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Abstract This study presents a robust adaptive controller for strict-feedback nonlinear systems with dynamic uncertainties and external

disturbances, aiming to achieve fixed-time convergence under prescribed performance constraints. The proposed approach employs fuzzy

logic systems integrated with robust integral terms based on error signs for the effective estimation of uncertainties and disturbances.

Using these estimates, a parallel identification system is constructed to maintain dynamic consistency with the original system dynamics.

By embedding prescribed performance functions, the designed controller explicitly enforces transient constraints and ensures fixed-time

convergence of tracking errors, independent of the initial states. Stability analysis rigorously demonstrates semi-global convergence of

the identification errors and fixed-time convergence of the tracking errors. The simulation results verify the effectiveness and superior

disturbance-rejection and tracking performance of the proposed scheme.
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1 Introduction

Nonlinear characteristics and phenomena are ubiquitous in both nature and engineering, including in circuits,
robotics, aircraft, and other complex systems. The inherent uncertainty in nonlinear phenomena, combined with
the requirement for high-precision control, renders the design of control algorithms based on mathematical theory
increasingly complex. However, most mature control theories rely on known models, which limits the generalization
of nonlinear control. For instance, the dynamics of aircraft in complex environments are characterized by strong
nonlinearity and coupling, making it difficult to develop accurate models of aircraft dynamics. This leads to
significant uncertainties in the structure and parameters of the models. To effectively reduce the dependency of
control systems on models, techniques such as parameter identification, robust control [1, 2], active disturbance-
rejection control [3, 4], and adaptive control [5–7] have been widely employed.

Two primary approaches have been proposed for handling the impact of unknowns and uncertainties in the
model on the control system: the first is enhancing the robustness to accommodate the impact of unknowns, and
the second involves compensating for the uncertainty. The former is represented by sliding-mode control having a
variable-structure property, which ensures that the state of the system follows a desired sliding-mode trajectory that
is unaffected by internal state perturbations or external disturbances. Ref. [8] proposed a composite disturbance
filter as a means of compensating for disturbances and attenuation errors. Moreover, a sliding-mode disturbance
observer was designed [9] to ensure finite-time convergence even in the presence of strong disturbances. Fixed-
time control methods [10] address the dependency of the convergence time on the initial conditions by setting
the control parameters. This approach guarantees an upper bound on the convergence time as well as a faster
convergence speed. The prescribed-time control method [11, 12] employs adjustable control parameters to ensure
that the convergence time of the system does not exceed a pre-specified time parameter. However, sliding-mode
control is inherently a discontinuous control strategy, leading to chattering and high-frequency switching behaviors.
The robust integral of the sign of the error (RISE) control technique [13–15] employs high-gain proportional terms,
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integral state feedback, and integral error terms in an estimator to compensate for time-varying disturbances while
avoiding the use of higher-order derivatives of the states and discontinuous functions of the system. Nevertheless,
RISE requires substantial control energy and is thus difficult to implement in practical systems with actuator
limitations.

Another representative uncertainty-control theory is intelligent control, which leverages the function approxima-
tion capabilities of methods such as neural networks [16, 17], fuzzy logic systems (FLS) [18–20], support vector
machines [21, 22], and generalized learning techniques [23–25]. These methods, in combination with data analysis
techniques, are used to model the nonlinear relationship between the inputs and states of a system, mitigating the
impact of unmodeled dynamics on the control performance. The use of FLS to accurately learn the dynamics of
aircraft is demonstrated in [26–28]. The obtained results were fed forward into backstepping control laws to achieve
high-precision flight control. However, most intelligent control techniques [29–31] rely on Lyapunov stability as the
control objective. When the system meets the external tracking objectives, learning ceases as the tracking error
converges, potentially leaving some model uncertainties unlearned. Composite learning-control techniques introduce
learning quality evaluation metrics into the learning update laws through indirect signals, thus circumventing issues
related to the quantification of unknown uncertainties. One approach involves filtering the inputs to the system
and predicting the difference between the predicted and current inputs to construct the learning errors [32]. In
another approach, historical data regarding the state of the system are collected, and interval excitation principles
and definite integral statistical techniques are used to reveal inherent invariant state properties as evaluation met-
rics for intelligent learning [33, 34]. A third approach establishes parallel nonlinear estimation models and uses the
differences between the estimated and actual states as the learning evaluation metrics [35, 36]. Intelligent control
methods address regular uncertainties but face inefficiencies in dealing with unforeseen disturbances commonly
encountered in nonlinear systems. Additionally, the learning techniques themselves often introduce reconstruction
residuals, limiting the ability of the control system to achieve uniformly bounded tracking.

Considering the above analysis, this study combines the precise feedforward effect of composite learning with the
high-gain feedback effect of RISE for achieving robust adaptive control under state prediction. This approach aims
to improve both the transient and steady-state performance of control systems subject to dynamic uncertainties
and irregular disturbances. The contributions of this study are summarized as follows.

(1) A parallel identification system employing FLS combined with RISE techniques is proposed for the accurate
estimation of dynamic uncertainties and external disturbances, where the “quality of estimation” is indirectly
assessed using state-estimation errors as metrics.

(2) The designed fixed-time backstepping control strategy integrated with a fixed-time filter incorporates pre-
scribed performance control to ensure precise convergence of the tracking errors within a predefined fixed-time
interval, while simultaneously guaranteeing explicit constraints on the states of the system.

(3) The controller accurately learns the uncertainty through indirect evaluation, unifies the indirect estimation,
fixed-time convergence, and prescribed performance, and enhances the robust adaptive control capability.

