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ABSTRACT

This paper proposes an adaptive event-triggered trajectory and atti-
tude tracking control framework for quadrotor unmanned aerial vehicle
(QUAV) with external disturbances. To handle unknown uncertainties in
QUAV control system, we propose a dual neural network (NN) architec-
ture: combining reinforcement learning with disturbance estimation for
real-time disturbance compensation. Specifically, the Actor-NN generates
compensation signals to offset uncertainties, while the Critic-NN dynam-
ically evaluates control performance to adjust the learning process. A
nonlinear neural network disturbance observer (NNDO) is incorporated
to estimate the lumped total disturbances in real time. By combining back-
stepping control approach with event-triggered mechanism, the proposed
control strategy achieves rigorous closed-loop stability with guaranteed
exclusion of Zeno behavior. Experimental validation on QUAV demon-
strates the effectiveness of the proposed scheme in balancing computa-
tional efficiency and control performance.
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1 Introduction

In recent years, quadrotor unmanned aerial vehicles (QUAVs) have witnessed rapid development
and found extensive applications in various fields, including aerial photography, environmental
monitoring, disaster relief, and delivery services. Their distinct advantages, including vertical takeoff
and landing capability, high maneuverability, and facile deployability, render them exceptionally
suitable for complex and dynamically evolving operational tasks [1–8]. However, the high-precision
trajectory and attitude tracking control of QUAVs under external disturbances remains a challenging
problem.

Intelligent control techniques have emerged as promising alternatives for addressing complex
control challenges in various engineering systems [9–15]. Among these techniques, neural networks
exhibit excellent approximation capabilities for complex nonlinear functions, making them a key
focus in advanced control research. A neural network-based model predictive control (NNMPC)

1

mailto:wangbs5335@ah.sgcc.com.cn


B. Wang, K. Wu, Y. Wang, Z. Chu , K. Liu,

Robust adaptive neural network tracking control for quadrotor unmanned

aerial vehicle via reinforcement learning strategy,

Rev. int. métodos numér. cálc. diseño ing. (2026). Vol.0, (0),

optimization strategy is presented in [10], which centers on integrating rich historical operational data
such as multi-flight attitude records and control responses under diverse wind conditions. In [12], an
adaptive neural network control approach was proposed to approximate partially unknown system
dynamics, but it relies on precise parameter tuning for QUAVs with strong coupling. The literature
[13] developed a neuroadaptive fault-tolerant scheme, yet it does not address external disturbances
like wind gusts. In [16], although neural networks were used as compensators to reduce model errors,
but its computational complexity limits real-time application on QUAVs. To solve these issues, this
paper integrates reinforcement learning with disturbance estimation to balance control precision and
efficiency.

Due to the inherent nonlinearity, strong coupling, and parameter uncertainties of QUAV, these
methods may face difficulties in achieving satisfactory performance. The time-consuming parameter
tuning always be required. To learn the mapping relationship between system states and control inputs
from data, a flexible and effective approach was designed to enhance the control performance in
[17–19]. In [20], a learning-based robust tracking control scheme was developed for QUAV with time-
varying and coupling uncertainties. By designing position and attitude tracking error subsystems and
applying neural networks to approximate optimal control laws, the tracking errors of the system
were convergent and a solid theoretical foundation for verifying the effectiveness and reliability of
the proposed control scheme was provided. In parallel with neural network-based control methods,
reinforcement learning (RL) has recently garnered growing attention. Owing to its unique advantage
of enabling agents to learn optimal control policies through interaction with the environment (without
relying on prior accurate system models). RL is a powerful data-driven learning paradigm that enables
agents to learn optimal control policies through trial-and-error interactions with the environment.

However, in order to perform tasks with minimal communication and computational overhead,
the event-triggered control strategies have been increasingly applied to uncertain nonlinear systems
for enhanced performance and efficiency [21–29]. In [21], the robust optimal attitude control problem
was studied for QUAV via dynamic event-triggered mechanisms. By constructing an augmented
system, the tracking problem is transformed into a stabilization problem. A dynamic event-triggering
mechanism is designed to reduce communication load, and an event-driven critic-only neural network
reinforcement learning algorithm is developed to achieve optimal control. RL has been explored in the
context of cellular Internet of UAVs for protocol design, trajectory control, and resource management.
This research highlights the potential of reinforcement learning to enhance the quality of service
in dynamic and uncertain environments in [22]. An adaptive attitude control method for QUAV
that combines event-triggered control and optimized hybrid quantizers. By incorporating prescribed-
time predefined performance functions, the convergence of attitude tracking errors is significantly
enhanced. The event-triggering mechanism and optimized quantization reduce communication bur-
dens in [23]. In [24], the event-triggered adaptive control problem for uncertain nonlinear systems
was proposed. A co-design framework simultaneously develops the adaptive controller and triggering
events, circumventing the traditional requirement for input-to-state stability of measurement errors. A
novel switching threshold strategy balances system performance and network constraints. An event-
triggered deep learning control strategy is proposed for real-time quadrotor trajectory tracking in [29].

