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Abstract: For a class of strict-feedback nonlinear systems involving unknown time-varying 

parameters and external disturbances, an event-triggered adaptive prescribed-time control method is 

proposed. First, a prescribed-time adjustment function containing only a single reciprocal term is 

introduced to unify the multi-stage high-order scaling in conventional prescribed-time backstepping 

into a single first-order scaling, thereby simplifying the structure of the prescribed-time scaling term 

and reducing the complexity of the recursive controller design. Second, an adaptive law is developed 

to adaptively compensate for the effects of unknown time-varying parametric uncertainties, while a 

radial basis function neural network (RBFNN) is embedded into the backstepping framework to 

achieve real-time approximation and compensation of external disturbances. Moreover, an event-

triggered mechanism is incorporated to operate synchronously with the controller, guaranteeing 

prescribed-time stability and substantially reducing the number of control updates compared with 

periodic sampling, thus saving communication and computational resources. Finally, numerical 

simulations demonstrate that the proposed control strategy achieves prescribed-time convergence and 

post-prescribed-time practical boundedness, while maintaining satisfactory robustness with 

significantly fewer control updates. 

Keywords: time-varying parameters; uncertain nonlinear systems; prescribed-time stability; adaptive 

backstepping control; event-triggered control; neural network control 
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1. Introduction  

In recent years, prescribed-time control has become a research hotspot in control theory and 

engineering applications because its convergence time is independent of both the initial conditions and 

the control gains. Early control methods mainly focused on asymptotic stability, which features a slow 

convergence rate and is unsuitable for applications requiring strong real-time performance. Although 

finite-time control [1] can guarantee that the system reaches equilibrium within a finite time, its 

convergence time depends on the initial conditions. Fixed-time control [2] decouples the convergence 

time from the initial conditions but is highly sensitive to design parameters, making parameter tuning 

difficult. The emergence of prescribed-time control theory [3] achieves convergence within a time that 

is independent of both the initial conditions and the control parameters, enabling the system to reach 

equilibrium precisely at a user-specified instant. This lays a solid foundation for the development of 

highly reliable and real-time control systems. 

However, early prescribed-time control methods were mostly based on state scaling or time 

scaling design [4,5], which often resulted in complicated structures and strong parameter dependence, 

making unified and simplified controller design difficult. In addition, the prescribed-time control 

approach that mainly relies on state-scale and time-scale transformations [6] can guarantee 

convergence before the prescribed time, but its design procedure typically requires multi-level scaling 

and nested nonlinear terms, leading to a complex control law and a heavy structural complexity. To 

address this issue, Zhou and Shi [7] proposed a non-scaling prescribed-time stability framework, which 

achieves consistent convergence performance throughout the entire control process without 

introducing multiple time-varying scaling functions, thereby reducing implementation complexity. In [8], 

an adaptive estimation mechanism was introduced, and an adaptive prescribed-time control law was 

developed for nonlinear systems with parametric uncertainty, together with a new prescribed-time 

stability theorem. Subsequently, for systems with input delays, Ning et al. [9] extended the prescribed-

time framework to time-delay dynamics and performed adaptive prescribed-time stability analysis. 

Considering engineering scenarios with state constraints, Liu et al. [10] incorporated boundary-

handling techniques into adaptive prescribed-time control and proposed a state-prescribed control 

strategy. Recent studies have further extended prescribed-time control to more complex nonlinear 

systems. Zhang et al. [11] investigated prescribed-time adaptive fuzzy optimal control for nonlinear 

systems, whereas Zhang et al. [12] developed a predefined-time adaptive fuzzy control scheme for 

nonlinear systems with output hysteresis. Feng et al. [13] proposed an improved time-varying feedback 

approach for prescribed-time stabilization of nonlinear systems subject to uncertainties and 

disturbances. In addition, prescribed-time stability criteria for nonlinear impulsive piecewise systems 

and impulsive piecewise-smooth differential systems, together with their synchronization and network 

applications, were established in [14,15]. These studies have enriched the theoretical framework and 

application scope of prescribed-time control.  

Nevertheless, most existing results do not simultaneously consider unknown time-varying 

parametric uncertainties, external disturbances, and resource-constrained event-triggered 

implementation. However, when the parameters are time-varying and uncertain, such cases are of great 

significance in practical applications such as missile guidance, cooperative unmanned aerial vehicle 

(UAV) control, and spacecraft docking. Therefore, investigating prescribed-time control for uncertain 

nonlinear systems with time-varying parameter uncertainty is of particular importance. In practical 

engineering, system operation is also often accompanied by unknown external disturbances, which 
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may even cause equipment damage in severe cases. Although neural-network control approaches [16] 

can approximate and compensate for unknown nonlinearities and disturbances online, relatively few 

prescribed-time control results simultaneously address time-varying parametric uncertainties, external 

disturbances, and event-triggered implementation. Despite the rich achievements in handling model 

uncertainty, time delays, and state constraints, research on prescribed-time control for uncertain 

nonlinear systems that simultaneously contain unknown external disturbances and time-varying 

parametric uncertainty remains relatively limited. 

With the rapid development of networked control systems and the Internet of Things (IoT), 

maintaining prescribed-time convergence under limited bandwidth and computational resources has 

become a new challenge. Event-triggered mechanisms have attracted increasing attention because they 

can significantly reduce control updates and communication costs while satisfying performance 

requirements. Related intelligent event-triggered control schemes have also been reported. Li et al. [17] 

developed an adaptive fuzzy event-triggered command-filtered controller for nonlinear time-delay 

systems, while Li et al. [18] proposed a neural-network-approximation-based adaptive periodic event-

triggered output-feedback controller for switched nonlinear systems. These studies demonstrate the 

effectiveness of combining adaptive approximation techniques with event-triggered implementation. 

However, they do not address prescribed-time stabilization of strict-feedback nonlinear systems 

simultaneously affected by unknown time-varying parametric uncertainties and external disturbances. 

Ning et al. [19] introduced event-triggered strategies into prescribed-time control of nonlinear 

uncertain systems and established general convergence criteria. Furthermore, Ning et al. [20] designed 

a new dynamic event-triggered mechanism and collaboratively developed a prescribed-time controller, 

which effectively reduces the triggering frequency and alleviates the communication burden of 

networked systems. In summary, although existing studies have achieved notable progress in event-

triggered prescribed-time control, further research is still required to address uncertain nonlinear 

systems subject to both time-varying parameters and external disturbances under resource constraints. 

Based on the above analysis, the main contributions of this study can be summarized as follows: 

1) For strict-feedback nonlinear systems with unknown time-varying parametric uncertainties, a 

single-reciprocal prescribed-time adjustment function is incorporated into the adaptive backstepping 

design. Compared with multi-layer scaling-based prescribed-time methods, the proposed design 

involves only one first-order time-varying scaling function, which simplifies the recursive controller 

structure and reduces the structural complexity of the controller design. Moreover, the adaptive law is 

used to compensate for the effects of time-varying parametric uncertainties rather than to identify their 

exact trajectories. 

2) An RBFNN is employed to approximate and compensate for the unknown external disturbance 

online. The NN weight estimate is updated according to the closed-loop error signal, and the NN output 

is directly embedded into the control input as a compensation term. In this way, the exact value of the 

external disturbance is not required in the controller, and the influence of the RBFNN approximation 

error is incorporated into the Lyapunov stability analysis. 