The remainder of this paper is organized as follows. Section 2 presents an introduction to the model of the system
dynamics and some necessary preliminary work. Section 3 presents the design of an identification model and the
constraint controller. The stability of the system is analyzed in Section 4. The simulation results are discussed in
Section 5 to validate the effectiveness of the proposed approach. Finally, the conclusion is drawn in Section 6.

2 System dynamics and formulation

2.1 Dynamics model

The n-th order strict-feedback nonlinear system with uncertainty and disturbance is represented as











υ̇1 = f1 (ῡ1) + g1υ2 + d1,

υ̇i = fi (ῡi) + giυi+1 + di, i = 2, · · · , n− 1,

υ̇n = fn (ῡn) + gnµ+ dn,

(1)

where υi represents the states of the system, µ is the input to the system, fi (ῡi) is the dynamic uncertainty, where

ῡi = [υ1, · · · , υi]T, gi is the known control-gain function, di is the external disturbance, and i = 1, · · · , n, n is the
system order.

To achieve the required accuracy level εi ∈ ℜ, FLS [37] can be utilized to approximate the uncertainty function
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fi (ῡi) of the system using a compact set Ωυi . The following linear combination is obtained:

sup
υi∈Ωυi

∣

∣fi (ῡi)− σ̂T
i ϕi (ῡi)

∣

∣ 6 εi, (2)

where σ̂i ∈ ℜιi×1 is the adaptive fuzzy weight. ϕi (ῡi) = [ϕi,1 (ῡi) , ϕi,2 (ῡi) , · · · , ϕi,ιi (ῡi)]T ∈ ℜιi×1 is the basis
function in the “If-Then” rule as follows:

ϕi,j (ῡi) =
WFi,j (ῡi)

∑ιi
j=1WFi,j (ῡi)

,

WFi,j (ῡi) =
1√

2π̺i,j
exp

[

−‖ῡi −Xi,j‖2
2̺2i,j

]

,

(3)

where ιi is the number of fuzzy rules, ̺i,j is the width vector, Xi,j = [x1,j , · · · , xi,j ]T ∈ ℜi×1 is the center of the
fuzzy sets. Furthermore, the optimal fuzzy weight is represented as

fi (ῡi) = σ∗T
i ϕi (ῡi) + εi,

σ∗
i = arg min

σ̂i∈Ωσ̂i

{

sup
υi∈Ωυi

∣

∣fi (ῡi)− σ̂T
i ϕi (ῡi)

∣

∣

}

.
(4)

Remark 1. The derivative of the basis function ϕ̇i (ῡi) = [ϕ̇i,1 (ῡi) , ϕ̇i,2 (ῡi) , · · · , ϕ̇i,ιi (ῡi)]T ∈ ℜιi×1, where
ϕ̇i,j (ῡi) is calculated as

ϕ̇i,j (ῡi) = −
∑ιi
j=1 ẆFi,j (ῡi)WFi,j (ῡi)
[

∑ιi
j=1WFi,j (ῡi)

]2 +
ẆFi,j (ῡi)

∑ιi
j=1WFi,j (ῡi)

,

ẆFi,j (ῡi) = −
i
∑

k=1

|υk − xk,j |√
2π̺3i,j

exp

[

−‖ῡi −Xi,j‖2
2̺2i,j

]

υ̇k.

(5)

Thus, the derivatives can be rewritten as ϕ̇i,j (ῡi) =
i
∑

k=1

ϕ′
i,j,k (ῡi) υ̇k.

Assumption 1 ([32]). The control-gain function gi is a bounded function satisfying |gi| 6 ḡi and ḡi > 0. The
disturbance di is second-order differentiable with di ∈ L∞, ḋi ∈ L∞, and d̈i ∈ L∞.

Assumption 2 ([38]). The optimal weight σ∗
i is bounded by ‖σ∗

i ‖F 6 σ̄i; the function ϕi (ῡi) and the error εi
are second-order differentiable and are bounded by a known bound.

2.2 Control goal

The control goal is to design a fixed-time constraint controller with an identification model to drive the state
υ1 of the uncertain nonlinear strict-feedback system to track the desired command υr1 , while satisfying the state
constraints. The control scheme is shown in Figure 1.

3 Controller design

Step 1: Considering the identification of uncertainty f1 (ῡ1) and disturbance d1, the serial-parallel identification
system (SPIS) is constructed as

˙̂υ1 = σ̂T
1 ϕ1

(

¯̂υ1
)

+ g1υ̂2 + δ1, (6)

where υ̂1 represents the identified state and δ1 is the RISE feedback term defined by (7).
If the identification error and the filtered identification error are defined as υ̃1 = υ1 − υ̂1 and s1 = ˙̃υ1 + α1υ̃1,

respectively, the proposed term δ1 is represented as

δ1 = k1υ̃1 − k1υ̃1 (0) + χ1, (7)

where the auxiliary signal χ1 is obtained from the following differential equation:

χ̇1 = (k1α1 + γ1) υ̃1 + β1sign (υ̃1) + ġ1υ̃2 − g1α2υ̃2. (8)
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Figure 1 (Color online) Control scheme.

Here k1 > 0, α1 > 0, γ1 > 0, β1 > 0, and α2 > 0 are the positive design parameters; υ̃2 = υ2− υ̂2 is the identification
error; and υ̂2 is the identified state obtained from (16).