External disturbances, such as wind gusts, air turbulence, and electromagnetic interference, can
significantly affect the stability and control performance of QUAV [30–33]. The presence of external
detrimental perturbations inevitably compromises the operational stability and precision of control
systems, necessitating advanced countermeasures to enhance disturbance rejection capabilities. Con-
temporary research has progressively shifted toward observer-based compensation methodologies,
where researchers have developed integrated control architectures incorporating disturbance observers

https://www.scipedia.com/public/Wang_2026 2

https://www.scipedia.com/public/Wang_2026


B. Wang, K. Wu, Y. Wang, Z. Chu , K. Liu,

Robust adaptive neural network tracking control for quadrotor unmanned

aerial vehicle via reinforcement learning strategy,

Rev. int. métodos numér. cálc. diseño ing. (2026). Vol.0, (0),

(DOs) to neutralize the detrimental impacts of perturbations. Notable contributions include com-
prehensive reviews analyzing hierarchical DO frameworks in [34], and neural network-enhanced DO
implementations for multi-source uncertainty estimation [35–37]. In [38], a novel online self-learning
disturbance observer is proposed for nonlinear systems by integrating feedback error learning, type-2
neuro-fuzzy structures, and sliding mode control theory. The observer leverages type-2 neuro-fuzzy
systems to learn system uncertainties and employs sliding mode principles to design adaptive learning
algorithms, enabling precise estimation of time-varying disturbances and robust system performance.
In [39], an adaptive event-triggered constrained control strategy is proposed for uncertain nonlinear
systems with input constraints, by utilizing self-learning disturbance observer and actor-critic neural
network to compensate the unknown uncertainties and external disturbances.

Based on the above discussion and analysis, this paper mainly focuses on the trajectory and
attitude tracking control problem of QUAV with external disturbances. The main contributions are
listed as follows:

(I) Reinforcement learning (RL) is adopted to improve the approximation accuracy of the neural
network (NN) for effective estimation of the system uncertainties, and a self-learning distur-
bance observer (SLDO) is designed to suppress external disturbances and NN approximation
errors.

(II) The serial-parallel estimation methodology (SPEM) is integrated into the QUAV control
framework to enhance the adaptive observation and approximation of complex unmodeled
system dynamics and composite disturbances, laying a foundation for accurate uncertainty
compensation.

(III) An improved event-triggered control (ETC) technique is presented to conserve communication
and control resources of QUAV, while ensuring that all signals in the entire closed-loop system
are ultimately uniformly bounded.

The remainder of this paper is organized as follows. Section 2 presents the mathematical model
of the quadrotor UAV and formulates the trajectory and attitude tracking control problem. Section 3
details the proposed reinforcement learning-based control method. Section 4 reports the simulation
and experimental results, followed by a discussion of the findings. Finally, Section 5 concludes the
paper and outlines directions for future research.

2 Problem Statement
2.1 Control Objective

The simplified dynamic model of QUAV is described as [40]
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⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ẍ = ul

m
(cos φ sin θ cos ψ + sin φ sin ψ) − ax

m
ẋ + dx

ÿ = ul

m
(cos φ sin θ sin ψ − sin φ cos ψ) − ay

m
ẏ + dy

z̈ = ul

m
cos φ cos θ − g − az

m
ż + dz

φ̈ = L
Ix

uφ + θ̇ ψ̇
Iy − Iz

Ix

− aφL
Ix

φ̇ + dφ

θ̈ = L
Iy

uθ + φ̇ψ̇
Iz − Ix

Iy

− aθL
Iy

θ̇ + dθ

ψ̈ = L
Iz

uψ + φ̇θ̇
Ix − Iy

Iz

− aψL
Iz

ψ̇ + dψ

(1)

where x, y, z denote three position component, φ, θ , ψ represent the roll, pitch and yaw angles,
respectively. m is the total mass, L stands for the length from the center of mass to the rotor center, g
represents the gravitational acceleration, and Ix, Iy, Iz are the rotary inertia. For i = x, y, z, φ, θ , ψ , ai

denote the drag coefficients, di stand for the external disturbances which satisfy |di| ≤ d̄i.ul is the total
lift force, uφ, uθ , uψ are the control inputs of roll, pitch and yaw moments.

For simplicity’s sake, the dynamic model (1) can be rewritten as

Ẍ i = GiUi + Fi + Di, i = 1, 2, . . . , 6 (2)

where (X1, X2, X3, X4, X5, X6) = (φ, θ , ψ , z, x, y), (G1, G2, G3, G4, G5, G6) = (L/Ix, L/Iy, L/Iz,1/m,
1/m, 1/m), (u1, u2, u3, u4, u5, u6) = (uφ, uθ , uψ , ul cos φ cos θ − Mg, ul(cos φ sin θ cos ψ + sin φ sin ψ),
ul(cos φ sin θ sin ψ−sin φ cos ψ)), (F1, F2, F3, F4, F5, F6) = (θ̇ ψ̇(Iy − Iz)/Ix − aφLφ̇/Ix, φ̇ψ̇(Iz −
Ix)/Iy − aθLθ̇/Iy, φ̇θ̇ (Ix − Iy)/Iz − aψLψ̇/Iz, −azż/m, −axẋ/m, −ayẏ/m), (D1, D2, D3, D4, D5, D6) =
(dφ, dθ , dψ , dz, dx, dy).

