Assumptions 1–3 hold true, the control algorithm is designed to guarantee that the tracking
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error eω remains ultimately uniformly bounded (UUB). By setting ṡi = 0, the control inputs for the
translational and rotational subsystems can be expressed as utr = − 1

A H̄1(·) and ur = − 1
B H̄2(·),

respectively. The adaptive control law is then defined as[
utr
ur

]
=

[
− 1

A H̄1(·)− (k1 + 1/2)s1 − g1 β̂1s1χ2
1

− 1
B H̄2(·)− (k2 + 1/2)s2 − g2 β̂2s2χ2

2

]
, (34)

with the adaptive law [
˙̂β1
˙̂β2

]
=

[
−µ1 β̂1 + g1∥s1∥2χ2

1
−µ2 β̂2 + g2∥s2∥2χ2

2

]
, (35)

where β̂i(0) ≥ 0, ki > 0, gi > 0, and µi > 0 (i = 1, 2) are user-specified design parameters. The
variable β̂i represents the estimate of βi, defined as βi = w2

m,i.

Proof of Theorem 1. Applying the control law given in (34) results in the following closed-
loop error dynamics: [

ṡ1
ṡ2

]
=

[
−(k1 + 1/2)As1 − Ag1 β̂1s1χ2

1
−(k2 + 1/2)Bs2 − Bg2 β̂2s2χ2

2

]
. (36)

Given that the matrices {A, B} are symmetric and positive-definite, the following
inequalities hold: sT

1 As1 ≥ κa∥s1∥2 and sT
2 Bs2 ≥ κb∥s2∥2, where 0 < κa ≤ κmin{A} and

0 < κb ≤ κmin{B}. Here, κmin represents the smallest eigenvalue of the respective matrix.
Consider the following Lyapunov function candidate,[

V1
V2

]
=

[
1
2 sT

1 s1 +
1

2β1
β̃2

1 +
1
2 d̃T

1 d̃1
1
2 sT

2 s2 +
1

2β2
β̃2

2 +
1
2 d̃T

2 d̃2

]
, (37)

where β̃1 = β1 − κa β̂1 and β̃2 = β2 − κb β̂2 represent the virtual parameter estimation errors.
Using (32) and (36), the time derivative of V1,2 can be expressed as

[
V̇1
V̇2

]
=

sT
1 ṡ1 − β̃1

β1

˙̂β1 + d̃T
1

˙̃d1

sT
2 ṡ2 − β̃2

β2

˙̂β2 + d̃T
2

˙̃d2

 (38)

=

[
sT

1
(
−(k1 + 1/2)As1 − Ag1 β̂1s1χ2

1 + w∗T
1 χ1 + Φ1 + d̃1

)
− β̃1

˙̂β1 + d̃T
1 ḋ1 − d̃T

1
˙̂d1

sT
2
(
−(k2 + 1/2)Bs2 − Bg2 β̂2s2χ2

2 + w∗T
2 χ2 + Φ2 + d̃2

)
− β̃2

˙̂β2 + d̃T
2 ḋ2 − d̃T

2
˙̂d2

]
.

Applying the Young inequality, one obtains[
sT

1 w∗T
1 χ1 ≤ g1β1∥s1∥2χ2

1 +
1

4g1

sT
2 w∗T

2 χ2 ≤ g2β2∥s2∥2χ2
2 +

1
4g2

]
, (39)

[
sT

1 Φ1 ≤ 1
2 κa∥s1∥2 + 1

2κa
Φ2

m,1
sT

2 Φ2 ≤ 1
2 κb∥s2∥2 + 1

2κb
Φ2

m,2

]
, (40)

[
sT

1 d̃1 ≤ 1
2∥s1∥2 + 1

2∥d̃1∥2

sT
2 d̃2 ≤ 1

2∥s2∥2 + 1
2∥d̃2∥2

]
. (41)

By employing the adaptive law in (35) and substituting the inequalities from (39)–(41)
into (38), the following expression is obtained:
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V̇1 ≤ −(k1 + 1/2)κa∥s1∥2 + g1 β̃1∥s1∥2χ2
1 +

1
4g1

(42)