3) An event-triggered mechanism is incorporated into the prescribed-time adaptive backstepping 

framework. Compared with time-triggered implementation, the proposed event-triggered strategy 

significantly reduces the number of control input updates while maintaining prescribed-time 

convergence. Unlike some existing event-triggered prescribed-time methods that mainly focus on 

time-varying parametric uncertainties, the proposed framework further includes RBFNN-based 

compensation for unknown external disturbances. 
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2. Problem description and preliminaries 

2.1. Problem formulation 

Consider the following class of strict-feedback nonlinear systems with uncertain time-varying 

parameters and external disturbances: 

 

𝑥̇𝑖 = 𝑥𝑖+1 + 𝜃𝑖
𝑇(𝑡)𝑓𝑖(𝑥̄𝑖), 𝑖 = 1, … , 𝑛 − 1

𝑥̇𝑛 = 𝑢 + 𝜃𝑛
𝑇(𝑡)𝑓𝑛(𝑥̄𝑛) + 𝑤(𝑡)

,                     (1)

 

where 𝑥̄𝑖 = [𝑥1, … , 𝑥𝑖]
𝑇 ∈ 𝑅𝑖

 is the system state; 𝜃𝑖(𝑡) ∈ 𝑅𝑟 is the uncertain time-varying bounded 

parameters vector; 𝑓𝑖(⋅): 𝑅𝑖 → 𝑅𝑟
 are the known continuous functions with 𝑓𝑖(0) = 0, 𝑖 = 1,2, . . . , 𝑛. 

𝑢 is control input, 𝑤(𝑡) represents bounded continuous disturbances. 

Assumption 1: The unknown time-varying parameter vectors are continuously differentiable and 

bounded. There exist unknown positive constants 

 

‖𝜃𝑖(𝑡)‖ ≤ 𝜃̄𝑖 ,

                         ‖𝜃̇𝑖(𝑡)‖ ≤ 𝜃̄𝑑𝑖 , 𝑖 = 1, . . . , 𝑛.
 

(2) 

This assumption is reasonable because physical parameters in practical systems, such as resistance, 

friction coefficients, aerodynamic coefficients, load variations, and environmental parameters, usually 

vary within finite ranges and cannot change infinitely fast due to physical constraints, actuator 

bandwidth, and sensor limitations. 

Remark 1: For system (1) with uncertain time-invariant parameters and without external 

disturbances, the adaptive event-triggered finite-time control problem has been investigated in [21], 

where a global fast finite-time stable scheme was developed. However, the co-designed controller and 

event-triggering mechanism can only guarantee finite-time convergence, and the settling time still 

depends on the initial conditions rather than being prescribed a priori. In many practical applications, 

such as missile precision strike, cooperative UAV missions, and autonomous spacecraft rendezvous 

and docking, it is more desirable to achieve prescribed-time convergence that is independent of both 

the initial conditions and control gains. Motivated by this, the present work investigates the prescribed-

time control problem for a class of strict-feedback nonlinear systems with uncertain time-varying 

parameters and unknown external disturbances and develops an adaptive event-triggered prescribed-

time control scheme that ensures user-specified convergence while reducing communication and 

structural complexity. 

The control objective is to design an event-triggered adaptive prescribed-time controller such that 

the system states converge to the origin at the prescribed instant 𝑇𝑝 and remain within a bounded 

neighborhood of the origin after 𝑇𝑝, while excluding Zeno behavior. 

2.2. Preliminaries 

Definition 1 ([19]): A continuous function is called a prescribed-time adjustment function (PTA 

function) if it satisfies 
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𝜇(𝑡) > 0,  ∀𝑡 ∈ [0,T𝑝),

𝑙𝑖𝑚
𝑡→𝑇𝑝

−
(𝑇𝑝 − 𝑡)𝜇(𝑡) = 𝜊.

 

(3) 

where

 

𝜊

 

is a positive constant or

 

+∞. 
Lemma 1 ([20]): For any nonnegative differentiable functions 𝑉1(𝑡)  and 𝑉2(𝑡) , a positive 

continuous function 𝜎(𝑡), and a constant 𝑝 ∈ (0,1), suppose that  

 

𝑙𝑖𝑚
𝑡→𝑇𝑝

−
(𝑇𝑝 − 𝑡)𝑝𝜇(𝑡)𝜎(𝑡) = 𝜎̄ < +∞

𝑉(𝑡) = 𝑉1(𝑡) + 𝑉2(𝑡),  𝑡 ∈ [0,T𝑝),

𝑉̇(𝑡) ≤ −𝑐𝜇(𝑡)𝑉1(𝑡) + 𝜀𝜇(𝑡)𝜎(𝑡),  

(4) 

where 𝜇(𝑡) is a PTA function, 𝑐 > 0, 𝜀 > 0, and 𝜎̄ ≥ 0 are constants. Then, 𝑉(𝑡) is bounded on 

[0,T𝑝), and 𝑙𝑖𝑚
𝑡→𝑇𝑝

−
𝑉1(𝑡) = 0.

 

Corollary 1: Consider a nonnegative Lyapunov function 𝑉(𝑡) satisfying
 

 

𝑉(𝑡) = 𝑉1(𝑡) + 𝑉2(𝑡),  𝑡 ∈ [0,T𝑝),

 

(5) 

where 𝑉1(𝑡) ≥ 0 and 𝑉2(𝑡) ≥ 0. If 

 

𝑉̇(𝑡) ≤ −𝑐𝜇(𝑡)𝑉1(𝑡) + 𝜀𝜇(𝑡)𝜎(𝑡) + 𝜂,

 

(6) 

where 𝑐 > 0, 𝜀 > 0, 𝜂 > 0 and 𝜎(𝑡) satisfies 

 

𝑙𝑖𝑚
𝑡→𝑇𝑝

−
(𝑇𝑝 − 𝑡)𝑝𝜇(𝑡)𝜎(𝑡) = 𝜎̄ < +∞, 𝑝 ∈ (0,1),

 

(7) 

then 𝑉(𝑡) is bounded on [0,T𝑝), and 𝑙𝑖𝑚
𝑡→𝑇𝑝

−
𝑉1(𝑡) = 0.

 

Proof: By applying the Gronwall Lemma inequality to (6), one obtains 

 

𝑉(𝑡) ≤ 𝑉(0)𝑒−𝑐 ∫ 𝜇(𝑠)𝑑𝑠
𝑡

0 + 𝑒−𝑐 ∫ 𝜇(𝑠)𝑑𝑠
𝑡

0 ∫ (𝑐𝜇(𝑠)𝑉2 + 𝑛𝜇(𝑠)𝑑𝜎(𝑠)
𝑡

0
+ 𝜂)𝑒𝑐 ∫ 𝜇(𝜏)𝑑𝜏

𝑠
0 𝑑𝑠,

 

(8) 

according to Definition 1, for the PTA function 𝜇(𝑡), it holds that 𝑙𝑖𝑚
𝑡→𝑇𝑃

− ∫ 𝜇(𝑠)𝑑𝑠 = +∞
𝑡

0
.
 
Using this 

fact together with L’Hôpital’s rule yields 

 

𝑙𝑖𝑚
𝑡→𝑇𝑃

−
𝑉(𝑡) = 𝑙𝑖𝑚

𝑡→𝑇𝑃
−

(𝑉1 + 𝑉2)

                                                                ≤ 𝑙𝑖𝑚
𝑡→𝑇𝑃

−

∫ (𝑐𝜇(𝑠)𝑉2+𝜀𝜇(𝑠)𝑑𝜎(𝑠)
𝑡

0
+𝜂)𝑒−𝑐 ∫ 𝜇(𝜏)𝑑𝜏

𝑠
0 𝑑𝑠

𝑒𝑐 ∫ 𝜇(𝑠)𝑑𝑠
𝑡
0

                                      = 𝑙𝑖𝑚
𝑡→𝑇𝑃

−
(𝑉2 +

𝜀𝑑𝜎(𝑠)

𝑐
+

𝜂

𝑐𝜇(𝑡)
)

                         = 𝑙𝑖𝑚
𝑡→𝑇𝑃

−
(𝑉2 +

𝜀𝑑𝜎(𝑠)

𝑐
)

,

 

(9) 

where we have used 𝑙𝑖𝑚
𝑡→𝑇𝑃

−
𝜎(𝑡) = 0.

 
Therefore, combining with (8), it follows that 
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𝑙𝑖𝑚
𝑡→𝑇𝑃

−
𝑉(𝑡) = 𝑙𝑖𝑚

𝑡→𝑇𝑃
−

(𝑉1 + 𝑉2) ≤ 𝑙𝑖𝑚
𝑡→𝑇𝑃

−
𝑉2.