Denoting Xi1 = Xi and Xi2 = Ẋi, the system (2) can be rewritten as:{
Ẋi1 = Xi2

Ẋi2 = GiUi + Fi + Di,
i = 1, 2, . . . , 6 (3)

The main control objective of this paper is to develop an event-triggered adaptive trajectory
and attitude tracking controller based on reinforcement learning strategy and nonlinear disturbance
observer for the QUAV, which enables all the closed-loop signals to be uniformly ultimately bounded.
The tracking control diagram is shown in Fig. 1. Meanwhile, the trajectory and attitude signals of
the QUAV can track the ideal trajectories rx, ry, rz and the desired reference attitude signal rψ , rφ, rθ .
Note that in many cases, according to the actual physical characteristics of the QUAV, it is usually
known that the expected signals of roll and pitch angles are calculated by U4, U5, U6, and ψ , which are
expressed in the following form:⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

rφ = arcsin

(
U5 sin ψ − U6 cos ψ√
(U4 + mg)2 + U 2

5 + U 2
6

)
,

rθ = arctan
(U5 cos ψ + U6 sin ψ

U4 + mg

) (4)
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Figure 1: The tracking control diagram

Assumption 1: The desired reference signals rj, (j = x, y, z, φ, θ , ψ) are bounded and differentiable, and
their respective derivatives are also bounded.

Assumption 2: In view of the basic physical characteristics and feasible flight conditions, it is generally
assumed that both the external disturbances Di, (i = 1, 2, . . . , 6) exist in each channel and their first-
order derivatives Ḋi are bounded.

2.2 Preliminary
Some corresponding basic theoretical basis and assumptions need to be given in advance, and will

be listed as follows:

Lemma 1 [39]: For ∀x ∈ Rn and ς ∈ R, the following inequality holds:

ς‖x‖ − xTς tanh
(σx

�

)
≤ n�̄ (5)

where �̄ = 0.2785� with � > 0, and tanh
(σx

�

)
denotes a vector.

Lemma 2 [39]: For ∀x, y ∈ R, there must exist positive constants a, b and p satisfying a > 1, b > 1, p > 0
and (a − 1)(b − 1) = 1, such that

xy ≤ pa

a
|x|a + 1

bpb
|y|b (6)
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A relative-threshold-based control strategy is defined as follows [41]:⎧⎪⎪⎪⎨
⎪⎪⎪⎩

ν̄i(t) = −(1 + ρi)

(
νi2 tanh

(Ei2νi2

τi

)
+ γi1 tanh

(
Ei2γi1

τi

))
Ui(t) = ν̄i (tk) , ∀t ∈ [tk, tk+1)

tk+1 = inf {t ∈ R||εi(t)| ≥ ρi|Ui(t)| + γi2}
(7)

where νi2 denote the virtual control signals which will be designed later. εi(t) = ν̄i(t)−Ui(t).τi, γi1, γi2, are
positive design parameters, and γi2 > 0, 0 < ρi < 1, γi1 >

γi2

1 − ρi

, k ∈ Z+, are controller updating time

instants, i.e., whenever (7) is triggered, the instants will be marked as tk+1 and control values Ui (tk+1)

will be applied to the system (1). During the time interval [tk, tk+1), the control signal is a constant, i.e.,
ν̄i (tk). In addition, ∀τi > 0, the hyperbolic tangent function satisfies

0 ≤ |Ei2νi2| − Ei2νi2 tanh
(Ei2νi2

τi

)
≤ τi


0 ≤ |Ei2γi1| − Ei2γi1 tanh
(Ei2γi1

τi

)
≤ τi


where 
 is a constant, and 
 = e−(
+1) (i.e., 
 ≈ 0.2785 ).

3 Tracking Controller Design via Reinforcement Learning
3.1 Error System Modeling Based on Reinforcement Learning

On the basis of the basic process of the classic backstepping control method, the tracking errors
are defined as:

Ei1 = Xi1 − ri, Ei2 = Xi2 − νci, i = 1, 2, . . . , 6 (8)

where νci denote the output of the following first-order filter:

σiν̇ci = −νci + νi, νci(0) = νi(0) (9)

where σi > 0 is a positive constant, νi is considered as the input of the filter, which is the virtual control
signal to be designed. Moreover, defining the error variable ςi = νci − νi.

Taking time derivative of (4), and combining with (1) and (5), the dynamic system error can be
described as follows:{
Ėi1 = Ei2 + ςi + νi − ṙi

Ėi2 = GiUi + F̄i + Di,
(10)

where F̄i = Fi + 1
σi

(νci − νi) is the lumped uncertain term, which can be approximated by the NNs via

reinforcement learning strategy.