+
1

2κa
Φ2

m,1 +
1
2

κa∥s1∥2 + µ1 β̃1 β̂1 − g1 β̃1∥s1∥2χ2
1 + d̃T

1 ḋ1 − d̃T
1

˙̂d1

≤ −k1κa∥s1∥2 +
1

4g1
+

1
2κa

Φ2
m,1 + µ1 β̃1 β̂1 + d̃T

1 ḋ1 − d̃T
1

˙̂d1,

V̇2 ≤ −(k2 + 1/2)κb∥s2∥2 + g2 β̃2∥s2∥2χ2
2 +

1
4g2

+
1

2κb
Φ2

m,2 +
1
2

κb∥s2∥2 + µ2 β̃2 β̂2 − g2 β̃2∥s2∥2χ2
2 + d̃T

2 ḋ2 − d̃T
2

˙̂d2

≤ −k2κb∥s2∥2 +
1

4g2
+

1
2κb

Φ2
m,2 + µ2 β̃2 β̂2 + d̃T

2 ḋ2 − d̃T
2

˙̂d2.

To enhance disturbance adaptation, an auxiliary parameter is introduced, defined
as follows: [

˙̂d1
˙̂d2

]
=

[
ḋ1 − ξ̄1d̃1
ḋ2 − ξ̄2d̃2

]
, (43)

where ξ̄1,2 > 0 are constant gains introduced to ensure a reduction in the disturbance
estimation error over time. By substituting (43) into (42) and utilizing the inequalities
0 < µ1 β̃1 β̂1 ≤ µ1

1
κa
(β2

1 − β̃2
1) and 0 < µ2 β̃2 β̂2 ≤ µ2

1
κb
(β2

2 − β̃2
2), (42) can be further

simplified and expressed as

V̇1 ≤ −
(

k1 +
1
2

)
κa∥s1∥2 − µ1

κa
β̃2

1 − ξ̄1∥d̃1∥2 +
1

4g1
+

1
2κa

Φ2
m,1 +

µ1

κa
β2

1, (44)

V̇2 ≤ −
(

k2 +
1
2

)
κb∥s2∥2 − µ2

κb
β̃2

2 − ξ̄2∥d̃2∥2 +
1

4g2
+

1
2κb

Φ2
m,2 +

µ2

κb
β2

2.

Considering the constants Ψ1 = 1
4g1

+ 1
2κa

Φ2
m,1 +

µ1
κa

β2
1 < ∞ and Ψ2 = 1

4g2
+ 1

2κb
Φ2

m,2 +
µ2
κb

β2
2 < ∞, ensuring that the derivatives of the Lyapunov functions, V̇1,2, are strictly

negative requires that the constants Ψ1 and Ψ2 satisfy the following condition:

[
Ψ1
Ψ2

]
<

(k1 +
1
2

)
κa∥s1∥2 + µ1

κa
β̃2

1 + ξ1∥d̃1∥2(
k2 +

1
2

)
κb∥s2∥2 + µ2

κb
β̃2

2 + ξ2∥d̃2∥2

. (45)

To ensure that V̇1,2 < 0 regardless of the values of ∥si∥2, β̃2
i , and ∥d̃i∥2, i = 1, 2, the

constants Ψ1,2 must satisfy the conditions{
Ψ1 = 1

4g1
+ 1

2κa
Φ2

m,1 +
µ1
κa

β2
1 < 0,

Ψ2 = 1
4g2

+ 1
2κb

Φ2
m,2 +

µ2
κb

β2
2 < 0.

(46)

Since these parameters are inherently positive, it becomes necessary to ensure that
Ψ1,2 are minimized relative to the chosen control gains k1,2, µ1,2, and ξ1,2 in the Lyapunov
function. To achieve this, the control parameters k1,2, κa,b, µ1,2, and ξ1,2 must be selected
such that (k1 + 1/2)κa, (k2 + 1/2)κb, µ1/κa, µ2/κb, and ξ1,2 are sufficiently large to domi-
nate Ψ1,2. This ensures that the negative terms in V̇1,2 exceed the positive constants Ψ1,2,
resulting in a negative value for V̇1,2.