The law for updating the fuzzy weight is expressed as

˙̂σ1 = Γ1ϕ̇1

(

¯̂υ1
)

υ̃1, (9)

where ϕ̇1

(

¯̂υ1
)

= ϕ̇1,1

(

¯̂υ1
)

= ϕ′
1,1,1

(

¯̂υ1
)

˙̂υ1, the expression of ϕ′
1,1,1

(

¯̂υj
)

is given in Remark 1, and Γ1 > 0 is the
positive design parameter.

By defining the tracking error as ξ1 = υ̂1 − υr1, where υ
r
1 is the reference signal, the BLF (barrier Lyapunov

function) is constructed as

Lη1 =
κ21
π

tan

(

πη21
2κ21

)

, (10)

where κ1 is the given time-varying error-constraint bound and η1 is the compensated tracking error defined by (14).
The virtual control signal υd2 is expressed as

υd2 = g−1
1

[

−σ̂T
1 ϕ1

(

¯̂υ1
)

− δ1 + υ̇r1 +
η1

κ1
κ̇1 −

2κ1κ̇1
πη1

sin

(

πη21
2κ21

)

cos

(

πη21
2κ21

)

−a1
cos2

(

πη2
1

2κ2

1

)

η1
(Lη1)

c1 − b1

cos2
(

πη2
1

2κ2

1

)

η1
(Lη1)

c2 − k11ς
2
1 − k12var (ς1, ς̄1)



 (11)

with

var (ς1, ς̄1) =











sign (ς1) , if |ς1| > ς̄1,

3ς1
2ς̄1

− ς31
2ς̄31

, if |ς1| < ς̄1,
(12)

where υ̇r1 is the derivative of υr1 , a1 > 0, b1 > 0, 0 < c1 < 1, c2 > 1, k11 > 0, and k12 > 0 are the positive design
parameters; 0 6 ς̄1 6 1 meets |ς1| 6 3ς̄1. The compensation signal ς1 is given by (15).

The fixed-time filter is given as

m2,1υ̇
r
2 = −m2,2sign

(

υr2 − υd2
)

− sigc1
(

υr2 − υd2
)

− sigc2
(

υr2 − υd2
)

, (13)

where sigc1
(

υr2 − υd2
)

=
∥

∥υr2 − υd2
∥

∥

c1
sign

(

υr2 − υd2
)

, υr2 is the reference signal; m2,1 > 0 andm2,2 > 0 are the positive
design parameters.

Define the tracking error as ξ2 = υ̂2 − υr2 . The compensated tracking error is defined as

η1 = ξ1 − ς1. (14)
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Thus, the compensation signal ς1 is obtained as

ς̇1 = g1ς2 + g1
(

υr2 − υd2
)

− k11ς
2
1 − k12var (ς1, ς̄1) , (15)

where ς2 is the compensation signal obtained from (24).
Step i (i = 2, · · · , n− 1): Considering the identification of uncertainty fi (ῡi) and disturbance di, the SPIS is

constructed as
˙̂υi = σ̂T

i ϕi
(

¯̂υi
)

+ giυ̂i+1 + δi, (16)

where υ̂i represents the identified state and δi is the RISE feedback term defined by (17).
Define the identification error and the filtered identification error as υ̃i = υi− υ̂i and si = ˙̃υi+αiυ̃i, respectively.

The proposed term δi is expressed as

δi = kiυ̃i − kiυ̃i (0) + χi, (17)

where the auxiliary signal χi is obtained from the following differential equation:

χ̇i = (kiαi + γi) υ̃i + βisign (υ̃i) + ġiυ̃i+1 − giαi+1υ̃i+1, (18)

where ki > 0, αi > 0, γi > 0, βi > 0, and αi+1 > 0 are the positive design parameters.
The law for updating the fuzzy weight is expressed as

˙̂σi = Γiϕ̇i
(

¯̂υi
)

υ̃i, (19)

where ϕ̇i
(

¯̂υi
)

=
[

ϕ̇i,1
(

¯̂υi
)

, ϕ̇i,2
(

¯̂υi
)

, · · · , ϕ̇i,ιi
(

¯̂υi
)]T

, ϕ̇i,j
(

¯̂υi
)

=
i
∑

k=1

ϕ′
i,j,k

(

¯̂υi
)

˙̂υi, the expression of ϕ′
i,j,k

(

¯̂υj
)

is

given in Remark 1, and Γi > 0 is the positive design parameter.
Define the tracking error as ξi = υ̂i − υri . The BLF is built as

Lηi =
κ2i
π

tan

(

πη2i
2κ2i

)

, (20)

where κi is the given time-varying error-constraint bound and ηi is the compensated tracking error defined by (23).
The virtual control signal υdi+1 is expressed as

υdi+1 = g−1
i

[

−σ̂T
i ϕi

(

¯̂υi
)

− δi + υ̇ri +
ηi

κi
κ̇i −

2κiκ̇i
πηi

sin

(

πη2i
2κ2i

)

cos

(

πη2i
2κ2i

)

−
cos
(

πη2i
2κ2

i

)

cos
(

πη2
i−1

2κ2

i−1

)gi−1ξi−1

−ai
cos2

(

πη2i
2κ2

i

)

ηi
(Lηi)

c1 − bi

cos2
(

πη2i
2κ2

i

)

ηi
(Lηi)

c2 − ki1ς
2
i − ki2var (ςi, ς̄i)



 , (21)

where ai > 0, bi > 0, ki1 > 0, and ki2 > 0 are the positive design parameters; 0 6 ς̄i 6 1 meets |ςi| 6 3ς̄i. The
compensation signal ςi is given by (24).