As a consequence, the term F̄i is unknown but continuous nonlinear function which can be
approximated by the NN, that is

F̄i (Zi) = W∗T
i Ξi (Zi) + ε∗

i (Zi) (11)

where Zi = [
χ̄T

i , ζ T
i , ζ̇ T

i

]T
. W∗

i and Ξi (Zi) denote the optimal weight value vector and the basis
function vector, respectively. ε∗

i (Zi) is the approximation error. A brief description of neural network
approximation method can be found in Remark 1.
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Substituting (11) into (10), we have{
Ėi1 = Ei2 + ςi + νi − ṙi

Ėi2 = GiUi + W∗T
i Ξi (Zi) + D̄i,

(12)

where D̄i = Di + ε∗
i (Zi) denotes the total disturbance, and it is obviously assumed that D̄i is

differentiable and bounded. Remark 2 provides specific explanations about the composite disturbance.

Remark 1: Over recent decades, intelligent control methodologies utilizing neural networks (NNs) and
fuzzy logic systems have emerged as prominent approaches in the field. Notably, NNs are distinguished
by their exceptional function approximation capabilities, a characteristic that has led to their widespread
adoption in managing undefined dynamics within complex systems. As theoretically established, any arbi-
trary continuous function f (x), x ∈ S can be systematically approximated through neural architectures,
with a representative mathematical formulation expressed as [29]:

fcontinuous(x) = WTΞ(x) + ε(x) (13)

where W is the weight vector, Ξ(x) is the basis vector function, and ε(x) is the error. According to the
theoretical properties of the NN approximation, there must exist an optimal weight vector W∗ with the
minimum approximation error ε∗(x), that is,⎧⎨
⎩

fcontinuous(x) = W∗TΞ(x) + ε∗(x)

W∗ := arg min
W

{
sup
x∈S

∥∥fcontinuous(x) − WTΞ(x)
∥∥}

(14)

Remark 2: In accordance with Assumption 2, obviously, it is known that both the composite disturbance
D̄i and its change rate are all bounded, that is,

| ˙̄Di| ≤ d̄i (15)

where d̄i > 0 is the unknown boundary constant.

In this paper, the reinforcement learning strategy is introduced to enhance the precision of
approximating the unknown uncertain terms. As a consequence, two types of neural networks (called
Actor neural network and Critic neural network, respectively) need to be designed. First, the Actor
neural network architecture is mathematically represented by the following formulation:

ˆ̄F i (Zi) = ŴT
ai Ξai (Zi) (16)

where Ŵai denotes the estimation of the optimal weight value vector Wai = W∗
i . Additionally, defining

the approximation error as W̃ai = Wai − Ŵai.

Remark 3: As an effective approach in machine learning, reinforcement learning (RL) has demonstrated
significant potential for real-time learning applications in intricate decision-making architectures. Recent
advancements have facilitated the integration of RL techniques into adaptive and optimal control
domains [38,39], enabling control systems to autonomously update strategies during operation while
addressing optimization challenges defined by operational requirements. The fundamental mechanism
of RL involves intelligent agents continuously engaging with their operating environments to refine
decision-making policies. Typical RL frameworks incorporate dual neural network components: the Actor
network generates executable control actions (functioning as compensatory signals), while the Critic
network performs action quality evaluation (serving as a supervisory mechanism to assess both control
effectiveness and Actor network performance metrics).
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To address unmodeled system dynamics and exogenous perturbations, the serial-parallel estima-
tion methodology (SPEM) has been developed to approximate these complex disturbances through
adaptive observation techniques [39]. Building upon this framework, the subsequent development of a
nonlinear neural network disturbance observer (NNDO) enables precise reconstruction of composite
disturbances. Specifically, the proposed NNDO architecture facilitates accurate acquisition of the

composite disturbance estimation ˆ̄Di corresponding to the actual disturbance D̄i in dynamical systems.{ ˙̂E i1 = pi1Zi1 + Ei2 + ςi + νi − ṙi˙̂E i2 = pi2Zi2 + GiUi + ŴT
ai Ξai (Zi) + ˆ̄Di,

(17)

where pij > 0 (j = 1, 2) are the positive constants, and Zij = Eij − Êij, (j = 1, 2) denote the prediction
errors. Obviously, the dynamic of Zij can be expressed as:{
Żi1 = −pi1Zi1,

Żi2 = −pi2Zi2 + W̃T
ai Ξai (Zi) + ˜̄Di,

(18)

As noted previously, to estimate the composite disturbance D̄i, a nonlinear NNDO is constructed
in the following form:{

�̇i = Zi2 + Ei2 − ci[�i + ciEi2 + GiUi + ŴT
ai Ξai (Zi)]

ˆ̄Di = �i + ciEi2

(19)

where ci > 0 denotes the oberver gain parameter, and �i is an intermediate variable.

Denoting ˜̄Di = D̄i − ˆ̄Di, it is naturally to obtain the estimation error dynamic, that is,

˙̄̃Di = −ci
˜̄Di − Zi2 − Ei2 − ciW̃T

ai Ξai (Zi) + ˙̄Di
(20)

Furthermore, to enable real-time implementation of the Actor-NN through reinforcement learn-
ing, an ideal value function (critic function) is formally defined as:

ζi = Zi2 + E 2
i2WT

ci Ξci (Zi) (21)

where WT
ci Ξci (Zi) denotes the theoretically optimal output of the Critic neural network. This config-

uration establishes a dual-component evaluative mechanism in (21): the primary term Zi2 quantifies
subsystem approximation errors, while the secondary term embodies the stability criterion through
reinforcement signal integration.