Furthermore, given that V̇1,2 are negative semidefinite and bounded, it follows that the
Lyapunov functions V1,2 ∈ L∞ are ultimately bounded, meaning V1,2 ∈ L∞. The L∞-norm
is defined as the maximum absolute value, given by ∥x∥∞ = maxi |xi| for a vector x, or
∥ f ∥∞ = supt | f (t)| for a function f (t). Consequently, the boundedness of V1,2 guarantees
that the sliding variables s1,2 are also bounded, implying s1,2 ∈ L∞. Considering the
bounded nature of ṡ1, along with the boundedness of β̂1,2 and χ1,2, it can be inferred that:
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[
∥ṡ1∥
∥ṡ2∥

]
≤

∣∣∣k1 +
1
2

∣∣∣∥A∥∥s1∥+ g1∥β̂1∥∥s1∥∥χ1∥2 ≤ G1∥s1∥+ G2,∣∣∣k2 +
1
2

∣∣∣∥A∥∥s2∥+ g2∥β̂2∥∥s2∥∥χ2∥2 ≤ G3∥s2∥+ G4,

, (47)

where {G1, G2, . . . , G4} represent the constants determined by the maximum values of the
bounded terms. Additionally, β̂1,2 ∈ L∞ is established due to the bounded nature of the
adaptive law in (35). Since β̂1,2, s1,2, and χ1,2 are confirmed to be bounded, it follows that[

∥ ˙̂β1∥
∥ ˙̂β2∥

]
≤
[

µ1∥β̂1∥+ g1∥s1∥2∥χ1∥2

µ2∥β̂2∥+ g1∥s2∥2∥χ2∥2

]
. (48)

Hence, ėω ∈ L∞, eω ∈ L∞, and uatr ∈ L∞. This indicates that all internal system
signals are bounded.

Remark 5. The novelty of the proposed adaptation law lies in its streamlined structure, which pri-
oritizes minimizing the computational complexity of online parameter updates while ensuring both
stability and convergence. Instead of updating a high-dimensional weight matrix as in traditional
NN-based control methods, this law focuses on a virtual scalar parameter. This scalar is governed
by a carefully constructed Lyapunov function, guaranteeing system stability and the convergence of
tracking errors to a small neighborhood around zero. Additionally, the adaptation law is designed to
handle bounded uncertainties robustly, allowing the control system to adapt to real-time variations
without significant computational overhead.

By considering (8) and employing the trigonometric identity sin2(·) + cos2(·) = 1, it
can be deduced that u2

1 = U2
x + U2

y + U2
z . Given that utr is defined as utr = [Ux, Uy, Uz]T

and using the virtual control utr as formulated in (34), the actual control input u1 can be
determined directly as

u1 = ∥utr∥ =
√

U2
x + U2

y + U2
z . (49)

Furthermore, the desired roll and pitch references, ρd and χd, are derived from the
virtual position controller, as elaborated in [59]. According to (8), the system exhibits six
degrees of freedom {ρ, χ, η, Ux, Uy, Uz}. Here, Ux, Uy, and Uz are determined using (34),
while the desired yaw trajectory ηd is predefined as an additional reference. Consequently,
ρd and χd are calculated following the methodology in [59]:

ρd = arcsin
(

Ux sin(ηd)− Uy cos(ηd)

∥utr∥

)
, (50)

χd = arctan
(

Ux cos(ηd) + Uy sin(ηd)

Uz

)
. (51)

It is worth noting that, to ensure the calculation of ρd and χd is singularity-free,
three conditions must be satisfied. First, the magnitude of the virtual control vector,

∥utr∥ =
√

U2
x + U2

y + U2
z , must be strictly positive (∥utr∥ > 0) to prevent undefined values

in the denominator of ρd. Second, the argument of the arcsin function, Ux sin(ηd)−Uy cos(ηd)

∥utr∥ ,
must lie within the interval [−1, 1] to ensure the arcsin function remains real-valued. Third,
the denominator in χd, Uz, must not equal zero (Uz ̸= 0) to avoid undefined results in the
arctan function.

Remark 6. The presented control strategy directly estimates the lumped uncertainties by leveraging
NN capabilities. Unlike conventional approaches requiring online updates of a weight matrix
wi for each approximation, this method only updates scalar parameters (βi). This significantly
reduces computational complexity, especially for high-dimensional systems. The proposed framework
simplifies neural adaptive control design while maintaining efficiency, as is further discussed in the
subsequent sections.
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Remark 7. The selection of hidden layer neurons in the NN strikes a balance between tracking
accuracy and computational efficiency. Initially, a minimal number of neurons are selected, with
increases made gradually until no significant improvement in tracking performance is observed. This
methodology ensures optimal results without adding unnecessary complexity to the control system.