 

(10) 

Therefore, 𝑙𝑖𝑚
𝑡→𝑇𝑃

−
𝑉1(𝑡) = 0. 

Lemma 2 ([22]): For any functions 𝑥 ≥ 0, 𝑦 ≥ 0 and any positive constants 𝑝 > 1, 𝑞 > 1,
1

𝑝
+

1

𝑞
= 1, 

the following inequality holds: 

 

𝑥𝑦 ≤
𝑥𝑝

𝑝
+

𝑦𝑞

𝑞
.

 

(11) 

Lemma 3 ([23]): For any 𝜌 > 0 and any 𝑧 ∈ 𝑅, the following inequality holds: 

 

0 ≤ |𝑧| − 𝑧 𝑡𝑎𝑛ℎ(
𝑧

𝜌
) ≤ 0.2785𝜌.

 

(12) 

2.3. Radial basis function neural network 

The radial basis function neural network (RBFNN) is a type of feedforward neural network 

constructed with nonlinear radial basis functions. It is widely used for approximating continuous 

functions and can be expressed as 

 

𝐹(𝑧) = 𝑊∗𝑇𝛺(𝑧) + 𝜀(𝑧),

 

(13) 

where 𝜀 is the approximation error satisfying |𝜀(𝑧)| ≤ 𝜀̄, with 𝜀̄ > 0 being a constant bound. The 

optimal weight 𝑊∗ vector is defined as 

 

𝑊∗ = 𝑎𝑟𝑔𝑚𝑖𝑛{𝑠𝑢𝑝|𝐹(𝑧) − 𝑊̂𝑇𝛺(𝑧)|}.

 

(14) 

Let 𝑊̂  be the estimate of 𝑊∗,  and 𝛺(𝑧) = [𝛺1(𝑧), 𝛺2(𝑧), … , 𝛺𝑖(𝑧)]𝑇  be the vector of basis 

functions, which are designed as 

 

𝛺𝑖(𝑧) = 𝑒𝑥𝑝 [
−(𝑧−𝜍𝑖)𝑇(𝑧−𝜍𝑖)

𝜅𝑖
2 ],

 

(15) 

where 𝜍𝑖 denotes the center of the 𝑖 -th basis function, and 𝜅𝑖 is a positive design parameter. In this 

paper, the RBFNN input is selected as 𝑧 = 𝑥𝑛,  and the unknown external disturbance 𝑤(𝑡)  is 

approximated by the RBFNN as 

 

𝑤(𝑡) = 𝑊∗𝑇𝛺(𝑥𝑛) + 𝜀(𝑥𝑛, 𝑡).

 

(16) 

The NN output is written as 

 

𝑤̂(𝑡) = 𝑊̂𝑇𝛺(𝑥𝑛).

 

(17) 

Different from offline-trained neural networks, the weight estimate 𝑊̂  is updated online by the 

adaptive law during the closed-loop operation. Therefore, the exact value of 𝑤(𝑡) is not required in 

the controller. 
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3. Main results 

In this section, a prescribed-time controller design is developed by integrating a prescribed-time 

adjustment function with an event-triggered mechanism within a backstepping framework. The 

proposed scheme not only significantly reduces communication resources but also eliminates the 

dependence of the system’s convergence time on initial conditions and control parameters. 

3.1. Virtual control law design 

To simplify the subsequent analysis, the following state transformation is applied to system (1): 

 

𝜉1 = 𝜇(𝑡)𝜆1,  𝜆1 = 𝑥1,
                                   𝜉𝑖 = 𝜇(𝑡)𝜆𝑖,  𝜆𝑖 = 𝑥𝑖 − 𝛼𝑖−1,  𝑖 = 2, … , 𝑛,

 

(18) 

where 𝜆𝑖(𝑖 = 1, . . . , 𝑛)  denotes the recursive error variable introduced in the backstepping design. 

Specifically, 𝜆1 = 𝑥1 represents the first recursive error variable, while 𝜆𝑖 = 𝑥𝑖 − 𝛼𝑖−1(𝑖 = 2, . . . , 𝑛) 

represents the error between the actual state 𝑥𝑖 and the virtual controller 𝛼𝑖−1 designed at the previous 

step, and 𝜇(𝑡) is the prescribed-time adjustment function (PTA function) defined in Definition 1. To 

reduce the structural complexity of the system, the time-varying function 𝜇(𝑡) is chosen as 

 

𝜇(𝑡) =
1

𝑇𝑝−𝑡
，  𝑡 ∈ [0, 𝑇𝑝),

𝜇(𝑡) = 𝜂，  𝑡 ∈ [𝑇𝑝, +∞),  

(19) 

where 𝜂 > 0 is a constant. 

The virtual control laws and adaptive laws are constructed in accordance with the backstepping 

design procedure, which consists of 𝑛 steps. 

Step 1: According to (1) and (18), 

 

𝜉̇1 = 𝜇(𝛼1 + 𝜃1
𝑇(𝑡)𝑓1) + 𝜉2 + 𝜇𝜉1.

 

(20) 

On this basis, the Lyapunov function is constructed as follows: 

 

𝑉1 =
1

2
𝜉1

2 +
1

2
𝑑̃2,

 

(21) 

where 𝑑̃ = 𝑑 − 𝑑̂ is the estimation error of the unknown function 𝑑 = 𝑠𝑢𝑝
𝑡≥0

‖𝜃1(𝑡)，… , 𝜃𝑛(𝑡)‖,
 
and 

𝑑̂ is its estimate. 

Then, from (20) and (21) 

 

𝑉̇1 = 𝜇𝜉1(𝛼1 + 𝜗1
𝑇(𝑡)𝜙1 + 𝜉1) + 𝜉1𝜉2 − 𝑑̃𝑑̂

 .

,

 

(22) 

where 𝜗1(𝑡) = 𝜃1(𝑡) and 𝜙1 = 𝑓1 
according to Lemma 2 and (12), 

 

𝜇𝜉1𝜗1
𝑇(𝑡)𝜙1 ≤

𝜇𝑑𝜉1
2‖𝜙1‖2

√𝜉1
2‖𝜙1‖2+𝜎2(𝑡)

+ 𝜇𝑑𝜎(𝑡),

 

(23) 
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where 𝜎(𝑡) =
1

𝜇(𝑡)
= 𝑇𝑝 − 𝑡.

 

From (22) and (23), the virtual control law 𝛼1 
can be designed as 

 

𝛼1 = −𝑐1𝜉1 −
𝑑̂𝜉1‖𝜙1‖2

√𝜉1
2‖𝜙1‖2+𝜎2(𝑡)

− 𝜉1,

 

(24) 

where 𝑐1 > 𝑛 is a design parameter. 

Substituting (24) into (22) and (23) yields 

 

𝑉̇1 ≤ −𝑐1𝜇𝜉1
2 + 𝑑̃𝑇 (𝜏1 − 𝑑̂

 .

) + 𝜇𝑑𝜎(𝑡) + 𝜉1𝜉2,

 

(25) 

where 𝜏1 =
𝜇𝜉1

2‖𝜙1‖2

√𝜉1
2‖𝜙1‖2+𝜎2(𝑡)

 

is a smooth function on [0, 𝑇𝑝).
 

Step 2: According to (1) and (18), 

 

𝜉̇2 =  𝜇 (𝛼2 + 𝜗2
𝑇(𝑡)𝜙2 −

𝜕𝛼1

𝜕𝑑̂
𝑑̂
 .

−
𝜕𝛼1

𝜕𝑥1
𝑥2 −

𝜕𝛼1

𝜕𝑡
) + 𝜉3 + 𝜇𝜉2,

 

(26) 

Next, choose the Lyapunov function 𝑉2 = 𝑉1 +
1

2
𝜉2

2

 
that yields 

 

𝑉̇2 ≤ −𝑐1𝜇𝜉1
2 + 𝑑̃𝑇 (𝜏1 − 𝑑̂

 .

) + 𝜇𝑑𝜎(𝑡) + 𝜉1𝜉2

+𝜇𝜉2 (𝛼2 + 𝜗2
𝑇(𝑡)𝜙2 −

𝜕𝛼1

𝜕𝑑̂
𝑑̂
 .