In practical implementation process, the ideal weight vector Wci remains non-measurable.
Through deployment of an online learning framework, based on the actual Critic-NN output
ŴT

ci Ξci (Zi), the critic signal is generated via the following formula:

ζ̂i = Zi2 + E 2
i2ŴT

ci Ξci (Zi) (22)

where Ŵci denotes the estimation of the optimal weight value vector Wci. Additionally, defining the
approximation error as W̃ci = Wci − Ŵci.

The subsequent update laws are presented to generate Ŵai and Ŵci:

˙̂Wai =
(
ζ̂i + Ei2

)
�aiΞai (Zi) − �aiηi1Ŵai (23)

˙̂Wci = −E 2
i2�ciΞci (Zi) ŴT

aiΞai (Zi) − �ciηi2Ŵci (24)
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where �ai and �ci are the diagonal positive definite gain matrices, and ηi1 > 0, ηi2 > 0 are the constant
parameters.

Remark 4: The Actor-Critic neural network framework operates through a temporal-forward com-
putational paradigm, comprising two interactive components: the Actor module synthesizes adaptive
correction outputs, while the Critic module executes real-time performance assessment via closed-loop
state monitoring. Within this architecture, an enhanced value metric ζi is defined as (21), which serves as
an enriched information carrier for the online adaptation process [38]. Given the inherent inaccessibility
of optimal weight value parameter W ∗

ci, in practical implementation process, an estimable counterpart
Ŵ T

ci Ξci(Zi) is exployed via the synthesized learning signal ζ̂i in (22). This discrepancy drives the parameter
adaptation mechanism for both networks, see details as (23) and (24).

3.2 Event-Triggered Tracking Controller Design
Step 1: According to the new error dynamic system (17), the virtual control law νi is designed as:

νi1 = −κi1Ei1 + ṙi (25)

where κi1 > 0 is the designed constant parameter.

For the stability analysis, the Lyapunov function candidate can be selected as

Vi1 = 1
2
E 2

i1 + 1
2
Z2

i1 + 1
2
ς 2

i (26)

Taking the time derivative of (26), and combining with (9), (17), we have

V̇i1 = Ei1Ėi1 + Zi1Żi1 + ςiς̇i

= Ei1(Ei2 + ςi + νi1 − ṙi) − pi1Z2
i1 + ςiς̇i (27)

According to (9), it yields ς̇i = − 1
σi

ςi − ν̇i1. Moreover, we can further assume that there exists an

unknown positive constant b̄i > 0, such that |ς̇i + 1
σi

ςi| < b̄i. Furthermore, one obtains

ςiς̇i ≤ −(
1
σi

− 4)ς 2
i + 1

16
b̄2

i (28)

Substituting (25) and (28) into (27), and based on fundamental inequalities, one has

V̇i1 ≤ −κiE 2
i1 + Ei1Ei2 + Ei1ςi − pi1Z2

i1 − (
1
ςi

− 4)ς 2
i + 1

16
b̄2

i

≤ −(κi − 1)E 2
i1 + 1

2
E 2

i2 − pi1Z2
i1 − (

1
ςi

− 9
2
)ς 2

i + 1
16

b̄2
i (29)

Step 2: According to (17), it yields

Ėi2 = GiUi + ŴT
ai Ξi (Zi) + W̃T

ai Ξi (Zi) + ˆ̄Di + ˜̄Di, (30)

To conduct stability analysis, the following Lyapunov function is selected.

Vi2 = 1
2
E 2

i2 + 1
2
W̃T

ai �
−1
ai W̃ai + 1

2
W̃T

ci �
−1
ci W̃ci + 1

2
Z2

i2 + 1
2

˜̄D
2

i + 1
2
�̃T

i ϒi�̃i (31)
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where �̃i = �i − �̂i with λij, (j = 1, 2) being the unknown constants and �i = [λi1, λi2]T , �̂i denotes
the estimation of �i.

Further, according to (18), (20), (23), and (24), the time derivative of Vi2 can be obtained:

V̇i2 = Ei2Ėi2 + W̃T
ai �

−1
ai

˙̂W ai + W̃T
ci �

−1
ci

˙̂W ci + Zi2Żi2 + ˜̄Di

˙̄̃Di − �̃T
i ϒi

˙̂
�i

= Ei2(GiUi + ŴT
ai Ξi (Zi) + W̃T

ai Ξi (Zi) + ˆ̄Di + ˜̄Di)

− W̃T
ai �

−1
ai [

(
ζ̂i + Ei2

)
�aiΞai (Zi) − �aiηi1Ŵai]

− W̃T
ci �

−1
ci [−E 2

i2�ciΞci (Zi) ŴT
aiΞai (Zi) − �ciηi2Ŵci]

+ Zi2(−pi2Zi2 + GiUi + W̃T
ai Ξai (Zi) + ˜̄Di)