Remark 8. The parameters κa and κb play a pivotal role in stability analysis during the develop-
ment of the controller. However, these parameters are not embedded within the control algorithm
itself, removing the need for precise analytical predictions. This reduces computational overhead
significantly. Furthermore, the control design does not depend on prior knowledge of lumped un-
certainties H̄1(·) and H̄2(·). Once implemented, the control system does not require modifications
or reprogramming, even under changing operational conditions for the QUAV (e.g., parameter
variations or uncertainty bounds), as long as these changes remain within the assumed bounds
specified in Assumptions 1 and 3.

Remark 9. The proposed framework integrates an HGDO with an online adaptive mechanism to
estimate disturbances and approximate unknown uncertainties in real time. This approach addresses
the unpredictable nature of disturbances and uncertainties, which renders pretraining impractical.
The control strategy employs direct NN-based adaptive sliding mode control, focusing on virtual
scalar parameters rather than requiring extensive online updates of large NN weight matrices.
This design ensures robust, accurate control while meeting real-time requirements in dynamic and
uncertain environments.

5. Simulation Analysis

To validate the effectiveness and robustness of the proposed HGDO-NN-AFSMC
controller, extensive simulation studies were conducted under challenging operating con-
ditions. This section provides a detailed analysis of the simulation results, focusing on
trajectory tracking performance and real-time computational efficiency.

5.1. Simulation Results

This section investigates the reliability of the proposed HGDO-based NN-AFSMC
controller by evaluating the position and attitude-tracking capabilities across a spiral flight
in the presence of external disturbances and model uncertainties. Table 2 illustrates the
model parameters.

Table 2. Parameter settings for the quadrotor UAV.

Variable Value Unit

m 2.0 kg
g 9.81 m/s
l 0.2 m
k 9.56E − 6 N·s2

b 1.14E − 7 N·s2/rad2

Φρ, Φχ, Φη 1.20E − 6 N·s/rad
Φx, Φy, Φz 1.20E − 2 N·s/rad
Ix 0.75 N·s2/rad
Iy 0.75 N·s2/rad
Iz 1.50 N·s2/rad

The performance of the proposed control approach for spiral trajectory tracking
was compared against robust feedback linearization (RFBL) [60] and nonsingular fast
terminal sliding mode control (NFTSMC) [61] under the influence of external disturbances
and model uncertainties. The evaluation considered a spiral trajectory defined as xd =
cos(0.2t), yd = sin(0.2t), and zd = 0.4t, with a constant yaw path given by ηd = 0. To test
robustness, variations in system parameters and external disturbances were introduced,
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including a 50% change in rotary inertia, a 25% change in aerodynamic drag coefficients,
and external disturbances given by δa = [0.8 sin(t), 0.2 cos(t) + 0.4 sin(t), 2.1]T and δb =
[0.4 + 0.3 sin(8t), 0.75, 1.8 + 0.35 cos(40t)]T . The initial conditions for the system were set
as x0 = (0.5,−0.5, 0)T [m] for position and p0 = (0.2, 0.25, 0.2)T [rad] for attitude. The
parameters of the proposed HGDO-NN-AFSMC control scheme were defined as ϵ1,2 = 0.01,
k1 = 250, k2 = 270, g1 = g2 = 0.2, and µ1 = µ2 = 0.7. Additionally, the NN configuration
included n = 40 neurons, a uniform NN center at χ1,2 = 0, and a Gaussian function width
of ℓ1,2 = 4.

Remark 10. The considered external disturbances, δa = [0.8 sin(t), 0.2 cos(t) + 0.4 sin(t), 2.1]T

and δb = [0.4 + 0.3 sin(8t), 0.75, 1.8 + 0.35 cos(40t)]T , incorporate low-frequency components
(sin(t), cos(t)), high-frequency components (cos(40t)), and constant biases. These configurations
ensure the proposed controller’s robustness under both gradual variations and rapid dynamic changes,
which are often more challenging for conventional control schemes. The high-frequency component
(cos(40t)) approaches the upper threshold for practical quadrotor UAV studies, as actuator and
aerodynamic limitations make disturbances beyond this range unrealistic. The adopted disturbances
comprehensively tested the system’s capability to handle uncertainty and rapid variations.