The fixed-time filter is expressed as

mi+1,1υ̇
r
i+1 = −mi+1,2sign

(

υri+1 − υdi+1

)

− sigc1
(

υri+1 − υdi+1

)

− sigc2
(

υri+1 − υdi+1

)

, (22)

where υri+1 is the reference signal, mi+1,1 > 0 and mi+1,2 > 0 are the positive design parameters.
The compensated tracking error is defined as

ηi = ξi − ςi. (23)

Thus, the compensation signal ςi is obtained as

ς̇i = gi
(

υri+1 − υdi+1

)

+ giςi+1 −
cos
(

πη2i
2κ2

i

)

cos
(

πη2
i−1

2κ2

i−1

)gi−1ςi−1 − ki1ς
2
i − ki2var (ςi, ς̄i) . (24)
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Step n: Considering the identification of uncertainty fn (ῡn) and disturbance dn, the SPIS is constructed as

˙̂υn = σ̂T
nϕn

(

¯̂υn
)

+ gnµ+ δn, (25)

where υ̂n represents the identified state and δn is the RISE feedback term defined by (17).
Define the identification error and the filtered identification error as υ̃n = υn−υ̂n and sn = ˙̃υn+αnυ̃n, respectively.

The proposed term δn is expressed as

δn = knυ̃n − knυ̃n (0) + χn, (26)

where the auxiliary signal χn is obtained from the following differential equation:

χ̇n = (knαn + γn) υ̃n + βnsign (υ̃n) , (27)

where kn > 0, αn > 0, γn > 0, and βn > 0 are the positive design parameters.
The law for updating the fuzzy weight is expressed as

˙̂σn = Γnϕ̇n
(

¯̂υn
)

υ̃n, (28)

where ϕ̇n
(

¯̂υn
)

=
[

ϕ̇n,1
(

¯̂υn
)

, ϕ̇n,2
(

¯̂υn
)

, · · · , ϕ̇n,ιn
(

¯̂υn
)]T

, ϕ̇n,j
(

¯̂υn
)

=
∑n
k=1 ϕ

′
n,j,k

(

¯̂υn
)

˙̂υn, the expression of

ϕ′
n,j,k

(

¯̂υj
)

is given in Remark 1, and Γn > 0 is the positive design parameter.
Define the tracking error as ξn = υ̂n − υrn. The BLF is built as

Lηn =
κ2n
π

tan

(

πη2n
2κ2n

)

, (29)

where κn is the given time-varying error-constraint bound and ηn is the compensated tracking error defined by (31).
The control input is expressed as

µ = g−1
n

[

−σ̂T
nϕn

(

¯̂υn
)

− δn + υ̇rn +
ηn

κn
κ̇n − 2κnκ̇n

πηn
sin

(

πη2n
2κ2n

)

cos

(

πη2n
2κ2n

)

−
cos
(

πη2n
2κ2
n

)

cos
(

πη2
n−1

2κ2

n−1

)gn−1ξn−1

−an
cos2

(

πη2n
2κ2
n

)

ηn
(Lηn)

c1 − bn

cos2
(

πη2n
2κ2
n

)

ηn
(Lηn)

c2 − kn1ς
2
n − kn2var (ςn, ς̄n)



 , (30)

where an > 0, bn > 0, kn1 > 0, and kn2 > 0 are the positive parameters; 0 6 ς̄n 6 1 meets |ςn| 6 3ς̄n. The
compensation signal ςn is given by (32).

The compensated tracking error is defined as

ηn = ξn − ςn. (31)

Thus, the compensation signal ςn is obtained as

ς̇n = −
cos
(

πη2n
2κ2
n

)

cos
(

πη2n−1

2κ2

n−1

)gn−1ςn−1 − kn1ς
2
n − kn2var (ςn, ς̄n) . (32)

Remark 2. The function var (ςi, ς̄i) is introduced to serve as an equivalent to the sign function, thereby circum-
venting the singularity problem inherent in the fixed-time filters (13) and (22).

Remark 3. The original system is subject to dynamic uncertainties fi and external disturbances di. The objective
of incorporating feedforward information into the controller design is to reduce adverse impacts on the system
performance. However, because the exact values of these uncertainties and disturbances are typically unknown,
direct verification of the correctness of the feedforward information is impractical. Consequently, an identification
system is developed using the original model structure in conjunction with estimates of the uncertainties and
disturbances. If the states of the identification system align closely with those of the original system, the accuracy
of the feedforward information can be indirectly inferred.
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Remark 4. Define the auxiliary functions as























si1 = − ˙̂σT
i ϕi

(

¯̂υi
)

+ αi ˙̃υi + σ∗T
i ϕ̇i

(

¯̂υi
)

,

si2 = ε̇i + ḋi + σ∗T
i ϕ̇i (ῡi)− σ∗T

i ϕ̇i (ῡi) ,

si3 = σ̃T
i ϕ̇i (ῡi) ,

ŝi3 = σ̃T
i ϕ̇i

(

¯̂υi
)

.

(33)

From (6)–(8), (16)–(18), and (25)–(27), ṡi is calculated as

{

ṡi = si1 + si2 + ŝi3 + gisi+1 − kisi − γiυ̃i − βisign (υ̃i) ,

ṡn = sn1 + sn2 + ŝn3 − knsn − γnυ̃n − βnsign (υ̃n) .
(34)

Remark 5. The separation of terms in (33) is characteristic of the RISE strategy and provides a foundation for the
boundary partitioning and stability analysis using (37) and (38). Specifically, the term s1 is related to the system
errors si and υ̃i. The term si2 includes bounded components, such as ε̇i and σ

∗
i , which are subsequently cancelled

by the RISE term δi. Additionally, the term si3 involves components associated with the signal σ̃i, compensated
through the fuzzy update law (19) and the RISE term δi.