−
𝜕𝛼1

𝜕𝑥1
𝑥2 −

𝜕𝛼1

𝜕𝑡
) + 𝜉2𝜉3 + 𝜇𝜉2

2, 

(27) 

according to Lemma 2 and (27), 

 

𝜇𝜉2𝜗2
𝑇(𝑡)𝜙2 ≤

𝜇𝑑𝜉2
2‖𝜙2‖2

√𝜉2
2‖𝜙2‖2+𝜎2(𝑡)

+ 𝜇𝑑𝜎(𝑡),

 

(28) 

from (27) and (28), the virtual control law 𝛼2 
can be designed as 

 

𝛼2 = −𝑐2𝜉2 −
𝜉1

𝜇
−

𝑑̂𝜉2‖𝜙2‖2

√𝜉2
2‖𝜙2‖2+𝜎2(𝑡)

   +
𝜕𝛼1

𝜕𝑑̂
𝜏2 +

𝜕𝛼1

𝜕𝑥1
𝑥2 +

𝜕𝛼1

𝜕𝑡
− 𝜉2

,

 

(29) 

where 𝑐2 > 𝑛 − 1
 
is a design parameter, and 𝜏2 = 𝜏1 +

𝜇𝜉2
2‖𝜙2‖2

√𝜉2
2‖𝜙2‖2+𝜎2(𝑡)

 

is a smooth function on [0, 𝑇𝑝).
 

Substituting (29) into (27) and (28) yields 

 

𝑉̇2 ≤ −𝜇 ∑ 𝑐𝑗
2
𝑗=1 𝜉𝑗

2 + 𝑑̃𝑇 (𝜏2 − 𝑑̂
 .

) + 2𝜇𝑑𝜎(𝑡)

+𝜇
𝜕𝛼1

𝜕𝑑̂
𝜉2 (𝜏2 − 𝑑̂

 .

) + 𝜉2𝜉3

.

 

(30) 
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Step 𝑖 (𝑖 = 3, . . . , 𝑛 − 1): According to (1) and (18), 

 

𝜉̇𝑖 = 𝜇 (𝛼𝑖 + 𝜗𝑖
𝑇(𝑡)𝜙𝑖 −

𝜕𝛼𝑖−1

𝜕𝑑̂
𝑑̂
 .

− ∑
𝜕𝛼𝑖−1

𝜕𝑥𝑗

𝑖−1
𝑗=1 𝑥𝑗+1 −

𝜕𝛼𝑖−1

𝜕𝑡
) + 𝜉𝑖+1 + 𝜇𝜉𝑖, (31) 

where 𝜗𝑖
𝑇 = [𝜃𝑖

𝑇, . . . , 𝜃1
𝑇]

 
and 𝜙𝑖

𝑇 = [𝑓𝑖 , −
𝜕𝛼𝑖−1

𝜕𝑥𝑖−1
𝑓𝑖−1, . . . , −

𝜕𝛼𝑖−1

𝜕𝑥1
𝑓1].

 

Next, choose the Lyapunov function

 

𝑉𝑖 = 𝑉𝑖−1 +
1

2
𝜉𝑖

2.

  

Using Steps 1 and 2, and proceeding 

recursively, the time derivative of 𝑉𝑖 can be obtained as 

 

𝑉
.

𝑖 ≤ −𝜇 ∑ 𝑐𝑗
𝑖−1
𝑗=1 𝜉𝑗

2 + 𝑑̃𝑇 (𝜏𝑖−1 − 𝑑̂
 .

) + (𝑖 − 1)𝜇𝑑𝜎(𝑡)

+𝜉𝑖−1𝜉𝑖 + 𝜉𝑖𝜉𝑖+1 + 𝜇 ∑
𝜕𝛼𝑗−1

𝜕𝑑̂

𝑖−1
𝑗=2 𝜉𝑗 (𝜏𝑖−1 − 𝑑̂

 .

)

                                +𝜇𝜉𝑖 (𝛼𝑖 −
𝜕𝛼𝑖−1

𝜕𝑑̂
𝑑̂
 .

− ∑
𝜕𝛼𝑖−1

𝜕𝑥𝑗

𝑖−1
𝑗=1 𝑥𝑗+1 +𝜗𝑖

𝑇(𝑡)𝜙𝑖 −
𝜕𝛼𝑖−1

𝜕𝑡
) + 𝜇𝜉𝑖

2

,

 

(32) 

where 𝑐𝑗 > 𝑛 − 𝑗 + 1
 
is a design parameter. According to Lemma 2 and (32), 

 

𝜇𝜉𝑖𝜗𝑖
𝑇(𝑡)𝜙𝑖 ≤

𝜇𝑑𝜉𝑖
2‖𝜙𝑖‖2

√𝜉𝑖
2‖𝜙𝑖‖2+𝜎2(𝑡)

+ 𝜇𝑑𝜎(𝑡),

 

(33) 

from (32) and (33), the virtual control law 𝛼𝑖 
can be designed as 

 

𝛼𝑖 = −𝑐𝑖𝜉𝑖 −
𝜉𝑖−1

𝜇
−

𝑑̂𝜉𝑖‖𝜙𝑖‖2

√𝜉𝑖
2‖𝜙𝑖‖2+𝜎2(𝑡)

+
𝜕𝛼𝑖−1

𝜕𝑑̂
𝜏𝑖

                                        + ∑
𝜕𝛼𝑖−1

𝜕𝑥𝑗

𝑖−1
𝑗=1 𝑥𝑗+1 +

𝜕𝛼𝑗−1

𝜕𝑡
− 𝜉𝑖 +

𝜉𝑖‖𝜙𝑖‖2

√𝜉𝑖
2‖𝜙𝑖‖2+𝜎2(𝑡)

∑
𝜕𝛼𝑗−1

𝜕𝑑̂

𝑖−1
𝑗=2 𝜉𝑗 , 

(34) 

where 𝑐𝑖 > 𝑛 − 𝑖 + 1
 
is a design parameter, 𝜏𝑖 = 𝜏𝑖−1 +

𝜇𝜉𝑖
2‖𝜙𝑖‖2

√𝜉𝑖
2‖𝜙𝑖‖2+𝜎2(𝑡)

 

is a smooth function on [0, 𝑇𝑝).
 

Substituting (34) into (32) and (33) yields 

 

𝑉̇𝑖 ≤ −𝜇 ∑ 𝑐𝑗
𝑖
𝑗=1 𝜉𝑗

2 + 𝑑̃𝑇 (𝜏𝑖 − 𝑑̂
 .

) + 𝑖𝜇𝑑𝜎(𝑡)

+𝜇 ∑
𝜕𝛼𝑗−1

𝜕𝑑̂

𝑖
𝑗=2 𝜉𝑗 (𝜏𝑖 − 𝑑̂

 .

) + 𝜉𝑖𝜉𝑖+1.  

(35) 

Step 𝑛: Since the 𝑛 -th subsystem contains an external disturbance 𝑤(𝑡),
 
an RBFNN is employed to 

approximate 𝑤(𝑡).
 
Choose the Lyapunov function 

 

𝑉𝑛 = 𝑉𝑛−1 +
1

2
𝜉𝑛

2 +
1

2
𝛿−1𝑊̃2,

 

(36) 

where 𝑊̃ = 𝑊∗ − 𝑊̂, 𝛿 is the adaptive gain with 𝛿 > 0. 
Next, (36) yields 
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𝑉̇𝑛 ≤ −𝜇 ∑ 𝑐𝑗
𝑛−1
𝑗=1 𝜉𝑗

2 + 𝑑̃𝑇 (𝜏𝑛 − 𝑑̂
 .

) + 𝑛𝜇𝑑𝜎(𝑡)

+𝜇 ∑
𝜕𝛼𝑗−1

𝜕𝑑̂

𝑛−1
𝑗=2 𝜉𝑗 (𝜏𝑛 − 𝑑̂

 .