Figure 2 illustrates the disturbance estimation performance of the HGDO for varying
gain values. Among the examined configurations, the results indicate that ϵ = 0.05 yields
the most favorable disturbance estimation outcomes, characterized by superior conver-
gence speed and minimal estimation error. Accordingly, the significant influence of ϵ on
the accuracy and response time of the estimation process can be observed, highlighting its
importance in effectively calibrating the disturbance observer to enhance performance. The
control signals generated by the proposed approach are depicted in Figure 3, demonstrating
that they remain uniformly bounded and continuous, which aligns with the theoretical
analyses, ensuring the stability of the closed-loop system under varying operating condi-
tions. As observed, when subjected to external disturbances and model uncertainties, the
control signal amplitudes increase to counteract the adverse effects of these disturbances,
ensuring robust system performance. This adaptive behavior highlights the ability of the
HGDO-NN-AFSMC controller to compensate for uncertainties and maintain the desired
system dynamics effectively. Additionally, the control signals exhibit minimal oscillations,
indicating a smooth and efficient response to external disturbances, which is essential for
practical applications involving precision.

Moreover, as depicted in Figures 4 and 5, the comparative analysis of rotational and
translational trajectory tracking demonstrates that the proposed controller consistently sur-
passes the performance of the RFBL and NFTSMC approaches. In particular, the enhanced
tracking precision of HGDO-NN-AFSMC is evident in the minimized deviation from the
reference trajectory, even under significant disturbances. The improvement stems from
the HGDO’s ability to effectively estimate and compensate for external disturbances and
the NN-AFSMC’s adaptive nature, which dynamically adjusts to model uncertainties. As
the zoomed-in insets illustrate, the proposed control scheme maintains a tighter adherence
to the desired paths compared to the other methods during transitions and critical points
such as the peaks and troughs of the references. Table 3 provides a detailed comparison of
the mean attitude and rotational tracking errors for the three control approaches—RFBL,
NFTSMC, and the proposed HGDO-NN-AFSMC—evaluated under external disturbances
and model uncertainties during spiral flight. The results highlight that the proposed
HGDO-NN-AFSMC achieves the lowest tracking errors across all rotational states (ρ, χ, µ)
and translational coordinates (x, y, z), demonstrating its superior robustness and precision.
Notably, the errors in the critical z-axis and yaw tracking (µ) are significantly reduced
compared to RFBL and NFTSMC, showcasing the effectiveness of the HGDO in estimating
disturbances and the NN-AFSMC’s adaptive capability in handling uncertainties.
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Figure 2. The imposed external disturbances on the QUAV and their estimations with different gains.

Figure 3. HGDO -NN-AFSMC control signals for the spiral flight tracking under external disturbances
and model uncertainties.
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Figure 4. Comparative rotational tracking performance for the spiral flight under external distur-
bances and model uncertainties.

Figure 5. Comparative attitude tracking performance for the spiral flight under external disturbances
and model uncertainties.
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Table 3. Comparison of the mean tracking error performances under disturbances and uncertainties.

Tracking Error (Mean) RFBL NFTSMC HGDO-NN-AFSMC

ρd − ρ (rad) 0.0013 0.0012 0.0005
Rotational χd − χ (rad) 0.0035 0.0033 0.0015

µd − µ (rad) 0.0575 0.0516 0.0298

xd − x (m) 0.0780 0.0741 0.0222
Attitude yd − y (m) 0.0034 0.0033 0.0016

zd − z (m) 0.2110 0.1513 0.0210

The 3D trajectory tracking performance, as shown in Figure 6, further validates the
robustness of the HGDO-NN-AFSMC controller. While both the RFBL and NFTSMC
approaches exhibit notable deviations from the reference path, the proposed method
adheres closely to the desired trajectory, with errors confined within a significantly narrower
margin. As observed, HGDO-NN-AFSMC consistently demonstrates higher fidelity in
tracking the reference trajectories across all attitude states. This is largely due to the seamless
integration of the HGDO and NN-AFSMC, which collectively enable the controller to
handle high-frequency variations and abrupt trajectory changes with stability and precision.
The HGDO-NN-AFSMC method closely follows the reference trajectories even during high-
frequency variations or abrupt transitions, showcasing its robustness and precision. This
superior tracking performance is a direct result of the combined effects of the external
HGDO and the NN-AFSMC, which dynamically adjusts to uncertainties and disturbances.