+ ˜̄Di[−ci
˜̄Di − Zi2 − Ei2 − ciW̃T

ai Ξai (Zi) + ˙̄Di] − �̃T
i ϒi

˙̂
�i

= Ei2GiUi + Ei2ŴT
ai Ξi (Zi) + Ei2

ˆ̄Di + ηi1W̃T
aiŴai + ηi2W̃T

ci Ŵci

− E 2
i2ŴT

ci Ξci (Zi) W̃T
ai Ξai (Zi) + E 2

i2W̃T
ci Ξci (Zi) ŴT

aiΞai (Zi)

− pi2Z2
i2 − ci

˜̄D
2

i − ciW̃T
ai Ξai (Zi)

˜̄Di + ˜̄Di
˙̄Di − �̃T

i ϒi
˙̂
�i (32)

As a matter of convenience, denoting W̄i = [‖WT
ai ‖, ‖ŴT

ci ‖]T , we have

− Ei2W̃T
ai Ξai (Zi) ŴT

ci Ξci (Zi) + Ei2W̃T
ci Ξci (Zi) ŴT

aiΞai (Zi)

= −Ei2WT
ai Ξai (Zi) ŴT

ci Ξci (Zi) + Ei2ŴT
ai Ξai (Zi) ŴT

ci Ξci (Zi)

+ Ei2WT
ci Ξci (Zi) ŴT

aiΞai (Zi) − Ei2ŴT
ci Ξci (Zi) ŴT

aiΞai (Zi)

= −Ei2WT
ai Ξai (Zi) ŴT

ci Ξci (Zi) + Ei2WT
ci Ξci (Zi) ŴT

aiΞai (Zi)

≤ E 2
i2Ξ̄aiΞ̄ci‖Wai‖‖Ŵci‖ + E 2

i2Ξ̄ciΞ̄ai‖Wci‖‖Ŵai‖
=: E 2

i2�
T
i W̄i (33)

where Ξ̄ai and Ξ̄ci denote the upper bounds of Ξai (Zi) and Ξai (Zi), repectively.

Substituting (33) into (34), one has

V̇i2 ≤ Ei2GiUi + Ei2ŴT
ai Ξi (Zi) + Ei2

ˆ̄Di + ηi1W̃T
aiŴai + ηi2W̃T

ci Ŵci

+ E 2
i2�

T
i W̄i − pi2Z2

i2 − ci
˜̄D

2

i − ciW̃T
ai Ξai (Zi)

˜̄Di + ˜̄Di
˙̄Di − �̃T

i ϒi
˙̂
�i (34)

In this step, the actual event-triggered tracking controller will be proposed. Until then, the virtual
control signal νi2 and parameter adptive updating law will be first designed as follows:

νi2 = −G−1
i

(
κi2Ei2 + 1

2
Ei2 + ŴT

ai Ξai (Zi) + ˆ̄Di + Ei2�̂
T
i W̄i

)
(35)

˙̂
�i = ϒ−1

i (E 2
i2W̄i − ηi3�̂i) (36)
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Based on the relative-threshold-based control mechanism, in view of (7), an event-triggered robust
tracking controller is developed in the following form:

Ūi(t) = −(1 + ρi)

(
νi2 tanh

(Ei2Giνi2

τi

)
+ γi1 tanh

(Ei2Giγi1

τi

))
(37)

Ui(t) = Ūi (tk) , ∀t ∈ [tk, tk+1) , k ∈ Z
+ (38)

tk+1 = inf {t ∈ R||εi(t)| ≥ ρi|Ui(t) | + γi2} (39)

where εi(t) = Ūi(t) − Ui(t), and the design parameters satisfy τi > 0, γi1 >
γi2

1 − ρi

, γi2 > 0, 0 < ρi < 1.

Obviously, the control signal is a constant in [tk, tk+1), that is Ūi (tk).

From (7), we have |Ūi(t) − Ui(t)| < ρi|Ui(t)| + γi2 in [tk, tk+1). Thereby, ∀t ∈ [tk, tk+1), there exist two
continuous functions �i1(t) and �i2(t) satisfying |�i1(t)| ≤ 1 and |�i2(t)| ≤ 1, so that

Ui(t) = Ūi(t) − γi2�i2(t)
1 + ρi�i1(t)

. (40)

By combining with (35)–(40), the comprehensive calculation is performed, one obtain

V̇i2 ≤ −κi2E 2
i2 − 1

2
E 2

i2 − pi2Z2
i2 − ci

˜̄D
2

i − Ei2Giνi2

− 1 + ρi

1 + ρi�i1(t)
Ei2Giνi2 tanh

(Ei2Giνi2

τi

)

− 1 + ρi

1 + ρi�i1(t)
Ei2Giγi1 tanh

(Ei2Giγi1

τi

)

− Ei2Giγi2�i2(t)
1 + ρi�i1(t)

+ ηi1W̃T
aiŴai + ηi2W̃T

ci Ŵci

− ciW̃T
ai Ξai (Zi)

˜̄Di + ˜̄Di
˙̄Di + ηi3�̃

T
i �̂i (41)