) + 𝜇𝜉𝑛(𝑢 − 𝛼𝑛 + 𝑤(𝑡)) − 𝛿−1𝑊̃𝑇𝑊̂
 .

, 

(37) 

where 𝑐𝑛 > 1
 
is a design parameter, 𝜏𝑛 = 𝜏𝑛−1 +

𝜇𝜉𝑛
2‖𝜙𝑛‖2

√𝜉𝑛
2‖𝜙𝑛‖2+𝜎2(𝑡)

,

 

𝛼𝑛 
is designed as follows: 

 

𝛼𝑛 = −𝑐𝑛𝜉𝑛 −
𝜉𝑛−1

𝜇
−

𝑑̂𝜉𝑛‖𝜙𝑛‖2

√𝜉𝑛
2‖𝜙𝑛‖2+𝜎2(𝑡)

+
𝜕𝛼𝑛−1

𝜕𝑑̂
𝜏𝑛 + ∑

𝜕𝛼𝑛−1

𝜕𝑥𝑗

𝑛−1
𝑗=1 𝑥𝑗+1 +

𝜕𝛼𝑛−1

𝜕𝑡
− 𝜉𝑛

+
𝜉𝑛‖𝜙𝑛‖2

√𝜉𝑛
2‖𝜙𝑛‖2+𝜎2(𝑡)

∑
𝜕𝛼𝑗−1

𝜕𝑑̂

𝑛−1
𝑗=2 𝜉𝑗

.

 

(38) 

Remark 2: Early prescribed-time control methods, such as the time-varying feedback design in [3], 

usually rely on time-varying gains or scaling-type transformations to achieve convergence at a user-

specified time. In traditional prescribed-time backstepping designs, multi-layer time-varying scaling 

functions are often employed to construct prescribed-time gains. Although these methods can achieve 

prescribed-time convergence, the repeated use of multi-layer scaling functions and high-order time-

varying terms may lead to a complicated recursive controller structure and increase the structural 

complexity of the controller design. For example, some scaling-based prescribed-time designs involve 

high-order time-varying scaling terms such as 𝜇(𝑡) = 𝑇𝑝/(𝑇𝑝 − 𝑡)𝑚, 𝑚 ≥ 2.  In contrast, the 

prescribed-time adjustment function used in this paper is chosen as 𝜇(𝑡) = 1/(𝑇𝑝 − 𝑡),  which 

contains only a single first-order reciprocal term. Therefore, only one time-varying scaling function is 

involved throughout the whole backstepping design. This avoids the repeated construction of multi-

layer prescribed-time scaling functions and high-order scaling terms, thereby simplifying the recursive 

controller structure and reducing the structural complexity of the controller design while preserving 

the prescribed-time regulation capability. A simple structural comparison is given in Table 1. 

Table 1. Structural comparison of prescribed-time adjustment functions. 

Method PTA function 

structure 

Number of PTA 

functions 

Scaling order Structural 

complexity 

Scaling-based 

prescribed-time 

methods 

Multi-layer 

scaling functions 

Multiple High-order Relatively high 

Proposed method Single reciprocal 

function 

𝜇(𝑡)
= 1/(𝑇𝑝 − 𝑡) 

1 First-order Relatively low 

3.2. Event-triggered controller design 

In this subsection, the event-triggered mechanism, controller, and adaptive laws are jointly 

designed, whose explicit forms are given as follows: 
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{
𝑢(𝑡) = 𝜐(𝑡𝑘),  𝑡 ∈ 𝑡𝑘 , 𝑡𝑘+1)

𝑡𝑘+1 = 𝑖𝑛𝑓{𝑡 > 𝑡𝑘| |𝐸(𝑡)| ≥ 𝜔1 𝑡𝑎𝑛ℎ|𝑢(𝑡)| + 𝜔2} ,
 

(39) 

 

{
𝜐(𝑡) = 𝛼𝑛 − 𝛾̄ − 𝑊̂𝑇𝛺(𝜉𝑛)

𝑊̂
 .

= 𝛿(𝛺𝜇𝜉𝑛 − 𝛽𝑊̂)

𝑑̂
 .

= {
𝜏𝑛, 0 ≤ 𝑡 < 𝑇𝑝

0, 𝑡 ≥ 𝑇𝑝
,  

(40) 

where 𝑢(𝑡) = 𝜐(𝑡𝑘) is the control input, and 𝐸(𝑡) = 𝜐(𝑡) − 𝑢(𝑡) denotes the event-triggering error. 

Moreover, 𝛾̄ = 𝛾 𝑡𝑎𝑛ℎ (
𝛾𝜇𝜉𝑛

𝑘𝛾
) is a smooth bounded compensation term,

 

𝛾 > 𝜔1 + 𝜔2,  and 

𝛾, 𝜔1, 𝜔2, 𝛽, 𝑘𝛾 are positive design parameters. The adaptive law in (40) is derived from the Lyapunov 

stability analysis. The derivative of the final Lyapunov function contains the term 𝑑̃(𝜏𝑛 − 𝑑̇̂) ; 

therefore, 𝑑̂
 .

= 𝜏𝑛 is selected to eliminate this coupling term. It should be noted that 𝑑̂ estimates 

an upper-bound-related constant rather than the exact trajectories of the time-varying parameters. 

Then, it can be seen from (40) that the NN weight estimate 𝑊̂(𝑡) is adjusted online according to 

the closed-loop error signal 𝜉𝑛. Meanwhile, the NN output 𝑊̂(𝑡)𝛺 is included in the controller to 

compensate for the unknown external disturbance. Thus, the RBFNN-based online approximation 

and compensation are realized through the adaptive weight update and the compensation term in the 

control input. 

When the triggering condition (39) is satisfied, the control input 𝑢(𝑡)  is updated as 𝑢(𝑡) =

𝜐(𝑡𝑘),
 
and this value is held until the next triggering instant. 

For any 𝑡 ∈ 𝑡𝑘, 𝑡𝑘+1), using the triggering condition, one obtains 

 

      |𝜐 − 𝑢| < 𝜔1 𝑡𝑎𝑛ℎ|𝑢(𝑡)| + 𝜔2

< 𝜔1 + 𝜔2.
 

(41) 

Therefore, it follows that 

 

𝑢(𝑡) = 𝜐(𝑡) − (𝜔1 + 𝜔2)𝜄(𝑡),

 

(42) 

where 𝜄(𝑡) is a continuous function satisfying |𝜄(𝑡)| < 1.
 

 

𝑉̇𝑛 ≤ −𝜇 ∑ 𝑐𝑗
𝑛−1
𝑗=1 𝜉𝑗

2 + 𝜇𝜉𝑛(𝑢 − 𝛼𝑛 + 𝑤(𝑡)) − 𝑊̃𝑇(𝛺𝜇𝜉𝑛 − 𝛽𝑊̂) ≤ −𝜇 ∑ 𝑐𝑗
𝑛
𝑗=1 𝜉𝑗

2

 +𝑛𝜇𝑑𝜎(𝑡) + 𝜇𝜉𝑛(−𝛾̄ − 𝑊̂𝑇𝛺(𝜉𝑛) − (𝜔1 + 𝜔2)𝜄(𝑡) + 𝑊∗ 𝑇𝛺(𝜉𝑛) + 𝜀)

−𝑊̃𝑇(𝛺𝜇𝜉𝑛 − 𝛽𝑊̂) ≤ −𝜇 ∑ 𝑐𝑗
𝑛
𝑗=1 𝜉𝑗

2 + 𝑛𝜇𝑑𝜎(𝑡) +

𝜇𝜉𝑛(−𝛾̄ − (𝜔1 + 𝜔2)𝜄(𝑡) + 𝑊̃  𝑇𝛺(𝜉𝑛) + 𝜀) − 𝑊̃𝑇(𝛺𝜇𝜉𝑛 − 𝛽𝑊̂)

≤ −𝜇 ∑ 𝑐𝑗
𝑛
𝑗=1 𝜉𝑗

2 + 𝑛𝜇𝑑𝜎(𝑡) − 𝜇𝜉𝑛(𝛾̄ + (𝜔1 + 𝜔2)𝜄(𝑡)) + 𝜇𝜉𝑛𝜀 + 𝛽𝑊̃𝑇(𝑊∗ − 𝑊̃)

≤ −𝜇 ∑ 𝑐𝑗
𝑛
𝑗=1 𝜉𝑗

2 + 𝑛𝜇𝑑𝜎(𝑡) − 𝜇𝜉𝑛((𝜔1 + 𝜔2)𝜄(𝑡) + 𝛾 𝑡𝑎𝑛ℎ(
𝛾𝜇𝜉𝑛

𝑘𝛾
))

+𝜇‖𝜉𝑛‖‖𝜀‖ + 𝛽‖𝑊̃‖
𝑇

(𝑊̄ − ‖𝑊̃‖).