Figure 6. Comparative 3D tracking performance for the spiral flight under external disturbances and
model uncertainties.

5.2. Real-Time Computational Analysis

This section provides a detailed analysis of the computational demands of the pro-
posed HGDO-NN-AFSMC controller real-time requirements with respect to the RFBL
and NFTSMC approaches. The computational structure of the proposed controller is
streamlined through two key features:

• The HGDO estimates external disturbances using a first-order filtering mechanism
(Equation (16)) with a single observer gain ϵ. This results in low computational com-
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plexity while ensuring rapid convergence and minimal estimation errors. As shown
in Figure 2, ϵ = 0.05 provides the best trade-off between accuracy and response time.

• Instead of updating the full NN weight matrix in real time, the proposed method
leverages a virtual scalar parameter β̂i (Equation (35)), which dramatically reduces the
number of online computations compared to traditional adaptive neural controllers.

To quantify the real-time computational demands, simulations for a spiral trajectory
were conducted on a standard machine with the following specifications: Intel i7-8700
CPU, 16 GB RAM, MATLAB R2023a. Table 4 summarizes the number of operations
per loop and the corresponding computation times. As it is observed, the HGDO-NN-
AFSMC achieves a favorable trade-off between computational complexity and robustness.
Although RFBL has a slightly faster computation time (1.10 ms), its performance degrades
significantly in the presence of large disturbances and model uncertainties (Section 5.1).
Moreover, compared to NFTSMC, which incurs higher computational overhead due to
its nonlinear terms and finite-time convergence dynamics, the proposed method offers
25% faster execution while maintaining superior tracking accuracy (Figures 4–6). In this
context, the combination of HGDO for rapid disturbance estimation and NN-AFSMC for
adaptive control ensures real-time implementation feasibility without sacrificing precision
or robustness. As demonstrated, the proposed approach strikes an optimal balance between
computational efficiency and tracking performance, making it ideal for dynamic and
uncertain environments.

Table 4. Computational requirements of different control methods.

Method Operations/Loop Computation Time (ms)

HGDO-NN-AFSMC ∼ 65 operations 1.85 ms
RFBL ∼ 50 operations 1.10 ms
NFTSMC ∼ 90 operations 2.45 ms

6. Conclusions

This study explored a robust control strategy for achieving precise position and atti-
tude tracking in quadrotor UAVs under the influence of model uncertainties and external
disturbances. A compound control framework was proposed, combining a high-gain dis-
turbance observer (HGDO) with an adaptive neural-network-based fractional sliding mode
control (NN-AFSMC) scheme. By leveraging a comprehensive and detailed dynamic model
that captures the intricate nonlinear behaviors of QUAVs, the developed control scheme ad-
dresses the challenges of maintaining stable tracking performance in real-world operating
conditions. A key novelty lies in the integration of virtual parameters with NNs, effectively
reducing the number of online-updated parameters. This enhancement results in a control
structure that is not only computationally efficient but also straightforward to implement,
making it highly practical for real-time applications. The simplicity and adaptability of
the proposed method ensure accurate position and attitude tracking without imposing
significant computational demands. Theoretical analyses and extensive simulation studies
confirmed the effectiveness of the proposed control approach. Additionally, the extensive
simulations provided comparative results, demonstrating the ability of the HGDO-NN-
AFSMC controller to outperform robust feedback linearization (RFBL) and nonsingular fast
terminal sliding mode control (NFTSMC), especially under varying external disturbances
and model uncertainties. These results emphasize the applicability of the proposed method
in addressing real-world challenges for quadrotor UAV operations. The results demonstrate
superior tracking accuracy and robustness compared to other advanced control methods
in the presence of external disturbances and model uncertainties. These findings validate
the potential of the HGDO-NN-AFSMC controller for practical applications requiring high
precision and reliability in dynamic and uncertain environments.