In fact, these two inequalities hold:

0 < 1 + ρi�i1(t) ≤ 1 + ρi (42)

−Ei2Giγi2�i2(t)
1 + ρi�i1(t)

≤
∣∣∣∣Ei2Giγi2

1 − ρi

∣∣∣∣ (43)

According to (42) and (43), we have

V̇i2 ≤ −κi2E 2
i2 − 1

2
E 2

i2 − pi2Z2
i2 − ci

˜̄D
2

i + |Ei2Giνi2|

− Ei2Giνi2 tanh
(Ei2Giνi2

τi

)
+ |Ei2Giγi1|
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− Ei2Giγi1 tanh
(Ei2Giγi1

τi

)
− |Ei2Giγi1|

+
∣∣∣∣Ei2Giγi2

1 − ρi

∣∣∣∣ + ηi1W̃T
aiŴai + ηi2W̃T

ci Ŵci

− ciW̃T
ai Ξai (Zi)

˜̄Di + ˜̄Di
˙̄Di + ηi3�̃

T
i �̂i (44)

On the basis of Young’s inequality, it yields

ηi1W̃T
aiŴai ≤ ηi1

2
‖Wai‖2 − ηi1

2
‖W̃ai‖2 (45)

ηi2W̃T
ci Ŵci ≤ ηi2

2
‖Wci‖2 − ηi2

2
‖W̃ci‖2 (46)

−ciW̃T
ai Ξai (Zi)

˜̄Di ≤ ci

2
‖W̃ai‖2 + ci

2
˜̄D

2

i (47)

˜̄Di
˙̄Di ≤ 1

2
˜̄D

2

i + d̄2
i

2
(48)

ηi3�̃
T
i �̂i ≤ ηi3

2
‖�i‖2 − ηi3

2
‖�̃i‖2 (49)

According to Lemma 2, and combining with (45)–(49), we obtain

V̇i2 ≤ −κi2E 2
i2 − 1

2
E 2

i2 −
(ηi1

2
− ci

2

)
‖W̃ai‖2 − ηi2

2
‖W̃ci‖2

− pi2Z2
i2 −

(
ci

2
− 1

2

)
˜̄D

2

i − ηi3

2
‖�̃i‖2 + 2
τi

+ ηi1

2
‖Wai‖2 + ηi2

2
‖Wci‖2 + d̄2

i

2
+ ηi3

2
‖�i‖2 (50)

To sum up, through systematic integration of the multi-stage synthesis framework encompass-
ing disturbance estimation, neural approximation, and event-triggered compensation mechanisms,
the core theoretical contribution of this work is formally encapsulated in the following theorem.
Subsequently, a rigorous stability verification framework is established for the resulting closed-loop
architecture.

Theorem 1: Consider the QUAV system with six degree of freedom (1), external disturbances and the
uncertain system terms, by introducing the reinforcement learning strategy, and developing the filter (9),
the NNDO (19), two types of newral networks with the adaptive updating laws (23) and (24), the virtual
control laws (25) and (35), the event-triggered robust tracking controller is designed as (40), and then
the designed control can ensure that all the system signals are uniformly ultimately bounded. Meanwhile,
Zeno behavior will not occur.

Proof: To conduct the entire system stability analysis, we propose the following Lyapunov function
candidate:

V∗
i = Vi1 + Vi2 (51)
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Taking the time derivative of (51), and by utilizing (29) and (50), one has

V̇∗
i ≤ −(κi − 1)E 2

i1 − κi2E 2
i2 − pi1Z2

i1 −
(

1
ςi

− 9
2

)
ς 2

i −
(ηi1

2
− ci

2

)
‖W̃ai‖2

− ηi2

2
‖W̃ci‖2 − pi2Z2

i2 −
(

ci

2
− 1

2

)
˜̄D

2

i − ηi3

2
‖�̃i‖2 + 1

16
b̄2

i + 2
τi

+ ηi1

2
‖Wai‖2 + ηi2

2
‖Wci‖2 + d̄2

i

2
+ ηi3

2
‖�i‖2

≤ −AV∗
i + B (52)

where A = min
{

2(κi − 1), 2κi2, 2pi1, 2pi2,
2
ςi

− 9,
(ηi1

2
− ci

2

)
/λmax(�

−1
ai ), ηi 2/λmax(�

−1
ci ), ci − 1, ηi3/λmax

(ϒ−1
i )

}
, B = 1

16
b̄2

i + 2
τi + ηi1

2
‖Wai‖2 + ηi2

2
‖Wci‖2 + d̄2

i

2
+ ηi3

2
‖�i‖2.

Furthermore, by using eAt to multiply by (52), and calculating definite integral on [0, t], one has

V∗
i ≤

(
V∗

i (0) − B
A

)
eAt + B

A ≤ V∗
i (0) + B

A (53)

Obviously, in view of the definition of V∗
i , it is implied that all the signals of the closed-loop system

are bounded.