 

(43) 

By substituting (39) and (40), 
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𝜇𝜉𝑛 ((𝜔1 + 𝜔2)𝜄(𝑡) + 𝛾 𝑡𝑎𝑛ℎ (
𝛾𝜇𝜉𝑛

𝑘𝛾
))

                    ≤ − (|𝜇𝜉𝑛(𝜔1 + 𝜔2)| − 𝛾𝜇𝜉𝑛 𝑡𝑎𝑛ℎ (
𝛾𝜇𝜉𝑛

𝑘𝛾
))

≤ − (|𝜇𝜉𝑛| − 𝛾𝜇𝜉𝑛 𝑡𝑎𝑛ℎ (
𝛾𝜇𝜉𝑛

𝑘𝛾
))

≤ −0.2785𝑘𝛾.

 

(44) 

By applying Lemma 3, 

 

‖𝜉𝑛‖‖𝜀‖ ≤
𝑐𝑛

2
‖𝜉𝑛‖2 +

1

2𝑐𝑛
‖𝜀‖2.

 

(45) 

Next, by applying Lemma 2, 

 

𝛽‖𝑊̃‖
𝑇

𝑊̄ ≤ 𝛽 (
1

2
‖𝑊̃‖

2
+

1

2
𝑊̄2).

 

(46) 

Finally, from (43)–(46), it follows that 

 

𝑉̇𝑛 ≤ −𝑐𝜇𝜒1 + 𝑛𝜇𝑑𝜎(𝑡) + 0.2785𝑘𝛾 +
1

2
𝛽2𝑊̄2 +

1

2𝑐𝑛
‖𝜀‖2,

 

(47) 

where 𝑐 = 2 𝑚𝑖𝑛{ 𝑐1, . . . , 𝑐𝑛}, 𝜒1 = ∑ 𝜉𝑗
2𝑛

𝑗=1 . 

3.3. Stability analysis 

Theorem 1: For the strict-feedback nonlinear system (1) with unknown time-varying parameters and 

external disturbances, the event-triggered controller and adaptive laws in (39) and (40) guarantee 

prescribed-time convergence at 𝑇𝑝,  post-prescribed-time practical boundedness, and exclusion of 

Zeno behavior. 

Proof: Rewrite (47) as 

 

𝑉̇𝑛(𝑡) ≤ −𝑐𝜇(𝑡)𝜒1 + 𝑛𝜇(𝑡)𝑑𝜎(𝑡) + 𝜂̄,

 

(48) 

where 𝜂̄ = 0.2785𝑘𝛾 +
1

2
𝛽2𝑊̄2 +

1

2𝑐𝑛
‖𝜀‖2

  

is positive. Then, by applying Corollary 1, one obtains 

𝑙𝑖𝑚
𝑡→𝑇𝑃

−
𝜒1(𝑡) = 0,

 
and thus it is easy to obtain 𝑙𝑖𝑚

𝑡→𝑇𝑃
−

∑ 𝜉𝑖
2𝑛

𝑖=1 = 0.
 
Together with the state transformation (18), 

this implies 𝑙𝑖𝑚
𝑡→𝑇𝑃

−
(𝜉𝑖, 𝜇(𝑡)𝜆𝑖) = 0,

  
which means that, as 𝑡 → 𝑇𝑃

−,  the variables 𝜆𝑖  converge to zero 

faster than 𝜇(𝑡) tends to infinity. Moreover, from the definition of the virtual controller 𝛼1 in (24), it 

follows that 𝑙𝑖𝑚
𝑡→𝑇𝑃

−
𝑥2(𝑡) = 0.  By repeating the same argument, one can further obtain

 
𝑙𝑖𝑚

𝑡→𝑇𝑃
−

𝑥𝑖(𝑡) =

0, 𝑖 = 3, . . . , 𝑛; then, by continuity, we finally have
 

𝑙𝑖𝑚
𝑡→𝑇𝑝

𝑥𝑖(𝑡) = 0, 𝑖 = 1, . . . , 𝑛.
 
Thus, the prescribed-

time convergence is achieved. Since 𝑉𝑛(𝑡) is bounded on [0, 𝑇𝑝),
 

𝑑̂(𝑇𝑝)
 

and 𝑊̂(𝑇𝑝)
 
are finite. For 
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𝑡 ≥ 𝑇𝑝,
 

𝑑̇̂ = 0, and hence, 𝑑̂(𝑡) remains bounded. Moreover, there exist positive constants 𝑐𝑝 and 

𝜂𝑝 such that 

 

𝑉̇𝑛(𝑡) ≤ −𝑐𝑝𝜒1(𝑡) −
𝛽

2
‖𝑊̃‖

2
+ 𝜂𝑝.

 

(49) 

Defining 

 

𝑉𝑎 = 𝜒1 +
1

2𝛿
‖𝑊̃‖

2

 

(50) 

and 𝜆𝑝 = 𝑚𝑖𝑛{ 𝑐𝑝, 𝛽𝛿}, one obtains 

 

𝑉̇𝑎 ≤ −𝜆𝑝𝑉𝑎 + 𝜂𝑝.

 

(51) 

Therefore, 𝜒1, 𝑊̃, 𝑥𝑖 ,

 

and 𝑊̂

 

are uniformly ultimately bounded, and the system states remain within 

a bounded neighborhood of the origin after 𝑇𝑝. 

To prove that the Zeno behavior does not occur under the event-triggered mechanism (39), define 

the inter-event interval as 𝑡𝑘
∗ = 𝑡𝑘+1 − 𝑡𝑘.

 
From (39), we have 

 

𝐸(𝑡) = 𝜐(𝑡) − 𝑢(𝑡) = 𝜐(𝑡) − 𝜐(𝑡𝑘),  ∀𝑡 ∈ [𝑡𝑘, 𝑡𝑘+1).

 

(52) 

Assume, for contradiction, that 𝑡𝑘
∗ → 0. Then, from (52), it follows that 

 

𝑙𝑖𝑚
𝑡𝑘

∗ →0
|𝐸(𝑡𝑘 + 𝑡𝑘

∗)| = 𝑙𝑖𝑚
𝑡𝑘

∗ →0
|𝜐(𝑡𝑘 + 𝑡𝑘

∗) − 𝜐(𝑡𝑘)| = 0.

 

(53) 

However, from the triggering condition (39), we know 

 

|𝐸(𝑡𝑘+1)| ≥ 𝜔1 𝑡𝑎𝑛ℎ|𝑢(𝑡)| + 𝜔2 > 0.

 

(54) 

From (54), we obtain |𝐸(𝑡𝑘 + 𝑡𝑘
∗)| > 0,  which contradicts the result in (53). Therefore, the 

assumption does not hold, implying that Zeno behavior cannot occur. Furthermore, the positive lower 

bound of the inter-event interval can be explicitly derived as follows. 

For 𝑡 ∈ [𝑡𝑘, 𝑡𝑘+1), according to the event-triggered controller, the actual input is held as 

 

𝑢(𝑡) = 𝜐(𝑡𝑘).

 

(55) 

Thus, the event-triggering error can be rewritten as 

 

𝐸(𝑡) = 𝜐(𝑡) − 𝑢(𝑡) = 𝜐(𝑡) − 𝜐(𝑡𝑘).

 

(56) 

It is obvious that 𝐸(𝑡𝑘) = 0.
 