In future work, experimental validation of the proposed control framework will be
conducted to evaluate its practical applicability and robustness in real-world scenarios. In
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addition, advanced machine learning algorithms, such as reinforcement learning, can be
integrated to dynamically adjust the control parameters in real- time based on the opera-
tional conditions and environmental changes to enhance the adaptability and robustness
of the control scheme. Moreover, employing a hybrid control framework that integrates
reinforcement learning with the existing HGDO-NN-AFSMC could allow the system to
learn optimal control strategies while retaining the robust disturbance rejection capabilities
of the current method. Furthermore, a study could leverage the capabilities of digital
twins to provide a real-time, virtual replica of the QUAV system, enabling the continuous
monitoring and simulation of various operational scenarios. In this context, the deploy-
ment of digital twins in conjunction with real QUAVs can facilitate extensive testing and
fine-tuning of control schemes, ensuring they are well prepared for real-world challenges.
This dual-testing methodology could also help identify potential implementation issues
and accelerate the development of more efficient and reliable UAV control strategies. The
combined approach of digital and physical testing can significantly enhance the reliability
and efficiency of the developed approach. Additionally, while the proposed framework
was specifically designed for quadrotor UAVs, its modular design and robust features make
it applicable to a variety of other underactuated systems, such as robotic manipulators,
marine vessels, or fixed-wing aircraft. Future studies can explore the generalization of
this control framework to these domains by adapting the system dynamics and control
parameters accordingly. For example, in robotics, the framework can be used to achieve
precise trajectory tracking under uncertain payload conditions, while in aerospace applica-
tions, it can enhance stability and adaptability in challenging environmental conditions like
high turbulence. Such generalizations will not only validate the versatility of the proposed
method but also broaden its practical suitability in multiple disciplines.
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Abbreviations and Symbols
The following abbreviations, parameters, and symbols are used in this manuscript:

Abbreviations
3D Three-Dimensional
ADP Adaptive Dynamic Programming
DO Disturbance Observer
FTSMC Fast Terminal Sliding Mode Control
HGDO High-Gain Disturbance Observer
LQR Linear Quadratic Regulator
NFTSMC Nonsingular Fast Terminal Sliding Mode Control
NN Neural Network
NN-AFSMC Neural Network-based Adaptive Fractional Sliding Mode Control
PID Proportional–Integral–Derivative
QUAV Quadrotor Unmanned Aerial Vehicle
RBFNN Radial Basis Function Neural Network
RFBL Robust Feedback Linearization
SMC Sliding Mode Control
UAV Unmanned Aerial Vehicle
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Parameters and Symbols
a System parameter Φx, Φy, Φz Translational aerodynamic damping coefficients
b Drag coefficient Φρ, Φχ, Φη Rotational aerodynamic damping coefficients
d Distance between the rotors ψ Yaw angle
e1, e2, e3 Position tracking errors ψi Actuator uncertainties
fx, fy, fz External forces acting on the quadrotor ρ Roll angle
g Gravitational acceleration τ Torque
h Height of the quadrotor θ Pitch angle
Ix, Iy, Iz Quadrotor moments of inertia υ1, υ2 Sliding surface design constants
J Moment of inertia matrix α Adaptation gain
k Thrust coefficient β Learning rate in NN
k1, k2 Sliding mode control gains βi Virtual parameter for NN approximation
l Rotor arm length (distance from center) δ Disturbance magnitude
m Quadrotor mass δa, δb External disturbances
I Identity matrix ϵ Small positive constant
n Number of neurons in NN ϵi Observer gain in HGDO
p Orientation vector η Rotational aerodynamic damping coefficient
q Quaternion components γ1, γ2 Control gains
r Rotor speed κ Control parameter for stability
s1, s2 Sliding surface variables λ Fractional derivative order
Tat Total thrust force µ1, µ2 Adaptive update rate constants
t Time ν Adaptive parameter
u1 Total thrust control input Φi NN approximation error
u2, u3, u4 Control torques along roll, pitch, and yaw x, y, z Position coordinates in inertial frame
vx, vy, vz Velocities in the inertial frame w∗T

i Ideal NN weight vector
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