4 Stability analysis

4.1 Stability analysis for SPIS

Theorem 1. Considering the model of the dynamics of the strict-feedback nonlinear system (1), if the SPISs (6),
(16), and (25) are built with the RISE feedback terms (7), (17), and (26) as well as the update laws of the fuzzy
weights (9), (19), and (28), the error signals si, υ̃i, and σ̃i in (35) are bounded.
Proof. The Lyapunov function is given as

Ls =
n
∑

i=1

1

2
s2i +

1

2
γiυ̃

2
i +

1

2
αiσ̃

T
i Γ

−1
i σ̃i + Loi, (35)

where Loi is obtained as

L̇oi = −si (si2 − βisign (υ̃i))− ˙̃υTi si3 + βi1λi2 (‖ζi‖) |υ̃i| (36)

with ζi =
[

sTi υ̃
T
i

]T
, Loi (0) = βi |υ̃i (0)| − υ̃i (0) [si2 (0) + si3 (0)].

From Assumptions 1–2, (19), and (33), the function si1 is bounded by

|si1| 6 λi1 (‖ζi‖) ‖ζi‖ , (37)

where λi1 (‖ζi‖) ∈ ℜ+ is the globally invertible and nondecreasing function. Eqs. (33) and (34) are bounded with [39]











|si2| 6 s̄i2, |si3| 6 s̄i3,

|ṡi2 + ṡi3| 6 s̄i4 + s̄i5λi2 (‖ζi‖) ‖ζi‖ ,
∣

∣ ˙̃υis̃i3
∣

∣ 6 s̄i6υ̃
2
i + s̄i7s

2
i ,

(38)

where s̃i3 = si3 − ŝi3, s̄il > 0 is a computable constant l = 2, · · · , 7, and λi3 (‖ζi‖) ∈ ℜ+ is a globally invertible and
nondecreasing function.

The Lyapunov function in (35) is positive definite once the following sufficient conditions are satisfied:










βi > max

(

s̄i2 + s̄i3, s̄i2 +
s̄i4

αi

)

,

βi1 > s̄i5.

(39)

Considering the Young’s inequality and Assumption 1, the following inequality can be obtained as

gisisi+1 6
1

2
κsiḡis

2
i +

1

2κsi
ḡis

2
i+1, (40)



Shou Y X, et al. Sci China Inf Sci August 2026, Vol. 69, Iss. 8, 182205:8

where κsi > 0 is the positive parameter.

Thus, the derivative of Ls is computed as

L̇s =

n
∑

i=1

si (si1 + si2 + ŝi3 − kisi − γiυ̃i − βisign (υ̃i)) + υ̃iγi (si − αiυ̃i)− ˙̃υTi si3

− αiσ̃
T
i ϕ̇i

(

¯̂υi
)

υ̃i − si (si2 − βisign (υ̃i)) + βi1λi2 (‖ζi‖) ‖ζi‖ |υ̃i|+
n−1
∑

i=1

gisisi+1

= −
(

k1 −
1

2
κs1ḡ1

)

s21 −
(

kn − 1

2κsn−1
ḡn−1

)

s2n −
n−1
∑

i=2

(

ki −
1

2
κsiḡi −

1

2κsi−1
ḡi−1

)

s2i

+

n
∑

i=1

−αiγiυ̃2i − ˙̃υTi s̃i3 + sisi1 + βi1λi2 (‖ζi‖) |υ̃i|

6

n
∑

i=1

−k̄is2i − αiγiυ̃
2
i + s̄i6υ̃

2
i + s̄i7s

2
i + λi1 (‖ζi‖) ‖ζi‖ |si|+ βi1λi2 (‖ζi‖) ‖ζi‖ |υ̃i| , (41)

where k̄i = min
(

k1 − 1
2κs1ḡ1, ki − 1

2κsiḡi − 1
2κsi−1

ḡi−1, kn − 1
2κsn−1

ḡn−1

)

.

The following inequalities hold:



















λi1 (‖ζi‖) ‖ζi‖ |si| 6
λ2i1(‖ζi‖) ‖ζi‖

4ωi1

2

+ ωi1s
2
i ,

βi1λi2 (‖ζi‖) ‖ζi‖ |υ̃i| 6
β2
i1λ

2
i2 (‖ζi‖) ‖ζi‖

2

4αiωi2
+ αiωi2υ̃

2
i ,

(42)

where ωi1 > 0 and ωi2 > 0 are positive constants.

By substituting into (42), the signal L̇s can be rewritten as

L̇s 6

n
∑

i=1

−
(

k̄i − ωi1 − s̄i7
)

s2i − (αiγi − αiωi2 − s̄i6) υ̃
2
i +

λ2i1(‖ζi‖) ‖ζi‖
4ωi1

2

+
β2
i1λ

2
i2 (‖ζi‖) ‖ζi‖

2

4αiωi2
. (43)

The parameters are chosen to satisfy the sufficient conditions as follows:



















































k1 −
1

2
κs1ḡ1 > 0,

ki −
1

2
κsiḡi −

1

2κsi−1
ḡi−1 > 0,

kn − 1

2κsn−1
ḡn−1 > 0,

k̄i − ωi1 − s̄i7 > 0,

αiγi − αiωi2 − s̄i6 > 0.

(44)

The derivative of Ls is arranged as

L̇s 6 −K1

n
∑

i=1

s2i −K2

n
∑

i=1

υ̃2i +

n
∑

i=1

λ2i ‖ζi‖
2

4ωi
, (45)

where K1 = min
(

k̄i − ωi1 − s̄i7
)

, K2 = min (αiγi − αiωi2 − s̄i6), ωi = min
(

1
ωi1
, βi1
αiωi2

)

, and λ2i = λ2i1 (‖ζi‖) +
λ2i2 (‖ζi‖).