From the triggering condition (39), at the next triggering instant 𝑡𝑘+1, 

one has 

 

|𝐸(𝑡𝑘+1)| ≥ 𝜔1 𝑡𝑎𝑛ℎ|𝑢(𝑡𝑘+1
− )| + 𝜔2.

 

(57) 

Since 𝑡𝑎𝑛ℎ|𝑢(𝑡𝑘+1
− )| ≥ 0,

 
it follows that 

 

𝜔1 𝑡𝑎𝑛ℎ|𝑢(𝑡𝑘+1
− )| + 𝜔2 ≥ 𝜔2 > 0.

 

(58) 

Therefore, 
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|𝐸(𝑡𝑘+1)| ≥ 𝜔2.

 

(59) 

On the other hand, since all closed-loop signals are bounded, and the continuous control signal 𝜐(𝑡) 

is smooth, there exists a positive constant 𝐿𝑣 such that 

 

|𝜐̇(𝑡)| ≤ 𝐿𝑣

 

(60) 

on the considered finite time interval. Hence, for any 𝑡 ∈ [𝑡𝑘, 𝑡𝑘+1), we have 

 

|𝐸(𝑡)| = |𝜐(𝑡) − 𝜐(𝑡𝑘)|

        ≤ |∫ 𝜐̇(𝑡)𝑑𝑠
𝑡

𝑡𝑘
|

       ≤ 𝐿𝑣(𝑡 − 𝑡𝑘).

  

 

(61) 

Taking 𝑡 = 𝑡𝑘+1,
 
one obtains 

 

|𝐸(𝑡𝑘+1)| ≤ 𝐿𝑣(𝑡𝑘+1 − 𝑡𝑘).

 

(62) 

Combining this inequality with |𝐸(𝑡𝑘+1)| ≥ 𝜔2,
 
it yields 

 

𝜔2 ≤ 𝐿𝑣(𝑡𝑘+1 − 𝑡𝑘).

 

(63) 

Thus, 

 

(𝑡𝑘+1 − 𝑡𝑘) ≥
𝜔2

𝐿𝑣
> 0.

 

(64) 

Therefore, the inter-event interval has a strictly positive lower bound, and Zeno behavior is rigorously 

excluded. This completes the proof. 

Remark 3: In many prescribed-time control methods [24,25] based on robust compensation, the upper 

bound of external disturbances is typically required to be known in advance so that sufficiently large 

robust gains can be selected. However, this assumption is difficult to satisfy in practical systems and 

often leads to overly conservative control inputs. In this work, an RBFNN is employed to approximate 

the unknown disturbance online, and only the boundedness of the disturbance and approximation error 

is assumed. The explicit numerical value of the disturbance upper bound is not needed in the controller 

design. This avoids conservative prior estimation of disturbance bounds and allows the approximation 

error to be incorporated into the Lyapunov analysis in a unified manner, thereby ensuring that the 

closed-loop system maintains strong robustness while achieving prescribed-time convergence. [13] 

investigated prescribed-time stabilization of nonlinear systems with uncertainties and disturbances 

using an improved time-varying feedback approach. Building on this line of research, the present work 

further integrates adaptive compensation of unknown time-varying parametric uncertainties, RBFNN-

based online disturbance compensation, and event-triggered implementation into a unified prescribed-

time backstepping framework. 

Remark 4: Compared with existing prescribed-time control results, the system considered in this 

paper involves a more comprehensive uncertainty structure. [8] investigated adaptive prescribed-time 

control for nonlinear systems with parametric uncertainties but did not consider event-triggered 

implementation or external disturbances. [20] addressed event-triggered prescribed-time stabilization 

with unknown time-varying parameters, but did not explicitly consider external disturbances. [25] 

considered disturbances, whereas parametric uncertainties are time-invariant. [26] also employed 

event-triggered communication to reduce unnecessary updates, but focused on cooperative control of 
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multi-agent systems with unknown control directions. In contrast, this paper studies prescribed-time 

stabilization of strict-feedback nonlinear systems, where the adaptive law compensates for unknown 

time-varying parametric uncertainties and the RBFNN handles external disturbances. The main 

similarities and differences are summarized in Table 2. 

Table 2. Comparison with representative existing control methods. 

Method Prescribed-time 

stabilization 

Event-triggered 

implementation 

Type of 

parametric 

uncertainty 

External 

disturbances 

Ref. [8] √ × Time-invariant × 

Ref. [20]  √ √ Time-varying × 

Ref. [24] √ × None √ 

Ref. [25] √ × Time-invariant √ 

Ref. [26] × √ Time-invariant √ 

Proposed method √ √ Time-varying √ 

Remark 5: Compared with the fixed-threshold event-triggered mechanism in [27], the proposed 

triggering threshold satisfies 𝜔2 ≤ 𝜔1 𝑡𝑎𝑛ℎ|𝑢(𝑡)| + 𝜔2 ≤ 𝜔1 + 𝜔2.  Therefore, the threshold 

increases with the magnitude of the control input, which allows a larger triggering error and may reduce 

unnecessary control updates, while it approaches 𝜔2  when the control input is small to maintain 

control accuracy. Moreover, the proposed triggering condition is analyzed jointly with the prescribed-

time controller. The derived positive lower bound of the inter-event intervals excludes Zeno behavior 

and facilitates event-triggered implementation. 

Remark 6: [28] developed an event-triggered prescribed-performance controller with a fixed 

threshold and a 1-bit actuator update protocol, guaranteeing that the tracking errors remain within 

predefined performance envelopes. [29] proposed a continuous PI funnel controller for unknown 

lower-triangular nonlinear systems, achieving prescribed tracking accuracy and attenuation of error 

oscillations. However, these methods focus on prescribed-performance tracking rather than prescribed-

time stabilization, and the latter does not consider event-triggered implementation. In contrast, the 

proposed method addresses prescribed-time stabilization of strict-feedback nonlinear systems with 

unknown time-varying parameters and external disturbances under event-triggered implementation. 

4. Simulation results 

Example 1: To verify the effectiveness of the proposed control scheme, consider the following 

nonlinear system: 

 

{
𝑥̇1 = 𝑥2(𝑡) + 𝜃1(𝑡)𝑓1(𝑥1),
𝑥̇2 = 𝑢(𝑡) + 𝜃2(𝑡)𝑓2(𝑥1, 𝑥2) + 𝑤(𝑡),

 

(65) 

where the time-varying parameters, nonlinear functions, and external disturbance are chosen as 

 

𝜃1(𝑡) = 0.5 𝑠𝑖𝑛( 𝑡),   𝜃2(𝑡) = 0.3 𝑐𝑜𝑠( 𝑡),

𝑓1(𝑥1) = 𝑥1
2,  𝑓2(𝑥1, 𝑥2) = 𝑥2

2 + 𝑥1,  𝑤 = 0.5 𝑠𝑖𝑛 𝑡 .
 

(66) 

From (65) and (66), the upper-bound-related constant of the time-varying parametric uncertainties 
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can be selected as 

 

𝑑 = 𝑠𝑢𝑝
𝑡≥0

‖𝜃1(𝑡), 𝜃2(𝑡)‖ = 0.5.

 

(67) 

It should be noted that d is not the exact value of the time-varying parameters, but an upper-bound-

related constant used in the adaptive compensation design. To construct the RBFNN for disturbance 

approximation, 𝑁 = 101 nodes are used in the simulation. The centers are uniformly distributed in 

the interval [-10,10], namely, 

 

𝜍𝑗 = −10 +
20(𝑗−1)

𝑁−1
, 𝑗 = 1, . . . , 𝑁.

 

(68) 

The basis function vector is defined as 

 

𝛺(𝑥) = [𝛺1(𝑥), 𝛺2(𝑥), . . . , 𝛺𝑁(𝑥)]𝑇 , 𝛺𝑗 = 𝑒𝑥𝑝 [
−(𝑥−𝜍𝑗)

𝑇
(𝑥−𝜍𝑗)

𝜅𝑗
2 ] , 𝑗 = 1, . . . , 𝑁.