On the other hand, if it is proven that there is no Zeno behavior, it is actually to prove that there
exist s a time constant t∗

i such that tk+1 − tk ≥ t∗, ∀k ∈ Z+. In fact, note that lim
t∈tk+1

εi(t) = ρi|Ui(t) | + γi2

and | ˙̄U i| ≤ ιi with ιi being a positive constant, then we have tk+1 − tk ≥ ρi |Ui(t)| + γi2
ιi

, that is, there is a lower
bounds satisfying t∗

i = γi2
ιi

. �

4 Simulation Experiment Results

In this section, to verify the effectiveness of the robust adaptive trajectory and attitude tracking
control scheme for QUAV, a set of simulation experiments has been carried out and the satisfactory
results have been obtained. The relevant model parameters are listed in Table 1.

Table 1: The relevant model parameters

Variable Value Unit

m 2 kg
g 9.8 m/s2

L 0.325 m
ax, ay, az, aφ, aθ , aψ 0.6 N·s/rad
Ix 0.082 kg · m2

Iy 0.082 kg · m2

Iz 0.149 kg · m2
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The simulation configuration adopts the following parametric settings:

• Reference signals: rx = 2 sin
( π

10
t
)

, ry = 2 cos
( π

10
t
)

, rz = 1
6

t, rψ = π

4
, rφ and rθ are

generated by (4).

• External disturbances: dx = 0.1 cos(30t), dy = 0.1 sin(20t), dz = 0.1 cos(30t), dφ = 0.1 sin(30t),
dθ = cos(30t), and dψ = 0.1 sin(20t).

• System control parameters: unless otherwise specified, note that i = 1, 2, . . . , 6.

• Filter parameters are set as: σi = 0.5. The gain parameters of SPEM are set as: p11 = p21 =
p31 = 6, p41 = p51 = p61 = 4, p12 = p22 = p32 = 10, p42 = p52 = p62 = 5. The configurations
of NNDO are set as: c1 = c2 = c3 = 10, c4 = c5 = c6 = 5. The parameters of actor-NN,
critic-NN and adaptive estimation are selected as: �ai = diag{20, 20, 20, 20, 20, 20}, �ci =
diag{10, 10, 10, 10, 10, 10}, ϒi = diag{10, 10, 10, 10, 10, 10}, ηi1 = ηi2 = 2, ηi3 = 1. The event-
triggered control parameters are selected as: κ11 = κ21 = κ31 = 2.5, κ41 = κ51 = κ61 = 2,
κ12 = κ22 = κ32 = 30, κ42 = κ52 = κ62 = 5, ρi = 0.01, τi = 0.1, γi1 = 0.11, γi2 = 0.01.

• Initial conditions: [x(0), y(0), z(0)]T = [1, 2, 0.5]T and [φ(0), θ(0), ψ(0)]T = [0.6, 0.1, 0]T .

The proposed event-triggered robust constrained control scheme demonstrates superior perfor-
mance through numerical simulations, as evidenced by the following quantitative analyses across
Figs. 2–6. As visualized in Fig. 2, the QUAV exhibits precise trajectory tracking performance. Figs. 3
and 4 reveal that the actual position and attitude angular can effectively track the reference signals
with a relatively small errors.

Figure 2: The 3D trajectory tracking results
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Figure 3: The tracking results of position components: (a) The tracking curves of position components.
(b) The curves of position tracking errors

Figure 4: The tracking results of attitude angular components: (a) The tracking curves of attitude
angular components. (b) The curves of attitude angular tracking errors
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Figure 5: The disturbance estimation results of NNDOs: (a) Position loop. (b) Attitude loop

Figure 6: The curves of event-triggered control inputs, taking (a) uφ and (b) uθ as examples

The developed NNDOs achieve the satisfactory effect for composite disturbance estimation,
as quantified in Fig. 5. The observer’s mean square errors (MSEs) are shown in Table 2. The fact
verifies the dual neural network architecture’s capability in uncertainty approximation and disturbance
rejection.
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Table 2: The mean square errors of NNDOs

Disturbance estimation ˆ̄D1
ˆ̄D2

ˆ̄D3
ˆ̄D3

ˆ̄D5
ˆ̄D6

MSEs 0.0120 0.0143 0.0962 0.0397 0.0052 0.0174

The event-triggering mechanism demonstrates superior resource efficiency, as evidenced by the
inter-event intervals shown in Fig. 6, and it is shown that the developed event-triggered tracking
controller can effectively reduce the consumption with ensuring control stability.

5 Conclusions

This study has established a novel adaptive event-triggered control framework for QUAV that
systematically addresses trajectory and attitude tracking under external disturbances. By combining
reinforcement learning-based neural networks with nonlinear disturbance estimation, this architecture
achieves robust uncertainty compensation. The dual NN mechanism enables dynamic performance
evaluation and adaptive policy refinement. This paper verifies the scheme’s effectiveness under single
QUAV, but it still has limitations: (1) It does not consider QUAV’s payload changes (e.g., delivery
tasks); (2) The event-triggered threshold is fixed, which may not adapt to dynamic environments.
Future work will: (1) Integrate payload estimation into the NNDO to handle mass variations;
(2) Extend the single QUAV control framework to swarm systems using federated learning, ensuring
data privacy during collaborative control.
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