The error signals in (35) are semi-globally stable [40] and the region of attraction can be expanded by increasing
the design parameter ωi.
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4.2 Stability analysis for controller

Theorem 2. Considering the model of the dynamics of the strict-feedback nonlinear system (1), if the virtual
control signals (11) and (21), as well as the control input (30), are proposed, the error signal ηi will converge in a
fixed time, and the asymmetric time-varying state constraint κi will always be satisfied.
Proof. The Lyapunov function is selected as

Lη =
n
∑

i=1

Lηi. (46)

From (10)–(15), (20)–(24), and (29)–(32), L̇η is computed as

L̇η =

n
∑

i=1

[

2κiκ̇i
π

tan

(

πη2i
2κ2i

)

+ sec2
(

πη2i
2κ2i

)(

ηiη̇i −
κ̇i

κi
η2i

)]

= −
n
∑

i=1

(ai(Lηi)
c1 + bi(Lηi)

c2)

6 −a(Lη)c1 − bn1−c2(Lη)
c2 , (47)

where a = min (ai) and b = min (bi).
According to Theorem 1 in [41], Lemma 1 in [42], and Eq. (47), the error signal ηi converges in a fixed time

T1 6 1
a(1−c1) +

nc2−1

b(c2−1) , where the convergence time is reduced by increasing the parameters a and b. Furthermore,

ηi is constrained within the predetermined function κi.
Thus, the Lyapunov function Lς is chosen as

Lς =

n
∑

i=1

1

2
ς2i . (48)

Combining (15), (24), (32), and the Lemma 5 in [43], the derivative of Lς is solved as

L̇ς =

n
∑

i=1

gi
(

υri+1 − υdi+1

)

ςi +

n−1
∑

i=1

giςiςi+1 −
n
∑

i=2

cos
(

πη2i
2κ2

i

)

cos
(

πη2
i−1

2κ2

i−1

)gi−1ςi−1ςi − ki1ς
3
i − ki2ςivar (ςn, ς̄n)

6

n
∑

i=1

[

gi
(

υri+1 − υdi+1

)

ςi
]

− 2
√
2KC1

(

n
∑

i=1

1

2
ς2i

)
3

2

−
√
2KC2

(

n
∑

i=1

1

2
ς2i

)
1

2

+
K3

4
+K3

n
∑

i=1

1

2
ς2i , (49)

where KC1 = min {k11, · · · , kn1}, KC2 = min {k12, · · · , kn2}, K3 = min
{√

2k12, · · · ,
√
2kτ2

}

, and τ is the number
of errors ςi meeting |ςi| > ς̄i.

Considering the stability of the filter in [44], the filter error
(

υri+1 − υdi+1

)

is bounded and stable in fixed time.

Thus, under Assumption 1 and Lemma 3 in [45], L̇ς can be written as

L̇ς 6

n
∑

i=1

ḡiǫiςi − 2
√
2KC1

(

n
∑

i=1

1

2
ς2i

)
3

2

−
√
2KC2

(

n
∑

i=1

1

2
ς2i

)
1

2

+
K3

4
+K3





1

3
K4 +

2

3
K

− 1

2

4

(

n
∑

i=1

1

2
ς2i

)
3

2





6 −
√
2
(

KC2 − n
1

2 ḡǫ
)

L
1

2

ς −
(

2
√
2KC1 −

2

3
K3K

− 1

2

4

)

L
3

2

ς +
K3

4
+

1

3
K3K4, (50)

where ǫi is the existing constant, ḡ = max {ḡi, · · · , ḡn}, ǫ = max {ǫi, · · · , ǫn}, and K4 > 0 is the given constant.
As stated in [46], if the parameters meet the following conditions:











KC1 >
1

3
√
2
K3K

− 1

2

4 ,

KC2 > n
1

2 ḡǫ.

(51)

Then Lς is stable in fixed time and the convergence time satisfies T2 6 2√
2(KC2−n

1

2 ḡǫ)K5

+ 2

(2
√
2KC1− 2

3
K3K

−

1

2

4
)K5

.

Define the tracking error of system (1) as ei = υi− υri = ηi + ςi + υ̃i. Because the compensated tracking error ηi,
compensation signal ςi, and identification error υ̃i converge, the tracking error satisfies ei 6 ēi. This completes the
proof.
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Figure 2 (Color online) System status tracking response and identification performance for Case 1. Tracking responses of (a) υ1, (b) υ2, and

(c) υ3; tracking errors (d) e1 and ξ1, (e) e2 and ξ2, and (f) e3 and ξ3; identification errors (g) υ̃1, (h) υ̃2, and (i) υ̃3.

5 Simulation

In this section, two distinct nonlinear systems are utilized as simulation examples to demonstrate the control
and learning performance of the proposed method. The nonlinear systems employed in Cases 1–4 are third-order
systems subject to dynamic uncertainties and external disturbances. In Case 1, a time-varying disturbance satisfying
Assumption 1 is considered. Case 2 investigates the influence of various key design parameters on the stability and
performance of the system by establishing multiple parameter sets. The results of the simulation are compared
with those employing conventional intelligent control and sliding-mode control methods in Case 3. Case 4 examines
the impact of noise disturbances. In Case 5, the attitude dynamics of an aircraft model is used for the simulation
system, considering the effects of the time-varying moment of inertia and wind disturbances.