 

(69) 

The width is selected as 𝜅𝑗 = 100, 𝑗 = 1, . . . , 𝑁.
 

The interval [-10,10] is chosen to cover the main 

operating range of the RBFNN input during the simulation. Increasing the number of nodes can 

improve the approximation accuracy, but it also increases the computational cost. Therefore, 𝑁 = 101 

is selected as a tradeoff between approximation accuracy and implementation complexity. 

The design parameters are chosen as 

 

𝑐1 = 3, 𝑐2 = 3, 𝜎(𝑡) = 𝑇𝑝 − 𝑡, 𝑇𝑝 = 5𝑠, 𝜀 = 1, 𝜔1 = 0.01, 𝜔2 = 0.05, 𝑘𝛾 = 1, 𝛽 = 0.01.

 

(70) 

The initial conditions of the system are 

 

(𝑥1(0), 𝑥2(0)) = (1, −1).

 

(71) 

 

Figure 1. Response of system states. 
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Figure 2. Response of 𝛼2. 

 

Figure 3. Response of 𝑢. 

 

Figure 4. Response of 𝑑̂. 
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Figure 5. Response of inter-event intervals. 

 

Figure 6. Comparison of triggering counts between the event-triggered strategy and the 

traditional time-triggered strategy. 

The simulation results are shown in Figures 1–8. Figure 1 presents the responses of the system 

states. It can be observed that 𝑥1 and 𝑥2 converge to the origin before the prescribed time of 5 s and 

remain bounded after 5 s. This verifies the prescribed-time convergence and post-prescribed-time 

practical boundedness of the closed-loop system. Figures 2 and 3 show the continuous control signal 

𝛼2 and the actual event-triggered control input 𝑢, respectively. It can be seen that both signals remain 

bounded during the whole simulation. Figure 4 shows the response of the adaptive estimate 𝑑̂, which 

remains bounded and tends to a steady value. Figure 5 gives the inter-event intervals, where all 

intervals are positive, indicating that Zeno behavior is excluded. Figure 6 compares the number of control 

updates between the time-triggered implementation and the proposed event-triggered mechanism. For a 

sampling period of 1 ms over 10 s, the time-triggered implementation generates 10,000 updates, whereas 

the proposed event-triggered mechanism triggers only 141 events, yielding a 98.59% reduction in 

control updates. These results demonstrate the effectiveness of the proposed event-triggered adaptive 

prescribed-time control strategy. In addition, Figures 7 and 8 show the state responses under two 
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different external disturbances, namely 𝑤(𝑡) = 0.9 𝑠𝑖𝑛( 0.2𝑡)  and 𝑤(𝑡) = 0.2 𝑠𝑖𝑛( 0.2𝑡) , 

respectively. All the remaining controller parameters and initial conditions are kept unchanged. It can be 

observed that the system states still converge to the origin before the prescribed time, which further 

verifies the robustness of the proposed method against external disturbances. 

 

Figure 7. Response of system states under 𝑤(𝑡) = 0.9 𝑠𝑖𝑛( 0.2𝑡). 

 

Figure 8. Response of system states under 𝑤(𝑡) = 0.2 𝑠𝑖𝑛( 0.2𝑡). 

Example 2: To further demonstrate the engineering applicability of the proposed method, an RLC 

circuit system with time-varying resistance is considered. The schematic diagram of the RLC circuit 

is shown in Figure 9. According to Kirchhoff’s voltage law, the ideal RLC circuit model can be 

described as 

 

𝐿𝐶𝑉̈𝑐(𝑡) + 𝐶𝑅(𝑡)𝑉̇𝑐(𝑡) + 𝑉𝑐(𝑡) = 𝑉𝑖(𝑡),

 

(72)
 

where 𝐿 denotes the inductance, 𝐶 denotes the capacitance, 𝑅(𝑡) represents the resistance, which 

varies with temperature and humidity, 𝑉𝑖 denotes the input voltage, and 𝑉𝑐 denotes the voltage across 

the capacitor. 



7090 

Electronic Research Archive  Volume 34, Issue 10, 7071-7095. 

R L

CVi Vc

 

Figure 9. Schematic diagram of the RLC circuit. 

Define the state variables as 

 

𝑥1 = 𝑉𝑐, 𝑥2 = 𝑉̇𝑐, 𝑢 =
1

𝐿𝐶
𝑉𝑖,

 

(73)
 

then the system can be expressed as 

 

{
𝑥̇1 = 𝑥2(𝑡)

𝑥̇2 = 𝑢(𝑡) + 𝜃(𝑡)𝑥2 −
1

𝐿𝐶
𝑥1

,

 

(74)
 

where 𝜃(𝑡) = −
𝑅(𝑡)

𝐿
 
is the time-varying parameter. 

To describe the dynamic behavior of the practical RLC circuit system more accurately under 

complex operating conditions, external disturbances, modeling errors, and unmodeled dynamics are 

further considered. Based on the original system model, the disturbance term 𝑤(𝑡) is introduced, and 

the following extended state-space model is obtained: 

 

{
𝑥̇1 = 𝑥2(𝑡)

𝑥̇2 = 𝑢(𝑡) + 𝜃(𝑡)𝑥2 −
1

𝐿𝐶
𝑥1 + 𝑤(𝑡).

 

(75)
 

The prescribed time is selected as 8 s. The system parameters and disturbance function are chosen as 

 

𝐿 = 10 𝐻, 𝐶 = 100 𝑚𝐹, 𝑅(𝑡) = 50 + 5 𝑐𝑜𝑠( 𝑡) 𝛺, 𝑤(𝑡) = 0.1 𝑠𝑖𝑛( 𝑡).

 

(76)
 

Therefore, one obtains 

 

𝜃(𝑡) = −
𝑅(𝑡)

𝐿
= −5 − 0.5 𝑐𝑜𝑠( 𝑡).

 

(77)
 

Thus, the unknown time-varying parameter satisfies 

 

𝑑 = 𝑠𝑢𝑝
𝑡≥0

|𝜃(𝑡)| = 5.5.

 

(78)
 

The initial conditions of the system are selected as 

 

(𝑥1(0), 𝑥2(0)) = (5,5).

 

(79) 
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Figure 10. Response of system states.
 

 

Figure 11. Response of 𝛼2. 

 

Figure 12. Response of 𝑢. 
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Figure 13. Response of 𝑑̂. 

 

Figure 14. Response of inter-event intervals. 

The simulation results are shown in Figures 10–14. Figure 10 shows that the system states 𝑥1 

and 𝑥2 converge to the origin before the prescribed time of 8 s and remain bounded after 8 s. Figures 11 

and 12 present the continuous control signal 𝛼2 and the actual control input 𝑢, respectively. It can 

be seen that both signals remain bounded during the whole simulation. Figure 13 shows that the 

adaptive estimate 𝑑̂  is bounded, which indicates that the adaptive law can compensate for the 

unknown time-varying uncertainty. Figure 14 gives the inter-event intervals, where all intervals are 

positive, showing that Zeno behavior is excluded. Therefore, the proposed method is effective for the 

RLC circuit system with time-varying resistance and external disturbance. 

5. Conclusions 

In this work, the event-triggered control problem for a class of nonlinear systems with external 

disturbances and uncertain time-varying parameters has been successfully addressed. First, by 

incorporating a structurally simple prescribed-time adjustment function into the backstepping design, 
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the structural complexity of recursive construction is effectively reduced. Second, by embedding a 

radial basis function neural network into the controller, the influence of unknown external disturbances 

is compensated online. Finally, an event-triggered mechanism is incorporated and co-designed with 

the controller, ensuring prescribed-time stability while significantly reducing the number of triggering 

events compared with conventional time-triggered strategies, thus saving communication and 

computational resources. It should be noted that the unified upper-bound estimate adopted in this work 

may introduce additional transient conservatism when the uncertainty levels of different subsystems 

differ significantly. In future research, individual adaptive estimates will be designed for the time-

varying parametric uncertainties at different backstepping steps to further reduce this conservatism and 

improve transient control performance. 
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