5.1 Simulation of third-order system

The third-order nonlinear system is given as











υ̇1 = sin (υ1) +
(

1 + υ21
)

υ2 + d1,

υ̇2 = sin (υ2) + υ1υ2 + 2υ3 + d2,

υ̇3 = sin (υ1υ2υ3) + υ21υ3 + [3 + 0.2 cos (υ1) + 0.5 sin (υ2) sin (υ1)]u+ d3.

(52)

The reference command is specified as υr1 = 0.5(sin(t) + sin(0.5t)) and the initial system states are selected as
υ1(0) = 0, υ2(0) = 0.1, and υ3(0) = 0.1. The boundaries of the states are set as κ1 = 0.5e−0.05t, κ2 = 1.5e−0.07t,
and κ3 = 4e−0.09t. In the controller design, the parameters of the identifier are set as ki = 20, αi = 5, γi = 200, and
βi = 10, Γi = 0.1. The parameters of the control law are denoted by ai = 30, bi = 15, c1 = 0.5, c2 = 2.2, ki1 = 0.1,
ki2 = 0.3, mi1 = 0.5, mi2 = 0.01, and i = (1, 2, 3).

Case 1: Time-varying bounded disturbance with second-order differentiability. The external distur-
bances are modeled as d1 = 1.5 sin(t), d2 = cos(2t), and d3 = sin(5t). The simulation results are illustrated in
Figures 2 and 3. The tracking response and identification performance of the system states are depicted in Figure 2.
The system states accurately track the desired commands, where the steady-state values of tracking errors e1, e2,
and e3 fluctuate within intervals of [−0.008, 0.0133], [−0.012, 0.036], and [−0.022, 0.016], respectively. The output
states υ̂1 and υ̂2, υ̂3 of the identification model closely match the system states υ1, υ2, and υ3 in the dynamic model,
where the identification errors υ̃1, υ̃2, and υ̃3 are less than 0.001. The identification model can be used as a proxy
model of the original system (52) for controller design. As shown in Figure 3, the norm curve of the fuzzy weight
tends toward gradual convergence.

Case 2: Impact of different key design parameters. Based on the analysis presented in Subsection 4.2, to
guarantee the stability of the closed-loop control system, the parameters should initially be set as ai > 0, bi > 0,
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Figure 3 (Color online) Norm of fuzzy weight σ̂i for Case 1. (a) ‖σ̂1‖; (b) ‖σ̂2‖; (c) ‖σ̂3‖.

Figure 4 (Color online) Tracking errors e2 using ten parameter sets. (a) e2 under Params 1–6; (b) e2 for Params 1 and 6 within [0, 5] s;

(c) e2 under Params 1 and 7–10; (d) e2 for Params 1 and 7–11 within [0, 2] s;

Table 1 Ten parameter sets.

ai bi c1 c2 ki αi γi ai bi c1 c2 ki αi γi

Params 1 10 5 0.7 1.2 20 5 200 Params 6 30 15 0.5 2.2 20 5 200

Params 2 5 2 0.7 1.2 20 5 200 Params 7 10 5 0.7 1.2 20 1 10

Params 3 30 15 0.7 1.2 20 5 200 Params 8 10 5 0.7 1.2 20 25 10

Params 4 10 5 0.5 2.2 20 5 200 Params 9 10 5 0.7 1.2 30 5 200

Params 5 5 2 0.5 2.2 20 5 200 Params 10 10 5 0.7 1.2 10 5 200

0 < c1 < 1, and c2 > 1. Additionally, parameters ki1 and ki2 should be selected to satisfy the inequality (51), while
parameters ki, αi, and γi must fulfill the conditions k̄i − ωi1 − s̄i7 > 0 and αiγi − αiωi2 − s̄i6 > 0.

Furthermore, according to (45), (47), and (50), the convergence time of the tracking error, denoted by T =
min {T1, T2}, decreases with increasing ai, bi, and c2, and decreasing c1. The control accuracy is influenced by both
the state estimation error and the control gains. The former is primarily affected by parameters ki, αi, and γi,
whereas the latter predominantly depends on parameters ai and bi.

Ten different groups of design parameters are presented in Table 1. The corresponding tracking error e2 is
illustrated in Figure 4. When c1 is reduced from 0.7 to 0.5 and c2 is increased from 1.2 to 2.2, the convergence time
decreases from 4.8 to 1.95 s. Compared to their effect on the convergence time, variations in parameters ai and bi
predominantly influence the dynamic response characteristics of the tracking error. Furthermore, when parameter
ki is increased, the overshoot of the tracking error decreases from 0.79 to 0.51, whereas reductions in αi and ki lead
to nearly a twofold increase in the oscillation amplitude of the tracking error.

Case 3: Comparison of simulation results with those employing intelligent control and sliding-mode

control. The model-based learning controller proposed in this study is referred to as “IMLC”. The neural learning
adaptive robust controller in [47] used for comparison is denoted by “NARC” and the disturbance observer-based
adaptive neural control in [48] is termed “DOAC”.

The status tracking response curve in Figure 5 presents a comparison of the simulation results with those obtained
using the different controllers. Faced with the same uncertainty and time-varying disturbance, the tracking error
of the system is larger when the NARC method is used, whereas the tracking error of the system converges slowly
with the DOAC method. The IMLC controller guarantees both convergence speed and steady-state accuracy. This
performance difference arises because the time-varying external disturbance di affects the estimation accuracy of
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Figure 5 (Color online) System status tracking responses for Case 3. Tracking responses of (a) υ1, (b) υ2, and (c) υ3; tracking errors (d) e1,

(e) e2, and (f) e3.

the network using the NARC method, whereas the design framework of the DOAC method ignores the impact of
the convergence speed.

Case 4: White Gaussian noise disturbance. The disturbances are modeled as white Gaussian noise using a
covariance matrix R = 0.1. The boundaries of the states are selected as κ1 = 0.6e−0.06t+0.15, κ2 = 1.5e−0.07t+0.5,
and κ3 = 8e−0.09t + 1.2. The simulation results are presented in Figures 6–8. Figures 6(a)–(c) show that both
the system states and identified states track the desired commands in the presence of interference from white
Gaussian noise. The tracking performance is further illustrated in Figures 6(d)–(f). Although affected by the noise,
the tracking errors exhibit continuous fluctuations but converge within ranges of [−0.14, 0.13], [−0.205, 0.39], and
[−0.53, 0.67]. The identification errors are shown in Figures 6(g)–(i), where parts of the noise interferences are
compensated by the RISE feedback module, and υ̃i fluctuates within a range of less than 0.05. This demonstrates
that although the proposed algorithm is based on Assumption 1, it can effectively handle random noise beyond
the assumption range, and the robustness of the controller is relatively high. The accuracy of the identification
model is improved by the composite framework of the RISE structure and fuzzy learning. However, as evidenced
by the weight curve in Figure 7, owing to interference from random noise, the weights of the identification model
fail to converge to their optimal values, which is one reason for the decrease in the tracking accuracy of the system
state. Figure 8 displays the response of the control input and the interference of white noise, where the oscillation
frequency of the input is similar to that of the noise. Initially, within the first 0.5 s, the control input approaches
±100 but subsequently decreases to no more than ±28, attributed to the significant error in the identification model
in the initial period.

5.2 Simulation of aircraft attitude system

Case 5: Attitude dynamics model of aircraft. The model of the attitude dynamics of the aircraft is represented
as

{

σ̇ = Rω,

Jω̇ = −J̇ω −ΩJω +M0 +Mδδ + d,
(53)

where σ = [φ, θ, ψ]T is the attitude angle with the roll angle, pitch angle, and yaw angle. ω = [p, q, r]T is the
attitude angular velocity of the three channels (roll, pitch, and yaw). R is the coordinate transformation matrix. J
is the moment-of-inertia matrix consisting of the nominal J0 and the perturbation ∆J . M0 is the unknown pitch
moment, Mδ is the pitch moment coefficient, δ = [δa, δe, δr]

T is the pneumatic rudder with aileron, elevator, and
rudder, and d is the external disturbance, including the time-varying moment of inertia Jt(t) and turbulent wind.

The controller parameters are set as kσ = 5I, kω = 8I, ασ = 3I, αω = 3I, γσ = 100I, γω = 100I, βσ = 10I,
βω = 10I, Γσ = 10I, Γω = 10I, c1 = 1.2, c2 = 0.5, aσ = 5I, aω = 5I, bσ = 2I, bω = 2I, kσ1 = 0.1I, kω1 = 0.1I,
kσ2 = 0.3I, kω2 = 0.3I, mσ1 = 0.05I, mω1 = 0.05I, mσ2 = 0.05I, and mω2 = 0.05I.
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Figure 6 (Color online) System status tracking response and identification effect for Case 4. Tracking responses of (a) υ1, (b) υ2, and (c) υ3;

tracking errors (d) e1 and ξ1, (e) e2 and ξ2, and (f) e3 and ξ3; identification errors (g) υ̃1, (h) υ̃2, and (i) υ̃3.

Figure 7 (Color online) Norm of fuzzy weight σ̂i for Case 4. (a) ‖σ̂1‖; (b) ‖σ̂2‖; (c) ‖σ̂3‖.

Figure 8 (Color online) (a) Control input u and (b) external disturbance d1 for Case 4.

The simulation results obtained with the attitude system are shown in Figure 9. The roll angle φ, pitch angle θ,
and yaw angle ψ all track the expected command signal. Moreover, the estimated response of the attitude angle
of the system is consistent with that of the actual system. The tracking errors eφ, eθ, and eψ converge to a small

neighborhood within 3.67 s. The estimated errors φ̃, θ̃, ψ̃ are almost zero after 6.5 s.
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Figure 9 (Color online) Attitude angle tracking responses for Case 5. Tracking responses of (a) φ, (b) θ, and (c) ψ; tracking errors (d) eφ,

(e) eθ , and (f) eψ .

6 Conclusion

This study addresses the impact of dynamic uncertainties and external disturbances on the stability of nonlinear
system control by designing a state-estimation-based, prescribed fixed-time control algorithm. Two intelligent
and robust techniques, FLS and RISE, are employed to establish a serial-parallel identification model. Using the
identified dynamics, a control law is designed to ensure that the system states converge within a fixed time and
remain within the preset performance constraints. The Lyapunov stability theorem is utilized to analyze the semi-
global stability of the identification system and the fixed-time convergence of the control system. The proposed
control method is applied to a third-order nonlinear system and the attitude system of an aircraft. The simulation
results demonstrate that the identification accuracy is less than 0.001 and the state variables for the flight converge
to near-zero within 6.5 s. The composite control method effectively handles bounded disturbances and reduces the
impact of random noise on the control system to a certain extent.

In future work, practical engineering scenarios involving actuator and sensor faults will be thoroughly considered
by incorporating fault-tolerant control strategies or extended-state observers. Additionally, because the proposed
controller involves multiple key design parameters, techniques such as deep reinforcement learning will be explored
for achieving automated and efficient parameter optimization.
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